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Abstract—The performance analysis of maritime communica-
tion networks is frequently constrained by the widespread yet
unrealistic assumption of a uniform spatial distribution of vessels.
This paper presents a unified stochastic geometry framework
that integrates high-fidelity physical channel models with non-
homogeneous vessel topologies to provide a more accurate ana-
lytical foundation. We first systematically demonstrate that the
macroscopic geographical distribution of vessels is a dominant
factor governing overall network performance, with significant
performance variations observed across different deployment
scenarios. Subsequently, to analyze the spatial origins of this
performance, we introduce the coverage probability density
function (Cpdf) as a novel metric. The Cpdf enables a fine-
grained spatial decomposition of the total coverage probability,
thereby identifying key geographical areas that contribute most
to network performance and quantifying the precise spatial
impact of physical phenomena, such as multipath fading nulls.
Our results affirm the primacy of realistic spatial modeling and
provide a new analytical tool for the design and optimization of
next-generation maritime networks.

Index Terms—Stochastic geometry, maritime communication,
non-homogeneous Poisson point process, coverage probability
density.

I. INTRODUCTION

The ongoing digitalization of the maritime industry has
elevated the importance of reliable near-shore wireless com-
munication, which now constitutes critical infrastructure for
ensuring navigational safety and enabling intelligent shipping
applications [1, 2]. A rigorous performance evaluation of such
networks, however, faces a significant analytical challenge:
the development of a tractable model that jointly captures the
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complex maritime channel physics and the realistic geograph-
ical distribution of users.

The maritime propagation environment is characterized by
unique physical phenomena, including sea-surface reflection
and evaporation ducting, which are not adequately described
by simplistic path loss models [3]. Concurrently, the spatial
distribution of vessels is inherently non-homogeneous, ex-
hibiting clustering near ports and along major shipping lanes.
Consequently, the common analytical assumption of a uniform
spatial distribution, while mathematically convenient, leads to
considerable inaccuracies in network performance evaluation
[4].

A review of the existing literature reveals a persistent gap
between two areas of research. While stochastic geometry is a
powerful tool for wireless network analysis, a significant gap
exists in its application to maritime communications. Current
shore-to-vessel analyses often employ overly simplistic spatial
models, such as assuming a uniform vessel distribution or ana-
lyzing a single representative link [5, 6]. Although more com-
plex non-homogeneous Poisson point processes (NHPPPs)
exist, they typically rely on structured models like Poisson
cluster processes [7–9], which are ill-suited for the arbitrary
patterns of maritime traffic. This issue is compounded by the
prevalent use of simplified large-scale path loss models. For
example, some analyses use empirical International Telecom-
munication Union (ITU) models [5], while others adopt a
standard power-law [6]. These models lack physical fidelity
and fail to capture the unique propagation characteristics of the
near-shore environment. In contrast, physics-based piecewise
models [10] offer greater accuracy and analytical tractability,
enabling the precise analysis of phenomena like deep fading
nulls. The widespread use of these simplified spatial and
path loss models underscores the absence of a comprehensive
framework that integrates a general, arbitrarily shaped NHPPP
with a high-fidelity, physics-based channel model for the
accurate analysis of large-scale maritime networks.

This paper addresses this analytical gap by advancing a
central thesis with two key components. We first establish
that the macroscopic geographical topology is the dominant
factor governing network performance. Subsequently, we ad-
dress the insufficiency of conventional single-value metrics by
introducing the coverage probability density function (Cpdf),
a spatially-resolved metric designed to characterize the un-
derlying geographical dynamics of network performance. Our
work includes the following contributions.



• A Unified Framework for Physics-Based, Large-Scale
Analysis: We propose an analytical framework that inte-
grates a physically-grounded piecewise path loss model
with a general NHPPP, thereby closing a critical gap
between oversimplified theoretical models and the reality
of maritime communications.

• Establishing the Primacy of Macro-Topology: Through
a systematic investigation of four distinct, physically-
motivated spatial models, we definitively show that
macroscopic geography is the primary determinant of
network coverage and rate, providing a more realistic
foundation for system design.

• A Novel Spatially-Resolved Diagnostic Metric: We intro-
duce and formulate the Cpdf, a metric that disaggregates
average network performance into a function of distance.
We demonstrate its utility in identifying key geographi-
cal regions of optimal performance and in quantifying
the localized impact of physical phenomena, such as
multipath fading nulls, which are otherwise obscured by
conventional metrics.

II. SYSTEM MODEL

We consider the downlink of a near-shore maritime network
with a single onshore station (OS) at the origin serving vessels
modeled by a spatial point process. The system operates in
a noise-limited regime, which is a valid assumption for a
single-transmitter scenario. For clarity, the key parameters and
functions of the system model are summarized in Table I.

A. Topological Deployment: Modeling Vessel Locations

The spatial locations of all vessels are modeled by a
NHPPP, ΦS, on a 2D half-plane. A key assumption is that
the distribution is radially symmetric, meaning the process
intensity µ(d) depends only on the horizontal distance d from
the OS. This intensity is modeled as:

µ(d) = µ0f(d), (1)

where µ0 is a baseline intensity constant, and f(d) is a
dimensionless spatial distribution function that captures how

TABLE I
DESCRIPTION OF SYSTEM PARAMETERS AND FUNCTIONS

Parameter Description

ht OS antenna height.
hr Vessel antenna height.
λ Carrier wavelength.
d Distance from the OS.

dbreak Path loss breakpoint.
dLOS Max LOS distance.
µ(d) Vessel intensity (density) at distance d.
f(d) Vessel spatial density function.
g(d) Vessel distance PDF.

PL(D) Large-scale path loss.
|h|2 Small-scale fading power gain.
POS OS transmit power.
N0 AWGN power.
T SNR threshold.
Pcov Average coverage probability.

Cpdf(d) Coverage PDF.

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

vessel density varies with distance. The choice of f(d) allows
us to model various realistic maritime traffic scenarios, which
we explore in Section III.

B. Channel Fading and Path Loss Model

1) Small-Scale Fading: The near-sea-surface channel is
characterized by a strong line-of-sight (LOS) path combined
with scattering from the rough sea surface. We adopt the
Nakagami-m fading model due to its flexibility and tractabil-
ity. The channel power gain, |h|2, follows a normalized
Gamma distribution.

2) Large-Scale Path Loss Model: To accurately capture
propagation physics, we employ a location-dependent, piece-
wise path loss model from [10], which transitions between two
models at a breakpoint distance dbreak = 4hthr/λ, as illustrate
in Fig. 1. Here, ht and hr are the antenna heights of the OS
and the vessel, respectively, and λ is the wavelength.

• Two-Ray Model (d < dbreak): At shorter ranges, the path
loss is dominated by the coherent sum of the direct LOS
path and a single sea-surface reflected path. This model
accurately predicts interference nulls close to shore. The
path loss is given by:

PL2-ray(d) =
(4πd)2

4λ2 sin2
(
2πhthr
λd

) . (2)

• Three-Ray Model (d ≥ dbreak): Beyond the breakpoint,
a third path caused by reflection within the atmospheric
evaporation duct becomes significant. This model pro-
vides superior accuracy at larger distances by capturing
additional interference patterns. The path loss is:

PL3-ray(d) =
(4πd)2

4λ2 (1 + ∆(d))
2 , (3)

where ∆(d)=2 sin
(
2πhthr
λd

)
sin
(

2π(he−ht)(he−hr)
λd

)
is the

interference term, and he is the effective duct height.

C. SNR Model

In the downlink, the OS acts as the sole transmitter. Con-
sequently, the link is interference-free, and its performance
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is characterized by the signal-to-noise ratio (SNR) at the
receiving vessel. The SNR is given by:

SNROS =
POS · |h|2

N0 · PL(D)
, (4)

where POS is the transmit power of the OS, |h|2 is the small-
scale channel fading gain, PL(D) is the large-scale path loss at
distance D, and N0 is the strength of additive white Gaussian
noise (AWGN).

III. SPATIAL DISTRIBUTION MODELS AND DISTANCE
ANALYSIS

The foundation of our analysis is the probability density
function (PDF) of the distance d for a typical vessel, denoted
as g(d). Based on the assumption of radial symmetry, it is
derived from the spatial distribution function f(d) as follows:

g(d) =
d · f(d)∫∞

0
ρf(ρ)dρ

. (5)

The choice of f(d) allows us to model diverse and realistic
maritime traffic scenarios. We systematically investigate four
distinct models.

A. Model 1: Piecewise Uniform Distribution (Harbors)

This model represents vessels constrained within a specific
geographical area, such as a harbor or anchorage, between an
inner radius Dmin and an outer radius Dmax. The function f(d)
is defined as:

f(d) =

{
1, Dmin ≤ d ≤ Dmax,

0, otherwise.
(6)

Substituting into (5), the distance PDF is:

g(d) =

{
2d

D2
max−D2

min
, Dmin ≤ d ≤ Dmax,

0, otherwise.
(7)

B. Model 2: Exponential Decay Distribution (Coastal Traffic)

This model captures scenarios where vessel density is high-
est near the coast and decreases exponentially with distance,
representing dense near-shore traffic. The function f(d) is:

f(d) = e−kd, d ≥ 0, (8)

where k > 0 is the decay rate. The resulting distance PDF is
a Gamma distribution with shape parameter 2 and decay rate
k:

g(d) = k2de−kd, d ≥ 0. (9)

C. Model 3: Power-Law Decay Distribution (Shipping Lanes)

To model major shipping lanes that extend far from shore,
we use a heavy-tailed power-law decay distribution, which
captures the slow decay of vessel density over vast distances.
For normalizability, we require β > 2. The function f(d) is:

f(d) = (d0 + d)−β , d ≥ 0, (10)

where d0 > 0 is an offset to prevent a singularity. The distance
PDF is:

g(d) =
d(d0 + d)−β(β − 1)(β − 2)

d2−β
0

, d ≥ 0. (11)

D. Model 4: Annular/Gamma Distribution (Offshore Zones)

This flexible model represents scenarios where vessel den-
sity peaks at a certain distance offshore, such as in primary
shipping lanes or designated operational zones. We use the
functional form of a Gamma PDF for f(d):

f(d) = dα−1e−βd, d ≥ 0, (12)

with shape α ≥ 1 and rate β > 0. The resulting distance PDF
is also a Gamma distribution, but with a new shape parameter
α+ 1:

g(d) =
βα+1

Γ(α+ 1)
dαe−βd, d ≥ 0. (13)

IV. PERFORMANCE ANALYSIS AND DERIVATION

A. Average Coverage Probability

The coverage probability is the likelihood that the received
SNR exceeds a threshold T . The average coverage probability,
Pcov, is found by averaging the conditional coverage proba-
bility, P(SNR(d) > T ), over the spatial distribution g(d).

Theorem 1. The average coverage probability for a typical
vessel is given by:

PDL
cov =

∫ dbreak

0

m∑
n=1

(−1)n+1

(
m

n

)

× exp

(
−n η T N0 (4πd)

2

4POS λ2 sin2
(
2πhthr

λd

)) g(d) dd

+

∫ dLOS

dbreak

m∑
n=1

(−1)n+1

(
m

n

)

× exp

(
−n η T N0 (4πd)

2

4POS λ2 (1 + ∆(d))
2

)
g(d) dd, (14)

where dbreak = 4hthr

λ , dLOS =
√

h2
t + 2htR+

√
h2
r + 2hrR,

∆(d) = 2 sin
(
2πhthr

λd

)
sin
(

2π(he−ht)(he−hr)
λd

)
, and g(d) is

the PDF of the vessel distance, corresponding to one of the
spatial distribution models defined in Section III

Proof. The average coverage probability is the expectation of
the conditional coverage probability over the user’s spatial
distribution, g(d). Given the piecewise path loss model, this
expectation is split at the breakpoint distance dbreak:

PDL
cov =

∫ dbreak

0

P(SNR2-ray ≥ T |d)g(d) dd

+

∫ dLOS

dbreak

P(SNR3-ray ≥ T |d)g(d) dd. (15)

The conditional probability P(SNR ≥ T |d) is the probability
that the channel power gain |h|2 exceeds a threshold. Since
|h|2 is Gamma distributed, its CDF is F|h|2(x) = 1 −
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e−ηx
∑m−1

k=0
(ηx)k

k! for integer m. For tractability, we use a
tight bound, yielding:

P
(
|h|2> TN0PL(d)

POS

)
≈1−

(
1− exp

(
−ηTN0PL(d)

POS

))m

.

(16)
Using the binomial expansion (1−x)m =

∑m
n=0

(
m
n

)
(−x)n,

this is simplified to:

P(SNR ≥ T |d) =
m∑

n=1

(−1)n+1

(
m

n

)
× exp

(
−nηTN0PL(d)

POS

)
. (17)

Substituting the expressions for PL2-ray(d) and PL3-ray(d)
from (2) and (3) into (17) and using the result in (15)
completes the proof.

B. Coverage Probability Density Analysis

While the average coverage probability Pcov provides a
single, macroscopic measure of performance, its integrand,
the Cpdf, reveals the underlying spatial dynamics. The Cpdf,
Cpdf(d), is defined as:

Cpdf(d) = P(SNR(d) > T )︸ ︷︷ ︸
Channel Quality Factor

× g(d)︸︷︷︸
Geographic Factor

. (18)

This decomposition provides deep insights by showing that the
performance contribution from any distance d is the product
of two competing factors: the quality of the channel at that
location (a microscopic, physical property) and the probability
of finding a user there (a macroscopic, topological property).
Analyzing the system through the lens of Cpdf offers several
unique advantages over relying solely on an average value.

1) Deeper Insight and Identification of Sweet Spots: The
Cpdf provides a spatially-resolved characterization of network
performance by representing the contribution of each geo-
graphic distance to the overall average coverage probability.
The peak of this density function identifies the critical distance
where the combination of high user presence (a large value of
g(d)) and reliable signal quality (high conditional coverage)
is optimal. This analysis allows for a precise determination
of which geographical regions contribute most to the overall
performance and provides a basis for understanding why one
spatial distribution may outperform another. For instance, a
vessel distribution whose Cpdf peaks in a region of low path
loss will yield a higher average performance.

2) Fading Nulls: A key strength of the Cpdf is its ability
to resolve the spatial characteristics of physical layer phe-
nomena. Unlike spatially averaged metrics that produce a
smooth output, the Cpdf visualizes these geographic variations
directly. For instance, the curve can exhibit sharp minima
corresponding to locations that experience severe destructive
multipath interference. These locations are commonly referred
to as deep fading nulls.

In the considered near-shore VHF channel, these nulls are
not numerical artifacts but rather inherent physical charac-
teristics of the propagation environment. They arise from

the destructive interference between the direct-path and sea-
reflected-path signals. Within the framework of the two-
ray model, this interference is maximized when the term
sin2

(
2πhthr
λd

)
in the path loss formulation approaches zero.

Consequently, these nulls manifest at a discrete set of dis-
tances dn from the transmitter, given by:

dn =
2hthr

nλ
, for n = 1, 2, 3, . . . . (19)

Such deep fading nulls represent critical performance bottle-
necks, creating localized zones of near-zero coverage. This
granular, location-specific information is obscured by spatially
averaged metrics like the overall coverage probability, Pcov.
In contrast, the Cpdf explicitly reveals the precise locations
and performance impact of these physical phenomena, thereby
providing an invaluable diagnostic tool for network planning
and optimization.

V. SIMULATION RESULTS AND IN-DEPTH ANALYSIS

This section presents a detailed analysis of the simulation
results, validating our theoretical framework and offering
deeper insights into the performance of near-shore maritime
communication networks. The results underscore the critical
impact of spatial vessel distribution on network performance
and demonstrate the diagnostic power of the Cpdf. Unless
otherwise specifically stated, the default system parameters
utilized in the simulations are listed in Table II.

A. Impact of Fading Severity on Coverage Probability

Fig. 2 illustrates the average downlink coverage probability
as a function of the SNR threshold, T , for the four distinct
spatial distribution models. Each subplot evaluates the per-
formance across a range of Nakagami-m fading parameters,
representing varying degrees of fading severity.

A consistent trend observed across all four spatial models
is the inverse relationship between the coverage probability
and the SNR threshold: as the required SNR threshold in-
creases, the probability of achieving it naturally decreases.
Furthermore, the results clearly validate the impact of the
Nakagami-m parameter. Higher values of m, which signify
less severe fading conditions, consistently yield a higher
coverage probability for any given SNR threshold. Conversely,
lower m values, corresponding to more severe fading, result in

TABLE II
DEFAULT SIMULATION SYSTEM PARAMETERS.

Notation Parameters Values

BS Transmit Power POS 30 dBm
Noise Power N0 -100 dBm

Carrier Frequency f 162 MHz
Nakagami-m Parameter m 3

BS Antenna Height ht 50 m
Vessel Antenna Height hr 10 m

Evaporation Duct Height he 30.5 m
Earth Radius Rearth 6371 km

Piecewise Uniform Zone [Dmin, Dmax] [20, 30] km
Exponential Decay Rate k 0.1

Power-Law Decay Exponent β 2.5
Power-Law Offset Distance d0 8 km

Annular/Gamma Shape α 1.5
Annular/Gamma Rate βγ 0.25
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Impact of Different Fading Parameters on Each Spatial Model
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Fig. 2. Average downlink coverage probability as the function of SNR threshold, T , for the four considered spatial distribution models.

diminished performance. This confirms that the physical chan-
nel conditions play a significant role in network reliability, a
factor accurately captured by our model.

B. The Primacy of Macroscopic Geographical Topology

Fig. 3 transitions from intra-model analysis to a direct
comparison of the four spatial models, clearly demonstrat-
ing that the macroscopic geographical topology is the pri-
mary determinant of network performance. The distinct, non-
overlapping performance curves reveal that the choice of
spatial distribution is not a minor adjustment but a factor of
first-order importance for accurate system analysis.

For a given SNR threshold, the Piecewise Uniform model,
which confines vessels to a distant harbor area, exhibits the
poorest performance, with its coverage probability declining
more rapidly than the other models. In contrast, the Exponen-
tial Decay, Power-Law Decay, and Annular/Gamma models,
which model more complex and realistic vessel distributions,
show markedly superior performance. The inset in Fig. 3
magnifies the performance differences in the critical 29-34 dB
SNR range, highlighting the nuanced but significant variations
among these more realistic models. This result powerfully sub-
stantiates the central thesis that conventional analyses using
oversimplified uniform distribution assumptions can lead to
significant inaccuracies in performance evaluation.

C. Spatially-Resolved Diagnostics with Coverage Probability
Density

While the average coverage probability provides a single,
macroscopic performance metric, the Cpdf characterizes the
underlying spatial dynamics of the network. As depicted
in Fig. 4, the Cpdf is plotted as a function of distance,
thereby disaggregating the average performance metric into
a spatially-resolved distribution that shows the contribution to
coverage from any given distance.
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Fig. 3. Average downlink coverage probability as the function of SNR
threshold, T , for the four considered spatial distribution models.
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Each spatial model exhibits a unique Cpdf signature, which
reveals its performance sweet spot—the critical distance where
the combination of user density and reliable signal quality is
optimal. For instance, the Cpdf for the Exponential Decay
model peaks close to the shore, indicating that coverage
contributions are highest from the dense concentration of near-
shore vessels. The Power-Law Decay model also shows a
high contribution from near-shore vessels, but its heavier tail
signifies a more sustained contribution from vessels at greater
distances, characteristic of a shipping lane. In contrast, the
Annular/Gamma model’s density peaks significantly offshore,
capturing a scenario where traffic is concentrated in a desig-
nated operational zone, while the Piecewise Uniform model’s
contribution is strictly confined to its defined region.

Perhaps the most compelling feature of the Cpdf is its
ability to visualize the geographic footprint of physical layer
phenomena. As shown in the inset of Fig. 4, the Cpdf reveals
sharp, deep dips at specific locations that are not numerical
artifacts but the precise geographic footprints of deep fading
nulls. These nulls occur at predictable locations where the
direct and sea-reflected signal paths interfere destructively,
creating zones of near-zero coverage and critical performance
bottlenecks. Such crucial, localized information is completely
obscured by a single average metric like PDL

cov . The Cpdf, how-
ever, makes the precise location and impact of these physical
phenomena immediately apparent, providing an unparalleled
diagnostic tool for network design and optimization.

VI. CONCLUSION

This paper has presented a unified framework for analyzing
maritime communication networks, leading to two fundamen-
tal conclusions. First, we have demonstrated that macroscopic
user geography is the dominant factor governing network
performance. The choice of a realistic spatial distribution
model is not a minor refinement but a first-order necessity
for accurate analysis. Second, we have introduced the Cpdf
as a powerful diagnostic tool that bridges the gap between
macro-level outcomes and their micro-level causes, providing
a performance map that identifies critical sweet spots and
reveals the precise geographic footprint of physical-layer bot-

Fig. 4. Downlink coverage probability density as the function of spatial
distance d for four distribution model.

tlenecks like multipath fading nulls. Together, these findings
advocate for a new paradigm in wireless network analysis:
one that prioritizes realistic topological modeling and employs
spatially-aware metrics to gain the deep insights necessary for
robust system design.
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