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Introduction: High-precision radio wave propagation over maritime

environments is of great importance for ensuring reliable maritime

wireless communications.

Methods: To support the development of maritime transmission services, this

work employs genetic algorithms to extract features from measured maritime

data, thereby constructing a data-model-driven propagation model. The

proposed model is established using measurement datasets collected in the

South China Sea, covering the frequency range of 99 MHz to 1000 MHz over

transmission distances up to 60 km. By integrating the strengths of both data-

driven and model-driven approaches, a high-precision empirical model for

maritime VHF and UHF propagation loss is developed. Specifically, we first

analyze the propagation mechanisms of radio waves in the study region based

on the measured data, and then combine them with the ITU-R P.2001 model to

define a driving model with undetermined coefficients. These coefficients are

subsequently determined using genetic algorithms through feature extraction

from the measurement data. Finally, the proposed model is validated against the

measurement dataset.

Results: Results demonstrate that the model achieves an average root-mean-

square error of 2.13 dB, representing a 72.73% improvement compared with the

ITU-R P.2001 model.

Discussion: The study of high-precision radio wave propagation over maritime

environments is of great importance for ensuring reliable maritime

wireless communications.
KEYWORDS

data-model driven, maritime radio wave propagation, path loss, VHF/UHF,
wireless communications
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1 Introduction

Accurate prediction of radio wave propagation characteristics

in such environments is crucial for the advancement of future

communication systems (Hu et al., 2024; Xu et al., 2023). The vision

of sixth-generation (6G) mobile communication is to establish an

integrated space–air–ground–sea network (Wang et al., 2021). As

an indispensable component of 6G, maritime communications play

a pivotal role in extending the global coverage of wireless networks

(Xu et al., 2023). Consequently, the design of reliable

communication systems and technological innovations in

maritime communications have attracted growing research

interest (He et al., 2022). The wireless channel provides the

propagation medium for radio waves, and understanding its

characteristics—shaped by the unique properties of the ocean

environment—is essential for optimizing and enhancing maritime

communication systems (Wang et al., 2023b). Unlike terrestrial

channels, which have been extensively studied, maritime channel

analysis and modeling remain relatively underexplored. Therefore,

there is an urgent demand for the development of practical and

accurate maritime channel models.

Traditional path loss models can generally be classified into

three categories according to their modeling approaches:

deterministic models, empirical models, and semi-empirical

models (Erunkulu et al., 2023). Deterministic models mainly rely

on modified ray-tracing (RT) techniques or finite-difference time-

domain (FDTD) methods to accurately characterize maritime radio

wave propagation. Empirical models, in contrast, are constructed

from measured data using statistical fitting approaches (Erunkulu

et al., 2023). Semi-empirical models integrate both deterministic

and empirical approaches to achieve more precise channel

characterization. In recent years, with the rapid advancement of

artificial intelligence, intelligent algorithms have introduced a new

data-driven paradigm for path loss modeling, leveraging their

strong nonlinear modeling capabilities (Seretis and Sarris, 2021).

For example, Wang et al. proposed a high-precision FM

broadcasting path loss model for the Beijing region by employing

measured data as input and applying a long short-term memory

(LSTM) neural network algorithm (Wang et al., 2024b). Similarly,

Huang et al. developed a radio wave propagation model for tunnel

environments based on convolutional neural networks (CNNs)

(Huang et al., 2024). Afape et al. proposed a stacking-ensemble

regression machine learning model, demonstrating how machine

learning techniques can significantly improve prediction accuracy

(Afape et al., 2024). To efficiently extract environmental features

from satellite imagery, residual structures, attention mechanisms,

and spatial pyramid pooling layers have been incorporated into

deep neural networks based on domain expertise. For instance,

Wang et al. introduced a novel deep learning-based path loss

prediction model utilizing satellite images, with validation results

showing that the proposed model reduced the root mean square

error (RMSE) by 3.07 dB compared with empirical models (Wang

et al., 2024a). Although data-driven models based on intelligent

algorithms can achieve high prediction accuracy, their

generalization capability across diverse environments remains
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limited (Yang et al., 2023b). The ITU-R P.2001 model, proposed

by the International Telecommunication Union, is a widely used

universal path loss model (International Telecommunication Union

(ITU-R), 2023). Its advantage lies in its broad applicability across

different scenarios. However, validation efforts in multiple regions

—including Denver, USA (Wang et al., 2023a), Beijing, China

(Wang et al., 2024c), and Guizhou, China (Wu et al., 2024)—

have shown that the RMSE between predicted and measured values

often exceeds 6 dB, failing to meet internationally recognized

accuracy requirements (Yang et al., 2023a). Therefore, building

upon the ITU-R P.2001 model, the effective integration of

intelligent algorithms for feature extraction from measured data

to construct a high-precision path loss model is of great significance

for supporting maritime wireless transmission services.

To establish a high-precision maritime path loss model, this

study proposes a modeling approach based on a hybrid data-model-

driven framework. The hybrid data-model-driven approach refers

to integrating data-driven modeling and model-driven modeling

methods (Zhang et al., 2023). Models driven by data offer higher

accuracy, while models driven by models provide better adaptability

and stability. By integrating the two approaches, it is possible to

combine their respective advantages and develop a more robust and

high-performance path loss model. Based on the above modeling

approach, the main contributions of this study are as follows: (1) A

parameterized model with undetermined coefficients was developed

based on the ITU-R P.2001 model. (2) A high-precision empirical

maritime path loss model is built by integrating data-driven and

model-driven methods.

The structure of this study is organized as follows. Section II

introduces the proposed modeling framework, beginning with an

overview of the modeling process and describing the measured data

used for model development. Based on these data, the propagation

mechanisms of radio waves in the study area are analyzed, and a

parameterized model with undetermined coefficients is constructed.

A Genetic Algorithm (GA) is then employed to optimize these

coefficients using maritime measurement data as the data-driven

basis, deriving the optimal parameters and establishing a high-

precision maritime path loss model. Section III presents a

comparative analysis between the ITU-R P.2001 model and the

proposed model to evaluate the latter’s performance. Finally,

Section IV provides concluding remarks and a summary of the

main contributions of this work.
2 Materials and methods

2.1 Modeling approach

Currently, maritime communication systems—such as Vessel

Traffic Services (VTS)—primarily rely on Very High Frequency

(VHF, 30 MHz–300 MHz) bands for communication (Lee et al.,

2017). The World Radiocommunication Conference (WRC) has

allocated the 600 MHz–1000 MHz band as a low-frequency range

for 5G enhanced Mobile Broadband (eMBB) services (Zhang et al.,

2024), which also constitutes a key part of the sub-6 GHz band (450
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MHz–1000 MHz) (You et al., 2021). 5G communication is not only

an incremental leap in wireless technology but also a potential

catalyst for the digital revolution (Majid et al., 2024; Mezaal et al.,

2024). To support the development of the current and future

maritime wireless transmission services, this study collects data

from five key frequencies for modeling research: 99 MHz and 160

MHz in the VHF range, and 600 MHz, 830 MHz, and 1000 MHz in

the UHF range.

The modeling process is shown in Figure 1. First, we collected

the maritime measurement data used for modeling, including the

transmitter and receiver locations, antenna heights, gains, and

elevation maps of the modeling area. Next, we analyzed the

propagation mechanism of radio waves in the modeling area

based on the measured data. On this basis, a parameterized

model with undetermined coefficients was constructed,

incorporating the ITU-R P.2001 model. Then, we preliminarily

estimated the range of the undetermined coefficients in the

proposed model based on the maritime measurement data, which

was used to define the search space for chromosome optimization in

the GA. Subsequently, the GA was initialized, and the

undetermined coefficients in the model were optimized based on

the test data, resulting in the construction of a high-accuracy

maritime path loss model. Finally, we validated the performance

of the proposed model. In the following sections, we provide a

detailed introduction to each step of the modeling process based on

the workflow outlined above.
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2.2 Modeling data

The measurement campaign was conducted in July 2016 under

calm sea conditions, surrounding the waters of Hainan Island,

South China Sea, with clear weather and no wind, and

measurements were carried out during daytime. Under such

environmental conditions, the sea surface was relatively smooth,

and atmospheric conditions were stable, which helped to reduce

additional variability caused by sea clutter, surface roughness, and

weather-induced fluctuations. As a result, the measured

propagation characteristics are mainly dominated by large-scale

path loss mechanisms rather than short-term environmental

disturbances. The transmitting antenna was fixed at (18.25°N,

109.42°E) with a mounting height of 24.9 meters, and an azimuth

angle of 210°. The model of the signal source is R&S SML03. An

R&S HL116 antenna was used for transmission at 99 and 160 MHz,

featuring a gain of 0.9 dBi. An R&S HL223 antenna was used for

transmission at 600, 830, and 1000 MHz, featuring a gain of 0.9 dBi.

The antenna was installed in an open area without any obstructions

nearby. An R&S 023A1 antenna was used for the receiving antenna.

It was mounted on a research vessel at an elevation of 10.9 meters

above sea level. The spectrum analyzer adopts CeyearAV 4036. The

vessel sailed southwestward along a 210° azimuth, with its route

terminating at (17.84°N, 109.17°E). The total sailing distance was

approximately 60 km. Along the route, we evenly deployed 25 data

collection points. The gain of the receiving antennas was 6.59 dBi
FIGURE 1

Modeling approach.
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for all frequencies. During the data collection process, the mean

detection method was used, with sampling conducted at a rate of

once per second. At each observation point, the vessel was

anchored, and the spectrum analyzer was configured with a

sampling interval of less than 100 ms. The measurement duration

at every observation point exceeded 5 minutes. For each frequency,

at least 1,000 data samples were collected, resulting in a total of

approximately 125,000 data points. The median value of all

recorded field strength measurements at each receiving point was

adopted as the final result to ensure robustness against outliers.

Subsequently, the field strength values were converted to path loss

using the methodology outlined in ITU-R P.525 (International

Telecommunication Union (ITU-R), 2019). In total, 125

measured samples across five frequencies were utilized for model

construction. The detail of the propagation path is shown

in Table 1.

Figure 2 presents the distribution of evaporation duct heights

over the South China Sea in 2024. It can be observed that the

maximum evaporation duct height in the target modeling area is

approximately 20 m. Since the transmitting antenna is installed at a

height of 24.9 m, the evaporation duct trapping condition is not

satisfied. The ionosphere is stratified into the D, E, and F layers

according to altitude and propagation characteristics. Among them,

the F layer has the highest reflectivity, with a maximum critical

frequency of less than 12.7 MHz (Yu, 2024). As this study focuses

on frequencies above 99 MHz, ionospheric scattering is not

considered. Therefore, the propagation mechanisms are limited to

surface (line-of-sight and ground-reflected) propagation and

troposcatter propagation. Accordingly, the driven model

developed in this work is constructed based on these

two mechanisms.
2.3 Model determination

The ITU-R P.2001 model (hereafter referred to as ITU) is a

widely used general ground propagation model for frequencies

ranging from 30 MHz to 50 GHz. The International

Telecommunication Union proposed the model in 2012 and

revised it in 2013, 2015, 2019, 2021, and 2023. This model applies
Frontiers in Marine Science 04
to propagation prediction in the frequency range of 30 MHz to 50

GHz, with propagation distances from 3 to 1000 km, and for time

percentages ranging from 0% to 100%. The model consists of the

normal propagation close to the surface of the Earth sub-model, the

anomalous propagation sub-model, the troposcatter propagation

model, and the sporadic-E sub-model. These sub-models consider

different propagation mechanisms, including line-of-sight

propagation, atmospheric waveguide, tropospheric scattering, and

ionospheric scattering. The final predicted loss is obtained by

combining the sub-model predictions through their correlations

or the Monte Carlo algorithm (International Telecommunication

Union (ITU-R), 2023). The radio wave propagation in the modeling

area only involves the normal propagation close to the surface of the

Earth and troposcatter propagation. Therefore, the model can be

expressed using Equation 1.

L = Lm + Lf + Ld + La + Lo, (1)

where Lm represents the climatic loss (meteorological factors),

as shown in Equation 2; Lf is the frequency loss, as shown in

Equation 3; Ld is the distance loss, as shown in Equation 4; La is the

attenuation factor beyond the q% time percentage, as shown in

Equation 5; and Lo represents other attenuation losses, as shown in

Equation 6.

Lm =
Mg for ground

Mt for troposphere
,

(
(2)

whereMg represents the meteorological attenuation loss related

to the climate zone for the ground; Mt is the meteorological

attenuation loss related to the climate zone for the troposphere.

Lf =
20 · lg (f ) for ground

22 · lg (f ) for troposphere
,

(
(3)

where f represents the frequency (GHz).

Ld =
20 · lg (D) for ground

17 · lg (d) + 30 · lg (q) for troposphere

(
(4)

where D represents the great-circle distance of the path (km); d

is the path distance (km); and q is the scattering angle (mrad),
TABLE 1 Details of the propagation path.

Parameter\
Frequency

99MHz 160MHz 600MHz 830MHz 1000MHz

Signal source R&S SML03

Transmitting antenna R&S HL116 R&S HL223

Transmitting antenna height 24.9m

Transmitting antenna gain 0.9 dBi

Spectrum analyzer CeyearAV 4036.

Receiving antenna R&S 023A1

Receiving antenna height 10.9m

Receiving antenna gain 6.59 dBi
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which is calculated based on d.

La =
A1 for ground

A2 for troposphere
,

(
(5)

where A1 represents the attenuation of the ground exceeding the

q% time percentage; A2 represents the attenuation of the

troposphere exceeding the q% time percentage.

Lo =
92:4 + Lb + max Lh − Ls, 0f g for ground

0:07 · exp½0:055 · (Gt + Gr)� + Yq for troposphere
,

(
(6)

where Lb represents the Brillouin scattering loss caused by

obstacles, Ls represents the Brillouin scattering loss caused by a

smooth path profile, and Lh represents the scattering loss caused by

the curvature of the Earth’s surface. Gt and Gr are the gains of the

transmitting and receiving antennas, respectively, and Y(q) is the

probability conversion factor for the loss.

Figure 3 shows a line chart of the deviation (as shown in

Equation 7) between the ITU model ’s prediction and

the measurement.

From the figure, we can observe that in the distance dimension

(Figures 3A-E), the deviation shows a negative slope linear

relationship for the normal propagation close to the surface of the

Earth model, while the deviation of the troposcatter propagation

model exhibits a linear relationship with an approximate zero slope.

In the frequency dimension (Figure 3F), the deviations of both sub-

models exhibit a logarithmic shift transformation fitting trend.

D = L − Lt , (7)
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where L represents the predicted loss from the ITU model, and

Lt represents the measured loss.

Based on the above analysis, we use Equation 1 as the

foundational model, apply a logarithmic function to correct the

frequency loss, and a linear function to correct the distance loss to

construct the driving model. The expression is as shown in

Equation 8.

Lp = Lm + Lf + Ld + La + Lo, (8)

where Lf is as shown in Equation 9; Ld is as shown in Equation

10; c1 and c2 are constants.

Lf =
(20 + a) · lg f for ground

(22 + b) · lg f for troposphere
,

(
(9)

Ld =
20 · lg (D) +m · d + c1 for ground

17 · lg (d) + 30 · lg (q) + n · d + c2 for troposphere

(
(10)

where a, b, m, n, c1, and c2 are undetermined coefficients.

Specifically, a denotes the additional impact of near-ground

environments on the frequency dependence of propagation loss,

while b denotes the additional frequency dependence introduced by

tropospheric conditions. The coefficient m denotes the distance-

dependent attenuation factor in near-ground propagation,

reflecting the average excess loss per unit distance, whereas c1
serves as a baseline correction term at the beginning of the

propagation path, compensating for fixed deviations caused by

antenna installation conditions, ground boundary effects, and

related factors. Similarly, n represents the distance-dependent
FIGURE 2

Height map of annual evaporation duct occurrence in the South China Sea.
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attenuation coefficient in tropospheric propagation, describing the

cumulative excess loss with increasing distance, and c2 accounts for

fixed environmental corrections in tropospheric propagation,

compensating for constant deviations due to climatic conditions,

antenna configurations, and baseline differences inherent in

empirical formulas.

The undetermined coefficients in the proposed driven model

characterize the deviations between the measured data and the

predictions of the ITU model. Specifically, when these coefficients

are optimized to their best-fit values, the predicted path loss of the

driven model (Lp) converges to the measured path loss (Lt), as

expressed in Equation 11.

L+a · lg f +m · d + c1
a,m=best value

→ Lt for ground

L+b · lg f + n · d + c2
b,n=best value

→ Lt for troposphere
,

8><
>: (11)

By substituting the data of two measured links into Equation 11

and keeping all other propagation parameters identical except for

frequency, the value ranges of the undetermined coefficients a and b

can be obtained through simultaneous solving, as shown in

Equation 12. Similarly, when all parameters except distance are

kept the same, the value ranges of the undetermined coefficients m

and n can be determined, as expressed in Equation 13.

a = (Lf1 − Lf2 )=( lg f1 − lg f2) − 20

b = (Lf1 − Lf2 )=( lg f1 − lg f2) − 22
,

(
(12)

m =
(Lf 1−Lf 2)−20·( lgD1−lgD2)

d1−d2

n =
(Lf 1−Lf 2)−17·( lg d1−lg d2)−30·( lg q1−lg q2)

d1−d2

,

8<
: (13)

The constant coefficient c represents the offset. Comparing the

deviation between the ITU model predictions and the measured
Frontiers in Marine Science 06
values falls within the range [-35.88,10.88]. Therefore, this interval

is the optimization range for the constant coefficient c.

Based on the above procedure, the optimization ranges of all

undetermined coefficients in the proposed model were determined,

as summarized in Table 2. Subsequently, the model-driven

component, represented by Lp is combined with a data-driven

component, where a GA is employed to extract features from the

measured data. Integrating these two components establishes an

empirical propagation loss prediction model for maritime

wireless channels.
2.4 Modeling process

This study leverages measured data and employs the GA as a

data-driven approach to optimize the undetermined coefficients in

the driven model, thereby establishing a more accurate prediction

model. GA is an optimization algorithm inspired by the process of

biological evolution in nature, and it is widely applied to solve

complex optimization problems (Li et al., 2016). Through iterative

evolution and refinement of candidate solutions, GA effectively

explores high-dimensional search spaces and is particularly suitable
FIGURE 3

The deviation between the ITU model’s prediction and the measurement. (A) The deviation at 99MHz. (B) The deviation at 160MHz.
(C) The deviation at 600MHz. (D) The deviation at 830MHz. (E) The deviation at 1000MHz. (F) Deviation comparison across different frequencies.
TABLE 2 Range of undetermined coefficients for the driving model.

Undetermined coefficients for Value

a [-75.16, 3.29]

b [-48.85, -6.76]

m [-5.67, 3.13]

n [-10.05, 26.59]

c1&c2 [-35.88, 10.88]
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for combinatorial and parameter optimization tasks (Wang et al.,

2023c). In GA, the parameters to be optimized are encoded into

chromosomes. By performing genetic operations such as selection,

crossover, and mutation, GA achieves global optimization while

reducing the risk of being trapped in local optima (Abualigah

et al., 2021).

Figure 4 illustrates the GA optimization process. First,

chromosomes are constructed using the parameters to be

optimized: a, b, m, n, c1, and c2. The initial values adopted in this

study are used solely as starting points for model training and do

not affect the effectiveness of hyperparameter optimization. Based

on the initial values and optimization ranges of all frequencies

summarized in Table 3, corresponding chromosome individuals
Frontiers in Marine Science 07
and populations are randomly generated, with each parameter

initialized within its optimization range. Next, the parameters

encoded in each chromosome are substituted into the driven

model to calculate the fitness values, thereby assessing the

performance of each chromosome.

The algorithm then evaluates whether the stopping criteria—

defined by either the maximum number of iterations or the

convergence of fitness—are satisfied. If the criteria are met, the

chromosome with the highest fitness is selected, and the

corresponding parameter values are adopted as the final

coefficients of the proposed model. Otherwise, the top 30% of

chromosomes with higher fitness are preserved for crossover and

mutation operations, while the remaining 70% of the population is

regenerated within the predefined parameter bounds. This process

is iteratively repeated until the termination condition is fulfilled.
3 Result and discussion

3.1 Modeling results and evaluation metrics

The optimal values through the GA optimization process are

shown in Table 4. These coefficients represent the best-fit

parameters that minimize the deviation between the predicted

path loss and the measured data, ensuring the accuracy and

reliability of the proposed model. In the following, we will

evaluate the performance of the proposed model using objective

metrics such as RMSE (denoted as s) and the improvement

percentage (denoted as d). The specific definitions of these

metrics are provided in Equations 14 and 15.

s =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N o

N

n=1
½Lm(n) − Lp(n)�

2
s

, (14)

where Lm is the measured path loss value, Lp is the path loss

value predicted by the model, and N is the number of observation

points at each frequency.

d = (si − sp)=si � 100%, (15)

where si represents the RMSE between the ITU model and the

measured value, while sp denotes the RMSE between the

predictions of the proposed model and the measured values.
3.2 Comparative analysis of model
predictive performance

Figure 5 shows a comparison between the measurement and

prediction. From Figures 5A-E, it can be observed that both the ITU

and the proposed (hereafter referred to as PRO) models reflect the

trend of the measured losses. However, the PRO model exhibits

better consistency with the measured losses, indicating superior

prediction accuracy of the PRO model. In the distance dimension,

the ITU model demonstrates an increasing prediction accuracy as

the distance increases. As observed in Figure 5F, with the increase in
FIGURE 4

The optimization process of GA.
TABLE 3 Hyperparameters of GA.

Hyperparameters Value Range

Population size 500

–
The number of generations 500

The crossover probability 30%

The mutation probability 30%

a 1.12

Refer to Table 2

b 6.14

m -3.29

n -17.41

c1&c2 0
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frequency, the prediction accuracy of the ITU model also improves,

indicating that the ITU model is influenced by both distance and

frequency. The PRO model demonstrates greater stability than the

ITU model in both the distance and frequency dimensions, and its

prediction accuracy significantly outperforms that of the ITU

model. In addition, it can be observed that the path loss of the

ITU and PRO models around 34 km shows obvious nonlinearity.

The specific reason is that the ITU-R P.2001 model comprises

multiple propagation sub-models. Specifically, sub-model 1 is

applied before 34km, while sub-model 3 is adopted for distances

greater than 34 km (the method for combining these sub-models is
Frontiers in Marine Science 08
described in Appendix J of (International Telecommunication

Union (ITU-R), 2023)). The transformation between sub-models

yields a noticeable nonlinearity in the prediction curve.

Figure 6A shows the overall comparison of the RMSE between

the ITU and the PRO models across different frequencies. It can be

seen that the RMSE of the PRO model is significantly lower

than that of the ITU model, with the average RMSE across all

frequencies reduced by 7.37dB compared to the ITU model.

Among them, the 99MHz band shows the largest reduction of

16.44dB, while the 600MHz band shows the smallest reduction

of 4.12dB.
TABLE 4 The optimal value of the undetermined coefficient.

Coefficients Physical significance
Frequency/MHz

99 160 600 830 1000

a
Represents the additional impact of near-ground environments on the frequency dependence of
propagation loss

-23.05 -20.11 -25.99 -26.48 -21.10

m
Denotes the distance-dependent attenuation factor in near-ground propagation, reflecting the
average excess loss per unit distance

0.55 0.45 0.55 0.74 0.55

c1
Serves as a baseline correction term at the beginning of the propagation path, compensating for
fixed deviations due to antenna installation, ground boundary effects, and related factors

-9.68 -16.13 -9.68 -16.13 -9.68

b Represents the additional frequency dependence introduced by tropospheric conditions -14.06 -14.06 -19.85 -19.30 -16.82

n
Represents the distance-dependent attenuation coefficient in tropospheric propagation, describing
the cumulative excess loss with increasing distance

0.13 0.03 0.06 0.03 0.06

c2

Accounts for fixed environmental corrections in tropospheric propagation, compensating for
constant deviations due to climatic conditions, antenna configurations, and baseline differences
inherent in empirical formulas

-16.13 -22.58 -9.68 -9.68 -9.68
fronti
FIGURE 5

Comparison of measured and predicted path loss. (A) Measured and predicted path loss at 99MHz. (B) Measured and predicted path loss at 160MHz.
(C) Measured and predicted path loss at 600MHz. (D) Measured and predicted path loss at 830MHz. (E) Measured and predicted path loss at
1000MHz. (F) RMSE of all frequencies.
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Figures 6B, C show the radar chart comparison of the ITU and

PRO sub-models. The overall shapes of the ITU and PRO radar

charts are closer to those of normal propagation close to the surface

of the Earth, indicating that the model prediction error mainly

originates from this sub-model. The RMSE (Rg) of the ITU normal

propagation close to the surface of the Earth model decreases

significantly with increasing frequency, indicating that this sub-

model is highly influenced by frequency. At lower frequencies, the

ITU model exhibits a relatively high Rg, reaching as much as

21.81dB at 99MHz. The PRO model effectively addresses this

issue, reducing the maximum Rg to just 3.68dB. The PRO model

not only significantly improves the accuracy but also enhances the

stability in frequencies. The average RMSE of the ITU troposcatter

propagation sub-model across all frequencies is 5.87dB.

In contrast, the PRO troposcatter propagation sub-model

achieves a significantly lower average RMSE of just 1.49dB,

representing a reduction of 4.38dB compared to the ITU model.

Figure 6D presents the improvement percentages of the PRO

model compared to the ITU model. The figure shows that the PRO

model and its sub-models exhibit improvements exceeding 57%

across all frequencies relative to the ITU model. Specifically, the

average improvement percentages for the PRO model, the normal

propagation close to the surface of the Earth sub-model, and the

troposcatter propagation sub-model are 72.73%, 72.71%, and 70.28%,
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respectively. The PROmodel and the normal propagation close to the

surface of the Earth sub-model show the greatest improvements at

the 99 MHz frequency band, with improvement percentages of

89.04% and 89.95%, respectively. The troposcatter propagation sub-

model achieves its highest improvement at the 160 MHz frequency

band, with an improvement percentage of 93.37%. Although the

improvements are smallest at the 600 MHz frequency band, the

PRO model and its sub-models still achieve significant

enhancements, with improvement percentages of 59.20%, 59.28%,

and 57.86%, respectively.

Figure 7 shows the boxplot comparison of each model and

Table 5 shows the RMSE of each model at each frequency. It can be

observed that the free-space propagation (FSP) model exhibits the

largest RMSE, followed by the ITU model, the two-ray (TR) model,

and the PRO model, which has the smallest RMSE. Both the FSP

and ITU models demonstrate strong spatial correlation, with RMSE

decreasing as frequency increases; the ITU model clearly

outperforms the FSP model in terms of RMSE. The TR and PRO

models show relatively stable predictions across frequency bands,

with the PRO model achieving higher prediction accuracy than the

TR model.

Specifically, the FSP model has an average RMSE of 24.44 dB

across frequencies, with the mean lower than the median, indicating

overall larger prediction errors and lower model accuracy. The TR
FIGURE 6

RMSE comparison between ITU and PRO models. (A) Overall comparison. (B) For the normal propagation close to the surface of the Earth. (C) For
the troposcatter propagation. (D) The Improvement Percentage.
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model has an average RMSE of 8.40 dB, with mean and median

coinciding, suggesting a roughly symmetric distribution without

significant skewness and relatively stable predictions. The ITU

model has an average RMSE of 9.49 dB. At 600 MHz and 1000

MHz, the ITU model’s mean RMSE exceeds the median, indicating

the presence of relatively large prediction errors at these

frequencies. Moreover, at the 1000 MHz band, the ITU model

exhibits more outliers, reflecting poorer stability in this band. In

contrast, the PRO model has an average RMSE of 2.13 dB. It shows

significantly smaller box sizes across all frequency bands, with

values concentrated near zero, suggesting more concentrated
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RMSE values and smaller overall prediction errors. Additionally,

the mean and median of the PRO model coincide across all

frequencies, indicating symmetric prediction errors that closely

align with a normal distribution, consistent with the statistical

characteristics of large-scale propagation predictions.
4 Conclusion

This study proposed a high-precision empirical maritime channel

model by integrating data-driven and model-driven approaches.
FIGURE 7

Comparison of the three models. (A) Box plot of the RMSE at 99MHz. (B) Box plot of the RMSE at 160MHz. (C) Box plot of the RMSE at 600MHz.
(D) Box plot of the RMSE at 830MHz. (E) Box plot of the RMSE at 1000MHz.
TABLE 5 The RMSE of each model at each frequency.

Model\
Frequency

99 MHz 160 MHz 600 MHz 830 MHz 1000 MHz Average

FSP 39.01 23.36 22.89 18.64 18.31 24.44

TW 11.56 2.58 10.28 8.36 9.24 8.40

ITU 18.47 9.80 6.96 6.31 5.93 9.49

PRO 2.03 1.55 2.84 2.07 2.14 2.13
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First, a theory-driven model with undetermined coefficients was

developed to describe the propagation mechanisms of the target

maritime area based on the ITU-R P.2001 framework. Then, a data-

driven component was established by employing a GA to extract

environmental features from measured data and optimize the model

coefficients. By combining these two approaches, a robust hybrid

modeling framework was constructed. Extensive validation

demonstrated that the proposed model achieves a mean RMSE of

2.13dB, corresponding to a 72.73% improvement in prediction

accuracy compared with the ITU-R P.2001 model. These results

highlight that the integration of theoretical modeling and intelligent

data-driven optimization can significantly enhance the accuracy and

stability of maritime path loss prediction.

The proposed model provides a practical tool for maritime

wireless system design and planning, supporting applications such

as maritime broadband communication, ship-to-ship and ship-to-

shore connectivity, and the extension of future 6G networks over

ocean environments. Moreover, the methodology offers a

generalizable framework that can be extended to other

challenging environments beyond maritime scenarios.
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