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Proper Sea-Surface Roughness Enhances the
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Abstract—Accurate performance analysis for near-shore mar-
itime wireless communication is essential for ensuring robust and
reliable operations. However, existing analytical models often rely
on oversimplified propagation assumptions, such as a perfectly
smooth sea surface, which fail to capture the full dynamics of
the maritime channel. In this paper, we develop a physically
grounded analytical framework using stochastic geometry that
bridges this gap. The spatial distribution of vessels is modeled as
a non-homogeneous Poisson point process to reflect realistic near-
port densities. We replace the idealized smooth-sea assumption
by deriving a novel reflection coefficient from the classical
Rayleigh criterion, which explicitly links the path loss to the
significant wave height. Integrating this roughness-aware channel
model into the stochastic geometry framework, we derive new
analytical expressions for the uplink coverage probability and
average ergodic rate, providing the first tractable characteriza-
tion of aggregate interference under such dynamic conditions.
The analysis reveals a sea-state-dependent reliability–capacity
trade-off: roughness-induced attenuation of the coherent specular
reflection can suppress destructive-interference nulls and improve
reliability-oriented coverage, while reducing high-SINR and
average-rate performance. Available measurements support the
underlying roughness-sensitive reflection mechanism, but direct
VHF validation under rough sea conditions remains unavailable;
the corresponding rough-sea results are therefore interpreted
as model-based predictions. A cross-frequency ablation further
confirms the wavelength dependence of the roughness effect and
shows that the reflection coefficient must be evaluated for the
operating frequency.
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I. INTRODUCTION

THE escalating demand for maritime autonomy, intelligent
transportation, and robust safety services has underscored

the critical importance of high-performance wireless commu-
nication in near-shore environments [1], [2], [3]. Since the
reliability of these data-centric applications hinges on a pre-
dictable and resilient physical layer, a thorough understanding
and accurate modeling of the maritime propagation channel is
an indispensable foundation for the effective analysis, design,
and optimization of these vital communication systems [4].

Despite its importance, the near-shore maritime channel
presents a formidable modeling challenge. Its character is
dominated by complex multipath propagation over the sea
surface [5], yet a pivotal deficiency in existing analytical
frameworks is the oversimplified treatment of this surface. The
prevalent assumption of a perfectly smooth, mirror-like (i.e.,
specular) surface is physically unrealistic. This idealization
fails to capture the profound impact of sea state on reflection
characteristics, leading to significant discrepancies between
theoretical predictions and real-world channel behavior, par-
ticularly in the characterization of multipath fading depths.
Addressing this physical-layer inaccuracy is the first critical
step, but it is insufficient on its own. Modern maritime systems
are not single links but complex networks of randomly located
transceivers. Therefore, a comprehensive analysis demands a
framework that can handle this network-scale randomness.

To meet this dual challenge, our work proposes a synergistic
approach that integrates two powerful technical components.
At the physical link level, we move beyond simplistic
assumptions by incorporating a more realistic, physics-based
propagation model. We build upon foundational work like the
piecewise path loss model [6] but enhance it to account for sea
surface roughness. At the network level, we employ stochastic
geometry [7], a potent and tractable methodology for ana-
lyzing large-scale wireless networks with randomly located
nodes. The technical focus of this work is the integration of
wavelength-dependent coherent-reflection attenuation with a
non-homogeneous maritime network model. This integration
makes it possible to trace how link-level multipath changes
affect aggregate interference, coverage probability, and average
rate. The framework is intended for analytical evaluation
under its stated propagation and access assumptions rather
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than as a complete protocol-level or measurement-calibrated
representation of every operational maritime scenario.

A. Related Works

The maritime propagation environment presents a
formidable modeling challenge, governed by the complex
interplay between multipath reflections from the time-
varying sea surface and anomalous atmospheric phenomena
like evaporation ducts. To address this, the literature has
evolved along two primary trajectories: high-fidelity physical
simulations and tractable analytical models. The first trajectory
prioritizes physical fidelity through computationally intensive
methods. Notable examples include Ding et al. [8], who
employed stochastic ray tracing to model diffuse sea surface
reflections; Raulefs et al. [9], who introduced a geometric
stochastic channel model for specific links incorporating
terrestrial scatterers; and He et al. [10], who developed
a non-stationary GSCM to jointly capture sea scattering
and atmospheric ducting. While these simulation-centric
frameworks provide exceptional link-level detail, they share
a fundamental limitation: their inherent complexity precludes
the derivation of a closed-form path loss expression, rendering
them unsuitable for the tractable performance analysis of
large-scale networks.

The second trajectory of research, which seeks analytical
tractability, has produced several environment-aware propaga-
tion and coverage models [11], though often with significant
limitations in their physical grounding and applicability. For
instance, Mehrnia and Ozdemir [12] proposed an empirically
corrected two-ray model for millimeter-wave frequencies to
fit ray-tracing results. However, this model is fundamentally
limited as it neglects key physical phenomena like atmospheric
ducting and sea surface roughness, and its correction factor
remains purely empirical and lacks validation against mea-
surement data. Similarly, Matolak and Sun [13] developed a
measurement-based random model for air-to-ground channels
that incorporates an intermittent third path. But this model
is not directly applicable to our near-shore scenario and it
also neglects the crucial effect of atmospheric ducting. The
work by Lee et al. [6] provided the seminal, measurement-
validated piecewise model that transitions from a two-ray to a
three-ray model to account for atmospheric ducting at longer
ranges. Despite its significance, this model was validated under
calm sea conditions and is based on ideal specular reflection,
meaning it does not offer a physical parameterization of the
sea state’s impact on channel characteristics.

To leverage such path loss models for the system-level
analysis of large-scale networks, where performance is fun-
damentally limited by interference arising from the random
spatial locations of nodes [14], stochastic geometry has
emerged as an indispensable tool. Seminal works [15], [16]
demonstrated that by modeling base station locations as a
Poisson point process (PPP), it is possible to derive tractable
and accurate expressions for key performance metrics such
as coverage probability and average rate, even in complex
multi-tier heterogeneous cellular networks. This methodology
has since become a mainstream pillar of wireless research,
proving its versatility in analyzing increasingly complex

scenarios [17], including cooperative non-terrestrial networks
composed of satellites and uncrewed aerial vehicles [18],
[19]. More recently, fluid-spatiotemporal stochastic geometry
has been introduced to characterize information flow in non-
stationary spatial fields [20], while a related fluid-dynamic
framework has been applied to flux-aware infrastructure
provisioning in UAV logistics networks [21]. While these
advancements showcase the expanding scope of stochastic
geometry and spatial network modeling, their application to
the unique propagation and spatial characteristics of near-shore
maritime networks remains insufficiently explored.

The choice of a large-scale path loss model is critical for
accurately analyzing near-shore communication networks, and
yet many system-level analyses adopt simplified models that
lack physical fidelity. A principal limitation of these works is
their focus on single-link, noise-limited performance, which
overlooks the dominant role of co-channel interference in a
shared-spectrum system. For instance, the seminal work on
space-air-ground-sea integrated networks by Xu et al. [22]
employs the empirical model recommended by the Interna-
tional Telecommunication Union. While useful for high-level
prediction, this non-transparent model is derived from curve-
fitting and offers little insight into the underlying propagation
mechanisms. Similarly, recent studies leveraging stochastic
geometry for shore-to-ship analysis, such as the LEO satellite-
aided communication framework [23], model the direct marine
link with a standard power-law path loss. This simplification,
while mathematically convenient, fails to capture the unique
propagation characteristics of the near-shore maritime envi-
ronment, which are dominated by sea-surface reflections and
atmospheric ducting, particularly at low antenna heights.

Beyond the fidelity of the path loss model, a second critical
disconnect between theory and practice lies in the spatial
modeling of maritime traffic. The few shore-to-ship analyses
leveraging stochastic geometry often adopt overly simplistic
spatial models, such as analyzing a single representative link
or assuming a uniform vessel distribution [22], [23]. These
assumptions, while tractable, fail to capture the large-scale,
non-uniform nature of maritime traffic. In parallel, research
in other wireless networking domains has addressed non-
homogeneity using structured point processes, such as Poisson
cluster processes [24], [25], [26]. However, these models are
ill-suited for the arbitrary and unstructured patterns character-
istic of near-shore vessel distributions. This analytical gap,
compounded by the prevalent use of simplified path loss
models that lack physical fidelity, underscores the absence of a
comprehensive framework for accurately analyzing large-scale
maritime communication systems.

B. Our Contributions

This paper develops a roughness-aware stochastic-geometry
framework for large-scale near-shore maritime networks. Its
focus is the cross-layer integration of wavelength-dependent
coherent-reflection attenuation, a non-homogeneous vessel dis-
tribution, and aggregate uplink interference. The resulting
framework connects maritime multipath propagation and spa-
tial traffic non-uniformity to network-level coverage and rate.
The measurement comparisons are interpreted within their
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respective frequency and sea-state scopes and are not used
to claim complete empirical validation across all operating
conditions. The main contributions are summarized as follows.
• We establish a cross-layer analytical framework that

combines a non-homogeneous Poisson point process for
spatially varying vessel traffic with a roughness-aware
piecewise two-ray/three-ray propagation model. Unlike
analyses based on a representative link, a uniform vessel
field, or a fixed power-law path-loss model, the pro-
posed framework carries both spatial non-homogeneity
and maritime multipath characteristics into system-level
performance evaluation.

• Drawing on the classical Rayleigh roughness criterion,
we formulate a wavelength-dependent effective reflection
coefficient for the piecewise maritime path-loss model.
The coefficient depends explicitly on the sea-state param-
eter, grazing geometry, and carrier wavelength, while
recovering the classical smooth-sea model as the electri-
cally smooth limiting case. This formulation enables the
coherent specular reflection component to be evaluated
independently at each operating frequency rather than
transferred between C-band and VHF.

• We derive tractable expressions for the aggregate-
interference Laplace transform, uplink coverage prob-
ability, and average ergodic rate. The analysis jointly
incorporates the non-homogeneous vessel distribution,
piecewise maritime path loss, Nakagami fading, and
co-channel interference, thereby propagating link-level
changes in coherent reflection to network-level reliability
and rate.

• We evaluate the framework using complementary prop-
agation and network-level evidence. The 5.15 GHz
measurements assess roughness-sensitive attenuation of
the coherent specular reflection component, whereas the
160 MHz measurements examine the electrically smooth
VHF limit under calm-sea conditions. The 162 MHz
rough-sea curves are presented as wavelength-specific
model predictions. A cross-frequency coefficient-transfer
ablation further examines the impact of substituting the
C-band coherent-reflection coefficient for the wavelength-
specific VHF coefficient while retaining all other VHF
propagation parameters. The network-level analysis char-
acterizes the conditional reliability–capacity trade-off
associated with coherent-reflection attenuation under the
considered vessel distribution and propagation geometry.

The remainder of this paper is organized as follows.
Section II details the system model, including the vessel
distribution and channel characteristics. Section III presents
the refined roughness-aware path-loss model. Sections IV
and V derive the uplink coverage probability and average
ergodic rate. Section VI presents numerical results, measure-
ment comparisons within their stated frequency and sea-state
scopes, and the cross-frequency transfer ablation. Section VII
concludes the paper.

Notation: P(·) denotes the probability measure and E[·]
denotes the expectation operator. The Laplace transform of
random variable X is defined as LX (s) = E [exp(−sX)].
The cumulative distribution function (CDF) and probability

Fig. 1. Illustration of the near-shore maritime wireless communication system.

density function (PDF) of X are denoted by FX(x) and fX(x),
respectively, while the conditional PDF of X conditioned on
Y is denoted as fX|Y (x|y). Γ(·) is the Gamma function,
and (·)n is the Pochhammer symbol, which is defined as
(x)n = Γ(x+n)/Γ(x). The 2-norm of x = [x1, x2, . . . , xn]T

is defined as ‖x‖2 =
√
x2

1 + · · ·+ x2
n.
(
n
k

)
denotes the

binomial coefficient.

II. SYSTEM MODEL

As illustrated in Fig. 1, the system under consideration is a
near-shore maritime wireless network, composed of a single
onshore station (OS) located at the origin and a population
of randomly distributed vessels. Our performance analysis
focuses on the uplink communication from an arbitrary vessel
to the OS. This scenario is fundamental for supporting critical
maritime services, including safety applications, navigation,
and data exchange.

A. System Geometry and Vessel Deployment

To capture the concentration of maritime traffic near coast-
lines, the spatial locations of all vessels are modeled by a
NHPPP, ΦS, on a two-dimensional half-plane. The process
intensity µ(d) is assumed to be isotropic, depending only
on the horizontal distance d from the OS, and is given by
µ(d) = µ0f(d), where µ0 is the baseline intensity constant
representing the average number of vessels per unit area
without the spatial modulation by f(d). In this work, the
spatial profile f(d) is modeled using the kernel of a Gamma
distribution. This modeling choice is supported by statistical
analyses of the Automatic Identification System (AIS) data
[28], demonstrating that maritime traffic is rarely uniform
but typically exhibits a unimodal spatial profile. Specifically,
vessels tend to concentrate in designated shipping lanes or
anchorage zones located at a specific distance from the shore,
leading to a lower vessel density in coastal proximity and
a peak density at the lane center. The Gamma distribution
(with shape parameter k > 1) naturally captures this physical
characteristic, as it allows the probability density to start
at zero, rise to a peak at a non-zero distance, and then
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decay, offering a more realistic representation than uniform
or exponential models. Finally, the performance is evaluated
for a randomly selected, typical vessel.

B. Antenna and Channel Characteristics

Both the OS and the vessels are assumed to be equipped
with omnidirectional, vertically polarized antennas. This is
a standard assumption for near-shore communications, as
an omnidirectional pattern ensures connectivity regardless of
a vessel’s orientation, while vertical polarization optimizes
performance in the presence of sea-surface reflections.

For the small-scale channel gain, h, we adopt the Nakagami-
m fading model. This model offers a strong balance between
mathematical tractability and the flexibility to accurately rep-
resent the line-of-sight (LOS)-dominant conditions of the
maritime channel, where scattering from the sea surface
induces fading.1 The channel gain power, |h|2, thus follows
a normalized Gamma distribution. Beyond its statistical dis-
tribution, characterizing the temporal evolution of the fading
channel is equally important for actual data transmission. We
adopt a quasi-static assumption, where channel parameters are
modeled as constant over a packet transmission interval. This
assumption is substantiated by an analysis of the Doppler
spread induced by wave motion. For the very high frequency
(VHF) system under consideration, let fc = 162 MHz denote
the carrier frequency and λ ≈ 1.85 m be the corresponding
wavelength. Even under rough sea conditions, characterized
by a significant wave height (SWH) Hs > 2 m, the orbital
velocity of surface wave particles, denoted by vo, remains
moderate at approximately 1 ∼ 2 m/s [5]. This motion induces
a maximum Doppler shift, fd = vo/λ, of approximately
1 Hz. The resulting channel coherence time, estimated as
Tc ≈ 9/(16πfd) ≈ 180 ms, significantly exceeds the 26.6 ms
transmission duration of a standard Automatic Identification
System (AIS) packet. Consequently, the maritime channel can
be accurately modeled as block-fading, a premise further sup-
ported by measurement campaigns reporting narrow Doppler
spreads in such environments [29].

C. Baseline Medium-Access and Interference Model

Let pa ∈ (0, 1] denote the effective activity factor of a
vessel on the considered time-frequency resource. To obtain a
tractable physical-layer interference baseline, the parent vessel
process ΦS is independently thinned with probability pa. The
resulting process Φ′S preserves the first-order active-transmitter
intensity but does not reproduce the slot selection, reservation,
sensing, and spatio-temporal dependence introduced by opera-
tional AIS access schemes. According to the thinning theorem
[7], the intensity of the active-transmitter process is

µ′(d) = paµ(d) = paµ0f(d). (1)

1For instance, with the Nakagami fading parameter set to m = 1, it
reduces to the Rayleigh distribution [27]. For the LOS-dominant maritime
channel, it can be closely matched to the Rician-K distribution by setting
m =

(K+1)2

2K+1
. Furthermore, by tuning the parameter m, it is possible to

model fading conditions from severe (e.g., rough sea) to moderate (e.g., calm
sea) by fitting the distribution to empirical data.

Fig. 2. Illustration of the piecewise path loss model.

Remark 1: Operational AIS uses TDMA-based access
schemes, including self-organizing TDMA and carrier-sense
TDMA. SOTDMA introduces slot selection and reserva-
tion, whereas CSTDMA relies on channel sensing; these
mechanisms generate spatio-temporal dependence among
simultaneous transmitters [39]. Independent thinning captures
only the marginal active-transmitter intensity paµ(d) and omits
these protocol-induced correlations. The resulting coverage
and rate expressions are therefore interpreted as conservative
physical-layer benchmarks under an uncoordinated activity
model, rather than as protocol-level predictions for operational
AIS networks. Here, “conservative” means that the coordina-
tion gains provided by operational access schemes are not
represented; no strict lower-bound property is claimed for
every AIS deployment. A protocol-faithful extension would
require a dependent space-time access process.

D. Large-Scale Path Loss Model

For the near-shore propagation channel, we adopt the
location-dependent, piecewise path loss framework proposed
in [6], as illustrated in Fig. 2. This approach combines the
accuracy of the two-ray model at shorter distances with the
three-ray model’s ability to account for atmospheric ducting
at longer ranges. The transition between the models occurs at
a breakpoint distance, dbreak, defined as:

dbreak =
4hthr

λ
, (2)

where ht and hr are the transmitter and receiver antenna
heights above sea level, respectively, and λ is the carrier
wavelength. This framework is based on a simplified flat-
earth geometry, assuming a perfectly smooth sea surface with
a reflection coefficient of Γ ≈ −1 and far-field conditions
defined by d� ht, hr.

1) Two-Ray Model (d < dBreak): At distances shorter than
the breakpoint, the coherent sum of the direct and sea-reflected
paths is dominant. The path loss in this region is described by
the ideal two-ray model, given in a linear scale as:

PLideal
2-ray(d) =

(4πd/λ)2(
2 sin

(
2πhthr
λd

))2 . (3)
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2) Three-Ray Model (dBreak ≤ d < dLOS): Beyond dbreak,
a third path component resulting from reflection and refraction
within the atmospheric evaporation duct becomes significant.
The path loss is then described by an ideal three-ray model up
to the LOS distance, dLOS. The linear path loss is given by:

PLideal
3-ray(d) =

(4πd/λ)2

(2 (1 + ∆(d)))
2 , (4)

where the interference term ∆(d) is given by:

∆(d) = 2 sin

(
2πhthr

λd

)
sin

(
2π(he − ht)(he − hr)

λd

)
. (5)

Here, he is the effective height of the evaporation duct, and
dLOS ≈

√
2Reht+

√
2Rehr, with Re being the effective Earth’s

radius.

E. SINR Model

Our analysis focuses on the uplink, where a vessel Sm
at distance DSm

transmits to the OS. This link is subject
to co-channel interference from the set of other concurrently
transmitting vessels, Φ′S. The performance is therefore deter-
mined by the signal-to-interference-plus-noise ratio (SINR) at
the OS, formulated as:

SINRSm
=
PSm
|hSm

|2G(DSm
)

ISm
+N0

, (6)

where
ISm

=
∑
Si∈Φ′S

PSi
|hi|2G(Di). (7)

In the above, PSm
and PSi

are the transmit powers of the
desired vessel Sm and an interfering vessel Si, respectively,
with |hSm |2 and |hi|2 being their respective small-scale fading
power gains, while N0 is the additive white Gaussian noise
(AWGN) power, and the term G(d) = 1/PL(d) represents
the large-scale path gain at distance d, where PL(d) is the
piecewise path loss model defined by (3) or (4).

III. REFINED LARGE-SCALE PATH LOSS MODEL WITH
SEA SURFACE ROUGHNESS

Existing maritime path loss frameworks are predicated on
the idealization of a perfectly smooth sea surface, leading to
an ideal reflection coefficient of Γ ≈ −1. This simplification
is a primary source of deviation between theoretical predic-
tions and measured data, as it fails to capture the significant
impact of sea-surface roughness. To address this limitation, we
introduce a more physically grounded path loss model where
signal propagation is a direct function of the sea state.

A. Quantifying Sea Roughness

The key to extending the model’s applicability beyond the
calm or near-calm sea states considered in previous validation
studies is to quantitatively incorporate surface roughness. We
achieve this by using the significant wave height, denoted as
Hs, a standard oceanographic parameter defined as the average
height of the highest one-third of waves. The selection of Hs
is strategic, as it directly links our physical reflection model

to the standardized World Meteorological Organization’s sea
state codes [30] used in global maritime and meteorological
reporting. This linkage ensures that our model’s key input
is readily available from numerous practical sources, includ-
ing real-time buoy measurements, historical oceanographic
databases, and standard meteorological forecasts.

By incorporating Hs, the proposed formulation provides a
parametric means of examining how the attenuation of the
coherent specular reflection component changes with sea state.
However, this capability should not be interpreted as empirical
validation across the full spectrum of operational sea states.
In particular, the VHF measurements considered in this work
correspond to calm-sea conditions, while the VHF behavior
for Hs > 1 m is evaluated through model-based sensitivity
analysis. Direct VHF measurement validation under rough sea
conditions remains outside the empirical scope of the present
study.

B. Roughness-Dependent Reflection Coefficient

The ideal reflection coefficient, Γ ≈ −1, is a simplification
valid only for a perfectly smooth, mirror-like sea surface. In
reality, a rough sea surface fundamentally alters the reflection
mechanism. The incident energy is partitioned into two distinct
components: a specular component, which reflects coherently
in a single, predictable direction as if from a mirror, and
a diffuse component, which scatters non-coherently in many
directions. Our path loss model is predicated on the inter-
ference between coherent wave components (direct, reflected,
and refracted paths). Therefore, the deterministic propagation
model focuses on the coherent direct, reflected, and refracted
components that produce the predictable large-scale interfer-
ence structure. The unresolved diffuse field is represented
only approximately through statistical small-scale fading and
is not explicitly characterized in terms of its power, angular
spectrum, delay profile, or spatial correlation. The effective
reflection coefficient, ρs, is defined to represent the amplitude
and phase of this specular component.

We employ the classical Rayleigh criterion for roughness
[31]. This criterion quantifies the degree of surface roughness
as perceived by an incident wave, based on the phase variations
it induces across the reflecting surface. These phase variations
are captured by the dimensionless Rayleigh roughness factor
ξ, defined as [32]:

ξ =
4πHs sinψ

λ
, (8)

where Hs is the significant wave height, and ψ is the grazing
angle, which for long-range links can be approximated as ψ ≈
(ht + hr)/d. The factor ξ represents the standard deviation
of the phase difference between rays reflected from different
heights on the rough surface.

The attenuation of the specular reflection component orig-
inates from random height variations on the rough surface,
which introduce random phase shifts into the reflected wave.
To mathematically model this physical process, we adopt the
widely accepted assumption that the surface height variations
follow a Gaussian distribution. The coherent specular field
is the statistical average of the total reflected field over all
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random surface heights. This averaging is mathematically
equivalent to finding the expected value of the random phase
term, exp(jδφr). In this term, j is the imaginary unit, and
δφr denotes the phase variation of the reflected wave. For
a Gaussian process, this expectation has a standard solution
which yields a negative exponential function. This attenuation,
resulting from the averaging process, is captured by the
specular scattering factor ρspec, which acts as a reduction
coefficient applied to the ideal reflection coefficient [32]:

ρspec = exp

(
−ξ

2

2

)
. (9)

This formulation correctly models the physical behavior:
• When the sea is smooth, i.e., Hs → 0, then ξ → 0

and ρspec → 1, so that the coherent specular reflection
component approaches the smooth-sea limit.

• As Hs increases, ξ increases and ρspec decreases, indi-
cating attenuation of the ensemble-averaged coherent
specular reflection component. The present formulation
does not explicitly determine the power or angular distri-
bution of the corresponding diffuse field.

Electrical Roughness, Frequency Scaling, and Validation
Scope: The Rayleigh roughness parameter ξ in (8) contains
the carrier wavelength λ in the denominator. Hence, the same
physical sea state Hs produces different electrical roughness
at different carrier frequencies. A shorter wavelength pro-
duces stronger attenuation of the coherent specular reflection
component, whereas a longer wavelength produces weaker
attenuation. In the electrically smooth limit, ξ → 0, the
effective reflection coefficient approaches the ideal smooth-
sea value ρs → −1, and Lee’s ideal model is recovered.
Accordingly, the roughness factor is evaluated independently
using the wavelength of each operating band; no factor cal-
culated at 5.15 GHz is used in the 162 MHz propagation
or network calculations. The 5.15 GHz measurements assess
the roughness-sensitive attenuation mechanism at C-band but
cannot substitute for direct rough-sea validation at VHF.
Conversely, the 160 MHz calm-sea measurements examine the
electrically smooth limiting behavior near the AIS frequency
but do not validate the predicted VHF behavior for Hs > 1 m.

Applicability under Severe Sea States: The Rayleigh factor
adopted in this work is a coherent-field reduction factor. It
characterizes attenuation of the ensemble-averaged specular
component but does not determine the power, angular distri-
bution, delay structure, or spatial correlation of the diffuse field
generated by a severely rough sea surface. In particular, the
limit ρspec → 0 indicates suppression of the coherent specular
reflection component; it does not imply that the scattered
energy vanishes or that the remaining field is fully described by
the deterministic two-ray/three-ray model. The Nakagami-m
term used in the network analysis represents unresolved small-
scale fluctuations phenomenologically. Because its parameter
is not derived from a sea-state-dependent diffuse-scattering
model, it should not be interpreted as a physical substitute
for the missing diffuse field. Accordingly, the quantitative
sea-state interpretation of the present model is limited to
Hs ≤ 3 m. Results for Hs > 3 m are retained only as
parametric stress tests of coherent-reflection suppression and

are not used as operational severe-sea propagation or network
predictions. The value Hs = 3 m is adopted as a conservative
reporting boundary in this work rather than as a universal
electromagnetic transition, which also depends on wavelength,
grazing geometry, and the sea-surface spectrum.

The modeling of the effective reflection from a rough
surface is decomposed into two distinct physical effects. The
first is the intrinsic electromagnetic interaction at the air-sea
interface, described by the ideal, smooth-surface reflection
coefficient Γ. The second effect is the attenuation of this ideal
field by the surface’s geometric roughness. This roughness
causes a fraction of the energy to be incoherently scattered
away from the specular direction, an effect quantified by the
dimensionless specular scattering factor ρspec, which represents
the fraction of the field that remains coherent. The overall
effective reflection coefficient, ρs, is the result of these two
sequential effects, and can be modeled by their product. Thus,
the ideal reflection coefficient is replaced with an effective
reflection coefficient ρs, which depends on Hs and is derived
from the classical Rayleigh criterion for roughness [33]:

ρs = Γ · ρspec ≈ −1 · exp

(
−ξ

2

2

)
. (10)

Limitation under Severe Sea States: The Rayleigh roughness
factor adopted in this work characterizes attenuation of the
ensemble-averaged coherent specular reflection component. It
does not explicitly determine the power, angular distribution,
delay structure, or spatial correlation of the diffuse field
generated by a severely rough sea surface. In particular, a
reduction in ρspec represents progressive suppression of the
coherent specular reflection component but does not provide
a complete description of the remaining scattered field. The
Nakagami-m fading term represents unresolved small-scale
fluctuations statistically; however, because its parameter is not
derived from a sea-state-dependent diffuse-scattering model,
this treatment constitutes a coarse approximation rather than an
explicit physical representation of diffuse scattering. This lim-
itation becomes increasingly important under severe sea states,
particularly for Hs > 3 m, where diffuse scattering may dom-
inate. Results in this regime should therefore be interpreted as
sensitivity predictions under the adopted coherent-reflection
abstraction rather than as complete quantitative descriptions
of severe-sea propagation.

C. Modified Path Loss Equations

The introduction of ρs necessitates a modification of the
original path loss equations to account for non-ideal reflection.

Theorem 1: Under the assumption of a non-ideal sea surface
reflection characterized by the effective reflection coefficient
ρs, the linear path loss, PLrough(d), for the near-shore mar-
itime channel is given by a piecewise function. For d < dbreak

(Two-Ray Region), it is expressed by

PLrough
2−ray(d) =

(4πd/λ)2

G2−ray
mp

, (11)

and for d ≥ dbreak (Three-Ray Region), it is given by

PLrough
3−ray(d) =

(4πd/λ)2

G3−ray
mp

, (12)
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where

G2−ray
mp = 1 + ρ2

s − 2|ρs| cos

(
4πhthr

λd

)
, (13)

G3−ray
mp = (1 + ρsC2 − C3)2 + (ρsS2 − S3)2, (14)

with C2 =cos(k∆d2), S2 =sin(k∆d2), C3 =cos(k∆d3), S3 =

sin(k∆d3), ∆d=∆d2 = 2hthr

d and ∆d3 = 2(he−ht)(he−hr)
d .

Proof: See Appendix A. �
Remark 2: Note that ∆d, ∆d2 and ∆d3 denote the geo-

metric path length difference in meters, whereas ∆(d) in (5)
denotes the dimensionless interference term used in the ideal
three-ray formulation.

This refinement transforms the path loss model from a
static representation into a dynamic one capable of predicting
propagation characteristics under various sea states.

D. Validation Against Classical Models

To validate the proposed generalized path loss model, we
demonstrate its reduction to the classical two-ray and three-
ray models under the ideal condition of a perfectly smooth sea
surface, for which the reflection coefficient is ρs = −1.

1) Two-Ray Model: Under the ideal condition, our gener-
alized multipath gain factor Gmp reduces to:

G2-ray
mp

∣∣
ρs=−1

=

(
2 sin

(
2πhthr

λd

))2

. (15)

The resulting path loss expression becomes identical to the
classical two-ray model in [6], confirming our framework is a
robust generalization of the established theory.

2) Three-Ray Model: Unlike the simplified, engineering-
oriented three-ray model given in [6], our model is rigorously
derived from the first principles of wave superposition. For the
ideal case of ρs =−1, our generalized gain factor becomes:

G3-ray
mp

∣∣
ρs=−1

= (1 + ρsC2 − C3)2 + (ρsS2 − S3)2
∣∣
ρs=−1

= 2−2 cos(k∆d2)−2 cos(k∆d3)+2 cos(k(∆d2−∆d3)).
(16)

While not algebraically identical to the simplified form, this
result provides a more physically accurate baseline for the
ideal three-ray interference mechanism. The strength of our
model lies in its ability to seamlessly extend from this rigorous
baseline to realistic, non-ideal environments by varying ρs.

IV. DISTRIBUTION OF DISTANCES

The spatial distribution of vessels is modeled as a 2D
NHPPP. We assume the process is radially symmetric with
respect to the observer at the origin, meaning the intensity
function µ depends only on the Euclidean distance d = ‖x‖
from the origin. This intensity is formulated as:

µ(d) = µ0f(d), (17)

where µ0 is the baseline intensity constant and f(d) is
a dimensionless function characterizing the spatial density
profile. For a point process with this radial symmetry, the
probability density function (PDF) of the distance d for a
typical vessel, denoted g(d), is given by:

g(d) =
d · f(d)∫∞

0
ρf(ρ) dρ

, (18)

where the integral in the denominator is a normalization con-
stant ensuring that g(d) integrates to unity. The corresponding
cumulative distribution function (CDF) is then:

G(d) =

∫ d
0
ρf(ρ) dρ∫∞

0
ρf(ρ) dρ

. (19)

To model realistic maritime scenarios where vessel density
is not highest at the coast but peaks at a certain distance
offshore (e.g., in shipping lanes or anchorage zones), we adopt
a spatial profile f(d) based on the Gamma distribution. This
form is chosen for its flexibility in capturing such rise-and-fall
density profiles while remaining mathematically tractable. We
define f(d) using the kernel of a Gamma PDF:

f(d) = dα−1 exp(−βd), (20)

where α ≥ 1 and β > 0 are the shape and rate parameters,
respectively. Substituting (20) into the general PDF expression
(18) yields the final distance distribution for our model. The
integral in the denominator can be solved using the definition
of the Gamma function, resulting in:

g(d) =
βα+1dα exp(−βd)

Γ(α+1)
, d ≥ 0. (21)

This resulting PDF is itself a Gamma distribution with a new
shape parameter α′ = α+ 1 and rate parameter β′ = β.

V. PERFORMANCE ANALYSIS

In this section, we analyze the system performance in terms
of coverage probability. The coverage probability is defined as
the likelihood that the SINR at a receiver exceeds a predefined
threshold, required for successful signal demodulation. A user
is considered to be in coverage if this condition is met.

A. Coverage Probability

The main challenge in the uplink arises from co-channel
interference generated by other transmitting vessels. To ana-
lyze its impact on coverage, we first derive the Laplace
transform of the aggregate interference.

Lemma 1: The Laplace transform of the aggregate inter-
ference, LISm

(s), is derived by considering the contributions
from interferers in the near-field (up to dbreak) and far-field
(beyond dbreak), corresponding to the two-ray model:

LI,near(s) = exp

(
π

∫ dbreak

0

((
1+

sPSi

mPL2−ray(di)

)−m
− 1

)

× paµ0d
α
i exp(−βdi) ddi

)
, (22)

and the three-ray path loss model:

LI,far(s1) = exp

(
π

∫ dLOS

dbreak

((
1+

s1PSi

mPL3−ray(di)

)−m
− 1

)

× paµ0d
α
i exp(−βdi) ddi

)
, (23)

respectively, where pa denotes the effective activity factor on
the considered time-frequency resource.

Proof: See Appendix B. �
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Theorem 2: The uplink coverage probability for a typical
vessel connecting to the OS, averaged over its spatial distri-
bution g(d), is given by:

PUL
cov =

∫ dbreak

0

m∑
n=1

(−1)n+1

(
m

n

)
exp (−sN0)

× exp

(
π

∫ dbreak

0

((
1+

sPSi

mPL2−ray(di)

)−m
− 1

)

× paµ0d
α
i exp(−βdi)ddi

)
βα+1dα exp(−βd)

Γ(α+ 1)
dd

+

∫ dLOS

dbreak

m∑
n=1

(−1)n+1

(
m

n

)
exp (−s1N0)

× exp

(
π

∫ dLOS

dbreak

((
1+

s1PSi

mPL3−ray(di)

)−m
− 1

)

× paµ0d
α
i exp(−βdi) ddi

)
βα+1dα exp(−βd)

Γ(α+ 1)
dd,

(24)

where s =
−n η T PL2−ray(d)

PSm
, s1 =

−n η T PL3−ray(d)
PSm

, PL is
either PLideal, given by (3) and (4), or PLrough, given by
(11) and (12).

Proof: See Appendix C. �

B. Average Ergodic Rate

The average ergodic rate, measured in bits per second per
Hertz (bit/s/Hz), is a key performance metric that characterizes
the long-term achievable spectral efficiency averaged over the
fading states. Formally, the average ergodic rate is defined as:

C̄ ,
1

K
E [log2 (1 + SINR)] . (25)

Theorem 3: Assuming Nakagami-m fading, the average
ergodic rate for a typical vessel in the uplink is given by:

C̄UL

=
1

K

∫
t>0

(∫ dbreak

0

m∑
n=1

(−1)n+1

(
m

n

)
exp (−s′N0)

× exp

(
π

∫ dbreak

0

((
1+

s′PSi

mPL2−ray(di)

)−m
− 1

])

× paµ0d
α
i exp(−βdi) dd

)
βα+1dα exp(−βd)

Γ(α+ 1)
dd

+

∫ dLOS

dbreak

m∑
n=1

(−1)n+1

(
m

n

)
exp (−s′1N0)

× exp

(
π

∫ dLOS

dbreak

((
1+

s′1PSi

mPL3−ray(di)

)−m
− 1

)

× paµ0d
α
i exp(−βdi) ddi

)
βα+1dα exp(−βd)

Γ(α+ 1)
dd

)
dt,

(26)

where s′= −n η (2t−1)PL2-ray(d)
PSm

and s′1 =
−n η (2t−1)PL3-ray(d)

PSm
.

Proof: See Appendix D. �

TABLE I
DEFAULT SIMULATION SYSTEM PARAMETERS

VI. NUMERICAL RESULTS

In this section, we verify the derived analytical expres-
sions using Monte Carlo simulations with 100,000 runs. The
results from the analytical derivations are indicated in the
following figures as ‘Analysis’, while the Monte Carlo results
are indicated in the figures as ‘Simulation’. Unless otherwise
specifically stated, the default system parameters and values
utilized in the simulations are listed in Table I, where the
carrier frequency is set to fc = 162 MHz according to
the Global Maritime Distress and Safety System Manual of
International Maritime Organization [34]. Unless otherwise
stated, the network-level results use the independent-thinning
baseline with pa = 0.2. They quantify propagation-driven
coverage and rate trends under a controlled mean activity
load and should not be interpreted as packet-level or protocol-
level performance predictions for operational SOTDMA- or
CSTDMA-based AIS networks.

The sea-state-dependent curves reported below are gener-
ated under the adopted coherent-reflection attenuation model.
For severe sea states, particularly Hs > 3 m, the unresolved
diffuse field may become dominant, whereas the present model
represents it only approximately through statistical small-scale
fading. Results in this regime are therefore used to illustrate
the sensitivity and extrapolated behavior of the adopted model
rather than to claim a complete quantitative prediction of
severe-sea propagation.

A. Refined Path Loss Model

Fig. 3 presents a qualitative comparison between the model
predictions and empirical data from Lee [6] within the two-ray
propagation region.

In this subsection, we first consider the measurement cam-
paign in [6], whose carrier frequency is fc = 5.15 GHz.
At this shorter wavelength, λ ≈ 0.058 m, the sea surface
is electrically rougher than at VHF under the same physical
sea state, making the attenuation of the coherent specular
reflection component more visible. Accordingly, this dataset
is used only as a C-band, roughness-sensitive comparison of
the Rayleigh-criterion-based attenuation mechanism. Because
electrical roughness is wavelength dependent, the C-band
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Fig. 3. Comparison of Lee’s ideal and our refined two-ray models with
measured signal strength data.

Fig. 4. Residual plot and goodness-of-fit analysis for the two-ray models.

comparison is not used as a substitute for direct rough-sea
validation of the subsequent 162 MHz results.

The VHF evidence is considered separately. The 160 MHz
measurements examine the calm-sea, electrically smooth limit
near the AIS frequency, while the 162 MHz rough-sea cases
are presented as model-based sensitivity analyses. Thus, the
two measurement datasets provide complementary but non-
interchangeable evidence.

Both the ideal and refined models correctly identify the
locations of the multipath fading nulls. However, the ideal
model, which assumes a perfect reflection coefficient (ρs =
−1), generates deep nulls that underestimate the measured
signal strength within these fades. Using the representative
setting Hs = 1 m, selected with reference to the wind-speed
range of 10–15 knots reported for the measurement campaign
[6], the refined model produces shallower fading nulls and a
lower residual error than the ideal smooth-sea model. This
C-band comparison assesses whether attenuation of the coher-
ent specular reflection component can account for the observed
fading depths; it is not used to validate the subsequent rough-
sea VHF predictions.

The residual analysis is further illustrated in Fig. 4. To
maintain theoretical consistency, the goodness-of-fit is evalu-
ated exclusively for data points within the valid two-ray model
range d < dbreak. The residuals for the ideal model exhibit a
large variance and a systematic negative bias, particularly at
distances corresponding to the fading nulls. The residuals for
the refined model, however, are more tightly clustered around

Fig. 5. Comparison of Lee’s ideal and our refined three-ray models with
measured signal strength data.

Fig. 6. Residual plot and goodness-of-fit analysis for the three-ray models.

the zero-error line, indicating a more consistent prediction.
This visual assessment is corroborated by the RMSE, which
is reduced from 7.73 dB for the ideal model to 6.41 dB for
the refined model within this region. This reduction provides
quantitative support for the roughness-induced attenuation
mechanism within the considered 5.15 GHz measurement
campaign. It should not be interpreted as direct validation of
rough-sea path loss at 160–162 MHz.

We next evaluate the model over the full propagation range,
including the piecewise transition from the two-ray to the
three-ray regime. The model fits and their corresponding
residuals are presented in Figs. 5 and 6, respectively.

A primary observation from Fig. 5 is the difference in fading
characteristics between the near-field (d < dbreak) and far-
field (d>dbreak) regions. In the near-field, the signal exhibits
frequent, deep fading nulls. This behavior is a consequence of
the two-ray interference mechanism, where the phase differ-
ence between the direct and reflected paths changes rapidly at
short ranges. The predictions of both the classical Lee model
and the refined model are consistent with this behavior, as
the influence of the evaporation duct is negligible at these
distances. Beyond the break distance, the performance of
the models diverges. The Lee model (dashed magenta line)
continues to predict deep, periodic nulls and a rate of decay
that results in an underestimation of the measured signal
strength. In contrast, the refined model (solid black line),
which incorporates the evaporation duct path, captures two key
far-field effects: an elevation in the average signal strength and
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a reduction in fading depth. The refined model’s predictions
align more closely with the empirical data, suggesting that
the three-ray approach is necessary for improved accuracy at
longer ranges.

A secondary observation pertains to the internal consistency
of the refined model. In the far-field, the predictions for ideal
and slightly rough conditions converge. This is consistent with
the underlying physics, as the effect of surface roughness
diminishes at small grazing angles ψ characteristic of large
distances. The roughness factor, ξ ∝ sin(ψ), approaches zero
as d increases, causing the effective reflection coefficient to
approach its ideal value of −1. The model’s behavior is
consistent with the physical principle that the sea surface
appears electromagnetically smoother at extended ranges.

The quantitative analysis from the residuals plot in Fig. 6
reinforces these findings. While both models show large errors
in the near-field, the refined model has a lower overall RMSE
across the full range, i.e., 8.94 dB vs. 11.40 dB. Within
this 5.15 GHz measurement campaign, the lower RMSE
indicates that accounting for shallower fades associated with
the attenuation of coherent reflection, together with the duct-
induced component, improves agreement over the considered
propagation range. This frequency-specific comparison is not
extrapolated as empirical evidence for rough-sea VHF propa-
gation.

Fig. 7 separates the available VHF measurement evidence
from the rough-sea model predictions. Fig. 7(a) compares the
proposed formulation with maritime path-loss measurements
reported at 160 MHz [36], close to the 162 MHz carrier used
in the subsequent network analysis. The measurements were
collected under calm-sea conditions. At this frequency and at
small grazing angles, the sea surface is electrically smooth, so
that ρs ≈ −1 and the proposed formulation approaches Lee’s
smooth-sea model. Both models follow the measured path-loss
trend with an RMSE of approximately 2.59 dB, whereas free-
space path loss gives an RMSE of 23.41 dB. This agreement
is consistent with the calm-sea VHF limiting behavior; it
does not constitute validation of roughness-induced VHF path
loss for Hs > 1 m. The 5.15 GHz measurements cannot
substitute for such validation because electrical roughness
depends explicitly on wavelength. The 160 MHz data are also
not used to validate an evaporation-duct-induced third path,
whose strength depends on the atmospheric refractivity profile
of the measurement campaign. Fig. 7(b) separately presents
the wavelength-specific model prediction at fc = 162 MHz,
quantified by

∆PL(d,Hs) = PLrough(d,Hs)− PLsmooth(d). (27)

For small Hs, the predicted deviation from the smooth-sea
reference is weak. As Hs increases, attenuation of the coherent
specular reflection component reduces the depth of destructive-
interference nulls near the multipath fading regions. These
curves are wavelength-specific model predictions rather than
rough-sea VHF measurement results.

Cross-Frequency Transfer Ablation: Fig. 8 examines the
consequence of transferring the C-band coherent-reflection
coefficient to VHF. Panel (a) compares the logarithmic atten-
uation index − log10 ρspec at 162 MHz and 5.15 GHz under

Fig. 7. Calm-sea VHF measurement comparison and wavelength-specific
model sensitivity. Panel (a) examines the electrically smooth VHF limit under
calm-sea conditions. Panel (b) presents model predictions and does not use
rough-sea VHF measurement data.

Fig. 8. Cross-frequency coefficient-transfer ablation. Panel (a) compares the
logarithmic attenuation index − log10 ρspec at 162 MHz and 5.15 GHz as a
function of the significant wave height under the same reference geometry.
Panel (b) shows the predicted 162 MHz path-loss change ∆PL = PLrough−
PLsmooth, comparing the wavelength-specific 162 MHz coefficient with a
diagnostic transfer of the 5.15 GHz coefficient while retaining all other VHF
propagation parameters.

the same significant wave height and propagation geome-
try. The results show that the coherent-reflection attenuation
exhibits strong wavelength dependence, and the coefficient
obtained at C-band cannot represent the VHF behavior.
Panel (b) retains all 162 MHz propagation parameters,
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Fig. 9. Coverage probability as a function of SINR threshold T for different
significant wave heights Hs.

including the path distance, propagation phase, free-space loss,
and breakpoint, while replacing only the wavelength-specific
VHF coefficient with the coefficient evaluated at 5.15 GHz.
The transferred coefficient changes the predicted depth and
shape of the VHF fading region near the multipath null.
This result demonstrates that the coherent-reflection coefficient
must be independently evaluated according to the operating
wavelength. This ablation is a model-to-model diagnostic of
cross-frequency coefficient transfer and does not replace direct
rough-sea VHF measurements.

B. Performance Evaluation and Discussion

The following 162 MHz coverage and rate results are analyt-
ical and Monte Carlo evaluations under the proposed channel
model. For rough sea states, particularly Hs > 1 m, they
represent model-based performance predictions and should not
be interpreted as directly measurement-validated performance
forecasts for operational VHF maritime systems.

The uplink coverage probability PUL
cov , as a function of the

SINR threshold T , is depicted in Fig. 9 for the proposed
roughness-aware model and Lee’s ideal model. The Monte
Carlo simulations agree closely with the analytical results
across all test cases, validating the accuracy of the theoretical
framework. A key performance crossover is observed in Fig. 9.
Specifically, in the low-SINR regime, which corresponds
to high-reliability requirements, the proposed rough-surface
model consistently outperforms the ideal model. Conversely,
this trend inverts in the high-SINR regime, where the ideal
model exhibits a superior probability of achieving high SINR
values. Notably, in the low-SINR region, increasing sea surface
roughness proves beneficial.

This behavior is attributed to the dual effect of surface
roughness on multipath propagation. The superior performance
of the rough-surface model in the low-SINR regime is due to
null mitigation. The deep path-loss nulls caused by destructive
interference in the ideal model can severely degrade high-
reliability links. Our proposed model captures the physical
reality that roughness weakens the specular reflection, which
substantially reduces the depth of these fading nulls. This

Fig. 10. Coverage probability as a function of significant wave height Hs for
different transmitter antenna heights ht.

raises the floor of the SINR distribution, increasing the prob-
ability of exceeding a low threshold. Conversely, the superior
performance of the ideal model in the high-SINR regime is
due to perfect constructive interference. The same scattering
effect that mitigates nulls also reduces the magnitude of con-
structive signal peaks, which are regions of maximum signal
enhancement created by the in-phase summation of the direct
and reflected paths. This higher probability of achieving rare,
high-SINR events explains why the ideal model’s coverage
probability is superior when the SINR threshold is high.

The uplink coverage probability as a function of significant
wave height Hs is illustrated in Fig. 10 for several vessel
antenna heights ht, evaluated at a fixed SINR threshold of
−15 dB. Three primary trends are evident from the results.
First, our rough-surface model consistently predicts higher
coverage than the ideal model, which yields more conservative
predictions under the considered conditions. Second, for the
considered vessel distribution and propagation geometry, the
coverage probability first increases as ht changes from 4 m to
6 m and then decreases at 8 m and 10 m. Among the tested
heights, ht = 6 m yields the largest coverage in this specific
scenario. Third, under the adopted coherent-reflection attenua-
tion model, the coverage probability varies non-monotonically
with the significant wave height and reaches its largest values
at approximately 1.5–2.5 m before declining. For Hs > 3 m,
this trend should be interpreted as a model-based sensitivity
result because the increasingly important diffuse field is not
explicitly resolved.

This non-monotonic behavior arises from the alignment
between the multipath interference pattern and the assumed
vessel distribution. For the selected parameters, the vessel
density peaks at approximately 500 m, and the interference
pattern associated with ht = 6 m aligns more favorably with
this region than those associated with the other tested heights.
The preferred height therefore depends on the target service
distance and vessel distribution and should not be interpreted
as a general antenna-height design rule.

To examine the distance dependence of the antenna-
height trend, Fig. 11 compares the coverage probability for
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Fig. 11. Uplink coverage probability as a function of the transmitter antenna
height ht for different shipping-lane distances dlane. The height yielding the
largest coverage within the tested range varies with the target service distance.

Fig. 12. Average ergodic rate as a function of significant wave height Hs for
different transmitter antenna heights ht.

dlane = 0.5, 2.0, and 5.0 km. Among the tested heights, ht ≈
6 m yields the largest coverage for dlane = 0.5 km, whereas
larger heights become more favorable at the longer target
distances. This change results from the distance-dependent
alignment of the direct and reflected paths with the dominant
vessel region. The preferred height is therefore specific to
the considered service distance, vessel distribution, and prop-
agation geometry, while the proposed framework provides a
means of evaluating this dependence for a given deployment.

For the tested antenna heights and vessel distribution,
Fig. 12 shows a larger average ergodic rate at higher ht. This
ordering results from the corresponding grazing geometry and
multipath alignment in the considered scenario and should not
be interpreted as a general monotonic antenna-height rule.
Furthermore, Fig. 12 illustrates the impact of sea surface
roughness on the average ergodic rate by benchmarking the
proposed model against the ideal smooth-surface model (Lee’s
model [6]). As observed, the average ergodic rate of the
proposed model remains consistently lower than the ideal
baseline. For a fixed ht, the adopted model predicts a non-
monotonic rate variation, with an initial decrease followed

Fig. 13. Performance comparison in noise- and interference-limited regimes.

by a partial recovery as Hs increases. The portion of this
behavior occurring above Hs = 3 m should be interpreted
cautiously because the Rayleigh factor suppresses only the
coherent specular reflection component, while the dominant
diffuse field is represented only through a coarse statistical
approximation.

Taken together, Figs. 10 and 12 reveal a conditional
reliability–capacity trade-off under the adopted coherent-
reflection attenuation model. Moderate attenuation of
the coherent specular reflection component can mitigate
destructive-interference nulls and improve low-threshold
coverage, while the reduction in constructive reflected power
can decrease the average ergodic rate. Under severe sea states,
this interpretation remains subject to the limitation that the
diffuse field is represented only approximately. As observed,
while moderate roughness enhances the coverage probability
(Fig. 10), it simultaneously reduces the average ergodic rate
(Fig. 12). This phenomenon is attributed to the effect of
channel hardening. Specifically, surface roughness attenuates
the coherent specular reflection, thereby reducing the variance
of the received signal power. This suppression mitigates
the deep fading nulls caused by destructive interference,
thus raising the minimum SINR floor and improving link
reliability. Conversely, it attenuates the strong constructive
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interference peaks that contribute disproportionately to the
ergodic capacity, leading to a reduction in the average
ergodic rate. In the context of safety-critical maritime
communications, where continuous connectivity is prioritized
over peak throughput, this trade-off indicates that moderate
roughness may improve link reliability under the considered
propagation and traffic conditions, although at the expense of
average rate.

Fig. 13 shows that the relative performance of the two
models depends strongly on the operational regime, reflect-
ing a reliability-capacity trade-off. In the interference-limited
regime, the proposed roughness-aware model improves cov-
erage reliability, whereas Lee’s ideal model yields a higher
average ergodic rate. This behavior is consistent with the
standard channel-hardening effect. The ideal model preserves
strong constructive interference, resulting in a heavy-tailed
SINR distribution in which infrequent high-SINR peaks
disproportionately increase the logarithmic average rate. Con-
versely, the proposed model accounts for the suppression of the
coherent specular reflection component by surface roughness,
which reduces the variance of the received signal power. By
mitigating both deep destructive nulls and high constructive
peaks, the SINR distribution becomes more compressed. This
hardening effect improves the probability of exceeding mod-
erate SINR thresholds, albeit at the cost of reducing rare
high-SINR events that contribute to peak capacity.

VII. CONCLUSION

This paper has developed a tractable stochastic-geometry
framework for near-shore maritime communications by inte-
grating a roughness-dependent coherent-reflection coefficient
with a non-homogeneous vessel distribution and aggregate
uplink interference. Analytical expressions for the uplink cov-
erage probability and average ergodic rate have been derived
under the resulting piecewise maritime propagation model.

The results show that attenuation of the coherent specular
reflection component can mitigate deep fading nulls and pro-
duce a conditional reliability–capacity trade-off. The 5.15 GHz
measurements assess the roughness-sensitive reflection mech-
anism, whereas the 160 MHz measurements examine only the
calm-sea VHF limit; the 162 MHz rough-sea results therefore
remain model-based predictions. The cross-frequency ablation
further confirms that a coherent-reflection coefficient evaluated
at C-band cannot be transferred unchanged to VHF. Under
severe sea states, particularly for Hs > 3 m, characterizing
the unresolved diffuse field via Nakagami-m fading remains
a coarse statistical approximation. Future work will consider
synchronized VHF measurements, explicit diffuse-scattering
models, protocol-aware dependent access, vessel mobility,
Doppler effects, and multi-station interference.

APPENDIX

A. Proof of Theorem 1

Proof: 1) The two-ray path loss model is derived from the
coherent superposition of the electric fields from the direct
LOS path and the sea-reflected path.

The total received electric field, Etotal, is the vector sum of
the LOS field, ELOS, and the reflected field, Erefl:

Etotal = ELOS + Erefl. (28)

Assuming an initial transmitted field of E0, the fields arriving
at the receiver can be expressed as:

ELOS =
E0

d1
exp(−jkd1), (29)

Erefl = ρs ·
E0

d2
exp(−jkd2), (30)

where d1 and d2 are the path lengths of the direct and reflected
rays, respectively, k = 2π/λ is the wavenumber, and ρs is the
effective reflection coefficient of the sea surface.

For far-field scenarios, where the horizontal distance d is
significantly greater than the antenna heights (d� ht, hr), we
apply two standard approximations. First, for the amplitude
attenuation, we approximate d1 ≈ d2 ≈ d. Second, for the
phase calculation, the path length difference, ∆d, is approxi-
mated using a Taylor expansion as:

∆d = d2 − d1 ≈
2hthr

d
. (31)

The total field can thus be written as:

Etotal ≈
E0

d
(exp(−jkd1) + ρs exp(−jkd2)) . (32)

The received power, Pr, is proportional to the squared
magnitude of the total electric field. By factoring out the
common phase term exp(−jkd1), we get:

|Etotal|2 ≈
∣∣∣∣E0

d
exp(−jkd1) (1 + ρs exp(−jk∆d))

∣∣∣∣2
(a)
=
|E0|2

d2
|1 + ρs exp(−jk∆d)|2 , (33)

where (a) is due to | exp(−jkd1)| = 1. Since ρs is a negative
real number, the squared magnitude term expands to:

|1 + ρs exp(−jk∆d)|2

= |1− |ρs|(cos(k∆d)− j sin(k∆d))|2

= 1 + ρ2
s − 2|ρs| cos(k∆d). (34)

The path loss is the ratio of transmitted power to received
power. For isotropic antennas in free space, PLfs =(4πd/λ)2.
The total path loss is the free-space path loss divided by the
multipath power gain factor, G2-ray

mp = |1 + ρs exp(−jk∆d)|2.
Using (31) and k = 2π/λ yields the final expression of
PLrough

2-ray (d) given in (11).
2) The three-ray model extends the two-ray model by

including a third path component, Educt, which results from
refraction by the evaporation duct. This path is approximated
as a reflection from an effective duct height he. The total
received electric field is the sum of three components:

Etotal = ELOS + Erefl + Educt. (35)

Using the far-field amplitude approximation, this becomes:

Etotal ≈
E0

d

(
exp(−jkd1) + ρs exp(−jkd2)

+ Γduct exp(−jkd3)
)
, (36)

Authorized licensed use limited to: UNIVERSITY OF SOUTHAMPTON. Downloaded on September 16,2026 at 15:58:30 UTC from IEEE Xplore.  Restrictions apply. 



DONG et al.: PROPER SEA-SURFACE ROUGHNESS ENHANCES THE PERFORMANCE OF MARITIME NETWORKS 13527

where d3 is the path length of the duct-refracted ray, and Γduct
is its reflection coefficient, assumed to be ideal (Γduct = −1)
as per the model in [6].

The path length difference for the sea-reflected ray, ∆d2 =
d2− d1, is the same as in (31). The path length difference for
the duct-refracted ray, ∆d3, is derived from the geometry of
a reflection from height he:

∆d3 = d3 − d1 ≈
2(he − ht)(he − hr)

d
. (37)

The multipath power gain factor, G3-ray
mp , is the squared mag-

nitude of the term in the parentheses:

G3-ray
mp = |1 + ρs exp(−jk∆d2)− exp(−jk∆d3)|2

= (1 + ρsC2 − C3)2 + (ρsS2 − S3)2 (38)

where C2 = cos(k∆d2), S2 = sin(k∆d2), C3 = cos(k∆d3),
and S3 = sin(k∆d3). The full expansion provides the com-
plete gain factor. The final path loss is given by:

PLrough
3-ray (d) =

PLfs

G3-ray
mp

. (39)

Noting PLfs =(4πd/λ)2 completes the proof. �

B.: Proof of Lemma 1

Proof:

LI,near(s)

= E

exp

−s ∑
Si∈Φ′S

PSi |hi|
2

PL(Di)

∣∣∣∣∣∣
Di=di

= EΦ′S

 ∏
Si∈Φ′S

E|hi|2

[
exp

(
|hi|2

(
−s PSi

PL2-ray(di)

)]
(a)
= EΦ′S

 ∏
Si∈Φ′S

(
1+

sPSi

mPL2-ray(di)

)−m
(b)
= exp

(∫
S

[(
1+

sPSi

mPL2-ray(di)

)−m
− 1

]
µ′(di) dx

)
(c)
= exp

(
π

∫ dbreak

0

[(
1+

sPSi

mPL2-ray(di)

)−m
− 1

]

× paµ0d
α
i exp(−βdi) ddi

)
, (40)

where (a) is obtained by using the moment-generating function
(MGF) of the normalized Gamma random variable, (b) is given
by the probability generating functional (PGFL) of the PPP,
and (c) is obtained by replacing dx with πdi ddi.

Similarly, we can obtain the Laplace transform of the
interference from vessels in the range dbreak to dLOS:

LI,far(s1) = exp

(
π

∫ dLOS

dbreak

[(
1+

sPSi

mPL3-ray(di)

)−m
− 1

]

× paµ0d
α
i exp(−βdi) ddi

)
(41)

This completes the proof. �

C. Proof of Theorem 2

Proof:

PUL
cov , P(SINRSm

≥ T )

= E [P (SINRSm
≥ T |DSm

= d)]

=

∫ dbreak

0

P
(

SINR2-ray
Sm
≥ T |d

)
g(d) dd

+

∫ dLOS

dbreak

P
(

SINR3-ray
Sm
≥ T |d

)
g(d) dd. (42)

First we note:

P
(

SINR2-ray
Sm
≥ T |d

)
= 1− P

(
|hSm |2 ≤

T · (ISm
+N0) · PL2-ray(d)

PSm

)
(a)
≈ 1− E

[(
1− exp

(
−ηT · (ISm

+N0) · PL2-ray(d)

PSm

))m]
(b)
= EI

[
m∑
n=1

(−1)n+1

(
m

n

)
exp

(
−nηT (ISm

+N0)PL2-ray(d)

PSm

)]
(c)
=

m∑
n=1

(−1)n+1

(
m

n

)
EI [exp (−sISm

)] exp (−sN0)

=

m∑
n=1

(−1)n+1

(
m

n

)
LI,near(s) exp (−sN0) , (43)

where (a) is a tight upper bound when m is small [35], that
is, for small m, P

(
|h|2 < ψ

)
< E [(1− exp(−ψη))

m
] with

η = m(m!)−
1
m , and (b) is obtained by the binomial theorem,

while (c) is obtained by denoting s =
−n η T PL2-ray(d)

PSm
.

Similarly, P
(

SINR3-ray
Sm
≥ T |d

)
can be expressed as:

P
(

SINR3-ray
Sm
≥ T |d

)
=

m∑
n=1

(−1)n+1

(
m

n

)
LI,far (s1) exp (−s1N0) , (44)

where s1 =
−n η T PL3-ray(d)

PSm
.

We obtain PUL
cov of (24) by substituting (21)(22), (23), (43)

and (44) into (42). This completes the proof. �

D. Proof of Theorem 3

Proof: From (25), we have

C̄UL

,
1

K
E [log2(1 + SINRSm

)]

(a)
=

1

K

∫∫
t>0

E
[
P
(

log2(1 + SINRSm
> t|d

)]
g(d) dtdd

=
1

K

∫
t>0

(∫ dbreak

0

P
(

log2(1+SINR2-ray
Sm

) > t|d
)
g(d) dd

+

∫ dLOS

dbreak

P
(

log2(1 + SINR3-ray
Sm

) > t|d
)
g(d) dd

)
dt

=
1

K

∫
t>0

(∫ dbreak

0

P
(

SINR2-ray
Sm

> 2t − 1|d
)
g(d) dd
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+

∫ dLOS

dbreak

P
(

SINR3-ray
Sm

> 2t − 1|d
)
g(d) dd

)
dt, (45)

where (a) follows from the identity E[X] =
∫
t>0

P(X > t)dt
for a nonnegative random variable X .

First we investigate P
(

SINR2-ray
Sm
≥ 2t − 1|d

)
:

P
(

SINR2-ray
Sm
≥ 2t − 1|d

)
= 1− P

(
|hSm

|2 ≤
(2t − 1) · (ISm+N0) · PL2-ray(d)

PSm

)
(a)
≈ 1− E

[(
1− exp

(
−η(2t − 1)(ISm

+N0)PL2-ray(d)

PSm

))m]
(b)
=EI

[
m∑
n=1

(−1)n+1

(
m

n

)
exp

(
−nη(2t−1)(ISm

+N0)PL2-ray(d)

PSm

)]
(c)
=

m∑
n=1

(−1)n+1

(
m

n

)
EI [exp (−s′ISm

)] exp (−s′N0)

=

m∑
n=1

(−1)n+1

(
m

n

)
LI,near(s

′) exp (−s′N0)

=

m∑
n=1

(−1)n+1

(
m

n

)
exp (−s′N0)

× exp

(
2π

∫ dbreak

0

[(
1+

s′PSi

mPL2-ray(di)

)−m
− 1

]

× paµ0d
α
i exp(−βdi) ddi

)
, (46)

where (a) is a tight upper bound when m is small [35], that
is, for small m, P

(
|h|2 < ψ

)
< E [(1− exp(−ψη))

m
] with

η = m(m!)−
1
m , and (b) is obtained by the binomial theorem,

while (c) is obtained by denoting s′ =
−n η (2t−1)PL2-ray(d)

PSm
.

Similarly, P
(

SINR3-ray
Sm
≥ 2t − 1|d

)
can be expressed as:

P
(

SINR3-ray
Sm
≥ 2t − 1|d

)
=

m∑
n=1

(−1)n+1

(
m

n

)
LI,far (s′1) exp (−s′1N0)

=

m∑
n=1

(−1)n+1

(
m

n

)
exp (−s′1N0)

× exp

2π

∫ dLOS

dbreak

(1+
s′1PSi

4λ2 (1 + ∆(di))
2

(4πdi)2m

)−m
− 1


× paµ0d

α
i exp(−βdi) ddi

)
, (47)

where s′1 = −n η (2t − 1)PL3-ray(di)/PSm .
We obtain C̄UL of (26) by substituting (21)(22), (23), (46)

and (47) into (45). This completes the proof. �
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