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Zhao et al. (2016) used the numerical model 
VDROP-J (L. Zhao et al., 2014) to simulate the 

processes of gas separation, bubble formation, 

dissolution, expansion, and fate of bubbles in 

underwater oil blowouts. They showed that minute 
bubbles would dissolve in seawater bulk while the 

bubbles that are bigger than a certain estimable size 

would reach the sea surface. Encountering different 
physical-chemical processes they argued that bubble 

size is the key factor in determining the bubbles fate, 

whether they reach the surface, dissolve in liquid 

phase or form hydrates. 

Fate of bubbles in gas-liquid plumes directly 

affects plume peeling and trapping heights and 

consequently plays a crucial role in plume 
surfacing time, surfacing location and the 

pollutant distribution on sea surface. As such 

determining the gas phase break-up processes in 
accidental underwater oil and gas blowouts is 

important for predicting the environmental 

impact of the accident, risk assessment and 

response planning.  

Contrary to deepwater blowouts where the 

contaminant plume most likely would trap below 

sea surface  (Johansen, Brandvik, & Farooq, 
2013) the effect of bubble size on increasing the 

plume peeling and trapping heights is more 

significant in moderate and shallow waters. As 
such a proper estimation of gas phase flow 

regime and bubble size distribution is crucial for 

realistic oil and gas plume fate prediction and 

estimating the extent of contaminant distribution 

on the sea surface. 

Different criterions for the prediction of gas flow 

regimes (jetting, transitional, or bubbling) in 
gas-saturated liquid blowouts in stagnant waters 

are evaluated in this research, using a series of 

laboratory experiments. Based on the findings of 
this research, it is possible to predict the gas flow 

regimes in underwater live oil blowouts and 

conduct a pre-assessment. Knowledge about the 

qualitative behavior of the pollutant plume and 
quantitative estimation of oil and gas surfacing 

time, surfacing distance from the blowout point, 

and the extent of pollutant distribution on the sea 
surface are important for safety-related and 

environmentally-related applications.  

The innovative approach of the present study 
lies within the experimental method where 

gas-saturated liquid is released in the basin to 

qualitatively investigate the effect of off-

source bubble formation on gas flow regime 
during gas-saturated liquid blowouts 

(Brandvik et al., 2015) the majority of previous 

experimental studies were conducted by 

simultaneous gas pumping and liquid pumping 
aiming to inject the gas in liquid pipeline 

downstream to release point for mixing the gas 

flow with the liquid flow. 

1-1 The effect of Bubble sie distribution on 

plume dynamics 

Flow properties, geometry of the blowout 
opening, seawater density, viscosity, and 

surface tension are some of the major 

variables that cause a certain plume GLR to 

produce different sizes of gas bubbles. The 
effect of changes in these criterions on 

dynamic parameters of single-phase gas 

plumes and two-phase gas-liquid plumes in 
liquid basins has been the subject of several 

experimental and numerical research 

(Bafandeh, Bidokhti, Lari, & Ezam, 2022; 
Brandvik et al., 2015; Socolofsky & Adams, 

2005; Sun et al., 2020; L. Zhao et al., 2017; L. 

Zhao et al., 2014).  

In stratified two-phase gas-liquid plumes, gas 
bubbles separate from the entrained seawater 

plume and tend to lift the liquid phase further 

upward in the water column than the level of 
neutral buoyancy (trapping height). That is due 

to the imparted energy from gas bubbles to the 

liquid phase as a function of bubble slip 

velocity. Thereafter, the plume will continue to 
rise above the trapping height until it reaches a 

peeling height, where dispersed phase 

buoyancy can no longer lift the entrained 
seawater (Socolofsky, Adams, & Sherwood, 

2011).  

In two-phase gas-liquid blowouts, the size of 
bubbles directly affects the slip velocity of the 

bubbles relative to the rest of the plume fluids. 

Momentum exchange between gas phase and 

liquid phase per unit volume 𝛷 is the opposite 
of the sum of the momentum transfer rate of 

forces exerted by liquid on bubbles present in 

unit volume (Eq. 1). The exerted forces can be 

listed as drag force, 𝐷, lift force, 𝐿, virtual 

mass force, 𝑉𝑀, Basset history, 𝐻, and the 

gravity and far-field pressure contributions, 

𝐹𝐺 + 𝐹𝑃 (Delnoij, Kuipers, & van Swaaij, 

1997).  
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𝛷𝑉𝑐𝑒𝑙𝑙 = ∑ (𝐹𝐷𝑖 + 𝐹𝑉𝑀𝑖 + 𝐹𝐿𝑖 + 𝐹𝐻𝑖 + 𝐹𝐺 + 𝐹𝑃) 𝑖 (1)  
     

The forces acting from bubbles to the liquid are 

attributed to bubble size, either directly or 

through the bubble slip velocity (𝑈𝑠𝑖), which in 

turn is also related to the size of bubbles 

(Delnoij et al., 1997). 

Lift force and Basset history force are of 
several orders of magnitude smaller than drag 

force and other applied forces in Eq.1 and can 

be neglected in calculations of bubbly plumes 
dynamics (Delnoij et al., 1997; L. Zhao et al., 

2017). Accordingly, Zhao et al. (2017) 

formulated the impact of bubbles on the 

mixing energy of the jet/plume systems (Eqs. 
2 and 3). 

𝜀𝑖 =
𝐹𝑖𝑚𝑝𝑜𝑠𝑒𝑑𝑈𝑠𝑖𝑁𝑖

𝜌𝑐
                      (2)

       

𝐹𝑖𝑚𝑝𝑜𝑠𝑒𝑑 =
1

2
𝐶𝐷𝐴𝑏𝜌𝐶|𝑈𝑏 − 𝑈𝑐|(𝑈𝑏 − 𝑈𝑐) +

1

2
𝑚𝑐 (

𝑑𝑈𝑏

𝑑𝑡
−

𝑑𝑈𝑐

𝑑𝑡
)                                   (3) 

Here 𝑁𝑖  (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑏𝑢𝑏𝑏𝑙𝑒𝑠 𝑚3⁄ ) is the 

number concentration of bubbles with a 

specific size 𝑑𝑖 in the volume of water in 

concern. 𝜀𝑖 is the energy dissipation rate 
generated from the rise of this group of 

bubbles, 𝐶𝐷 is the drag coefficient, and 𝐴𝑏 is 

the projected area of the bubble (𝑚2). 𝑈𝑏 and 

𝑈𝑐 are the velocity of bubbles and continues 

phase respectively (𝑚 𝑠⁄ ), 𝑚𝑐 is the added 

mass of the liquid which in the absence of 

bubbles is accelerated and 𝜌𝑐 is the density of 
the continues phase.  

One of the major influential factors on number 

concentration of bubbles and size of bubbles in 
gas-saturated liquid blowouts is the gas flow 

regime of the blowout. Bubbling gas flow 

regime may produce large bubbles with lower 

number concentration of bubbles while jetting 
regime develops small bubbles with higher 

number concentration of bubbles. 

1-2 Gas flow regime criterions in Gas-

saturated liquid blowouts in stagnant water 

Blowout flow specifications and ambient 

conditions (pressure, temperature, cross flows, 

etc.) have major effects on the bubbling regime 
of plumes, while the shape, surface roughness, 

and size of the opening also play significant 

roles in bubble size and number concentration 

of bubbles (Goda, Iguchi, Sasaki, & Kiuchi, 
2005; Kubasch, 2001; Tsuge, Tezuka, & 

Mitsudani, 2006). 

Irrgang et al (2012) classified the gas flow 

regimes in liquid basins into three main 
categories of static bubbling, dynamic 

bubbling, and jetting regimes. They studied 

Payne and Prince (1975) and Hoefele and 
Brimacombe (1978) correlations of gas flow 

regime transition in liquid basins as two of the 

most commonly accepted correlations. They 
argued that in the static bubbling regime, the 

equality between surface tension and bubble 

buoyancy forces plays a significant role in the 

bubble formation process and also stated that 
bubble volume is governed by the orifice 

diameter and surface roughness, independent 

from the gas flow rate. 

Oguz and Prosperetti (1993) introduced a 

critical value for gas flow rate (𝑄𝑐𝑟) above 

which the gas bubble radius at detachment is 

proportional to 𝑄
2

5⁄  where 𝑄 is the gas flow 

rate, 𝐷0 is the nozzle internal diameter, 𝜎 is the 

liquid surface tension, 𝜌 is the liquid density, and 

𝑔 is the gravitational acceleration (Eq.4). 

𝑄𝑐𝑟 = 𝜋 (
16

3𝑔2)

1

6
(

𝜎𝐷𝑜

𝜌
)

5

6
                     (4)              

In Oguz and Prosperetti (1993) correlation, for 

𝑄 < 𝑄𝑐𝑟 the bubble radius can be as small as 

Fritz radius 𝑅𝐹 (Eq. 5) where the buoyancy and 
surface tension forces are in balance. Oguz and 

Prosperetti (1993) argued that for static 

bubbling regime, 𝑅𝐹 is the smallest possible 

bubble radius in quiescent water detached from 

a nozzle with a given internal diameter of 𝐷0. 

In a dynamic bubbling regime, both bubble 

volume and frequency of bubble formation 
increase with increasing the gas flow rate. For 

𝑄 > 𝑄𝑐𝑟 Oguz and Prosperreti correlation for 

radius of the bubbles is proportional to gas 

flow rate (Eq.6), 

𝑅𝐹 = (
3

2

𝜎𝐷𝑜

𝜌𝑔
)

1

3
           (5) 

𝑅̅ = (
9

8𝜋2

𝑄2

𝑔
)

1

5
         (6) 

Payne and Prince (1975) correlation (Eqs. 7 

and 8) is based on the relation between the 
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grade colors and pressurized with CO2 gas 
(99% purity). The laboratory experiment setup 

is schematically shown in Fig. 1. 

 

Fig.1 Schematic diagram of the setup for laboratory 

experiments. 

After saturation of water with CO2 at a 

pressure of 5 𝑘𝑔/𝑐𝑚2 in the pressurized 
vessel, the pressure of the vessel was decreased 

to 1 𝑘𝑔/𝑐𝑚2, 2 𝑘𝑔/𝑐𝑚2 and 3 𝑘𝑔/𝑐𝑚2 for 

different test groups of 1bar, 2bar, and 3bar, 

respectively. The pressure of the vessel was 
maintained constant at the desired pressures 

with an adjustable pressure relief and an 

adjustable pressure regulating valve. 

The constant vessel’s internal pressures were 

used to pump out the colored and CO2-

saturated water through a series of hoses and 

copper tubes to the bottom of the stratified 
basin, where a circular hole of 3.5 mm in 

diameter was prepared in a vertical upward 

direction. The photo of experimental setup in 
the laboratory is shown in Fig 2. 

 

Fig.2 Experimental setup for gas flow visualization 

in the laboratory. 

3- RESULTS AND  

A total number of 30 experimental tests were 

conducted. The experiments were recorded 

with ~10 frames per second photography (596 

fpm), and images were analyzed visually on a 
mesh grid of 2.5 mm resolution. Bubbles 

diameter in laboratory experiments was 

roughly measured using a 2.5 mm mesh grid, 
as a precise bubble diameter was not required 

to investigate the gas flow regimes. The list of 

different groups of experiments is given in 
Table 1, and samples of flow visualizations of 

gas-saturated liquid blowouts in stratified 

basins are shown in Fig. 3. The bubble 

formation in the test setup is shown in Fig. 4. 

 

 

 

 

Table 1. list of laboratory experiments 

Test 

Group 

Test 

No. 

Flow rate 

(m3/s) 

CO2 

saturation 

pressure 

(𝐾𝑔 𝑐𝑚2⁄ ) 

Density of 

the plume 

fluid 

(𝐾𝑔 𝑚3⁄ ) 

Reynolds 

number 

Plume 

GLR at 

nozzle 

tip 

Temperature 

(oC) 

Basin’s 

bottom 

layer 

salinity 

(ppt) 

Buoyancy 

frequency   

of the basin 

(s-1) 

1bar T-5 0.0000429 1 1001 15603 0.131 15.4 15 0.283 

1bar T-6 0.0000429 1 1001 15603 0.131 18 25 0.323 



Maryam Bafandeh, Abbas-Ali Ali Akbari Bidokhti / IJCOE 2026, Vol11(No3); p.p1-p16 

7 

 

1bar T-7 0.0000429 1 1001 15603 0.131 12.8 36 0.395 

1bar T-8 0.0000429 1 1001 15603 0.131 21 45 0.437 

1bar T-9 0.0000429 1 1001 15603 0.131 16.7 45 0.441 

1bar T-10 0.0000429 1 1001 15603 0.131 18 55 0.460 

1bar T-12 0.0000429 1 1001 15603 0.131 20 35 0 

1bar T-13 0.0000429 1 1001 15603 0.131 20 35 0 

2bar T-17 0.0000645 2 1001 23459 0.235 14 35 0 

2bar T-18 0.0000645 2 1001 23459 0.235 14 35 0 

2bar T-19 0.0000645 2 1001 23459 0.235 20 35 0 

2bar T-20 0.0000645 2 1001 23459 0.235 15.6 25 0.332 

2bar T-21 0.0000645 2 1001 23459 0.235 12 36 0.438 

2bar T-23 0.0000645 2 1001 23459 0.235 18.2 45 0.433 

3bar T-26 0.0000811 3 1001 29498 0.335 12 35 0 

3bar T-27 0.0000811 3 1001 29498 0.335 12 35 0 

3bar T-30 0.0000811 3 1001 29498 0.335 13 36 0.431 

 

 

Fig.3 Sample flow visualization of gas-saturated in stratified basin

Flow visualization of 1bar test group 

experiments clearly depicts the presence of 

small bubbles of order of 10−4𝑚 or less in 

diameter, along with large bubbles of order of 

10−3𝑚 in diameter within the plume. Large 

bubbles were continually generated from 
effervescent flow due to gas separation from 

liquid through the pipeline and across the nozzle.  

These bubbles were ascending and separating 
from the liquid plume during the whole test 

duration. However, only in the initial frames of  

2bar and 3bar test groups some large bubbles of 

order of 10−3𝑚 in diameter were seen.  
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Table 2. Gas flow regime criterions in experimental results using equivalent liquid only velocities and flow rates.  

salinity ppt Characteristic Criterion  
Lower limit for 

Jetting regime 

1bar test 

group 

2bar test 

group 

3bar test 

group 

25 Critical Velocity Wallis Critical Velocity criterion 7.121 4.701 7.243 9.181 

25 Mach number 
Hoefele and Brimacombe nominal 

Mach number criterion 
0.00907 0.0137 0.0211 0.0267 

25 Weber number 
Zhao and Iron critical Weber 

number criterion 
238.025 1063.91 2525.17 4056.50 

25 Weber number 
Tang and Masutani modified 

Weber number criterion 
324 1063.91 2525.17 4056.50 

25 
Modified 

Froude number 

Hoefele and Brimacombe velocity 

based modified Froude number 

criterion 

185 39061 92711 148934 

25 
Modified 

Froude number 

Hoefele and Brimacombe flow 

rate based modified Froude 

number criterion 

185 390.7 927.3 1489.7 

25 
Modified 

Froude number 

Payne and Prince modified Froude 

number criterion 
200 197.6 304.4 385.9 

35 Critical Velocity Wallis Critical Velocity criterion 7.159 4.701 7.243 9.181 

35 Mach number 
Hoefele and Brimacombe nominal 

Mach number criterion 
0.00910 0.0137 0.0211 0.0267 

35 Weber number 
Zhao and Iron critical Weber 

number criterion 
238.78 1054.10 2501.90 4019.12 

35 Weber number 
Tang and Masutani modified 

Weber number criterion 
324 1054.10 2501.90 4019.12 

35 
Modified 

Froude number 

Hoefele and Brimacombe velocity 

based modified Froude number 

criterion 

185 28022 66510 106844 

35 
Modified 

Froude number 

Hoefele and Brimacombe flow 

rate based modified Froude 

number criterion 

185 388.2 921.5 1480.3 
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25 
Weber number 

Tang and Masutani modified Weber number 
criterion 

324 844.0162 1680.0269 2327.376 

25 Modified 
Froude number 

Hoefele and Brimacombe velocity based 
modified Froude number criterion 

185 497.954 991.186 1373.110 

25 Modified 

Froude number 

Hoefele and Brimacombe flow rate based 

modified Froude number criterion 
185 307.163 611.413 847.003 

25 Modified 
Froude number 

Payne and Prince modified Froude number 
criterion 

200 22.314 31.4831 37.055 

35 
Critical 
Velocity 

Wallis Critical Velocity criterion 7.159 93.642 132.116 155.5 

35 
Mach number 

Hoefele and Brimacombe nominal Mach 
number criterion 

0.2046 0.2730 0.3851 0.4533 

35 
Weber number 

Zhao and Iron critical Weber number 

criterion 
238.78 827.050 1646.255 2280.592 

35 
Weber number 

Tang and Masutani modified Weber number 
criterion 

324 827.050 1646.255 2280.592 

35 Modified 
Froude number 

Hoefele and Brimacombe velocity based 
modified Froude number criterion 

185 494.787 984.882 1364.377 

35 Modified 
Froude number 

Hoefele and Brimacombe flow rate based 
modified Froude number criterion 

185 305.209 607.524 841.616 

35 Modified 

Froude number 

Payne and Prince modified Froude number 

criterion 
200 22.243 31.382 36.937 

45 
Critical 
Velocity 

Wallis Critical Velocity criterion 7.376 93.642 132.116 155.5 

45 
Mach number 

Hoefele and Brimacombe nominal Mach 
number criterion 

0.2054 0.2730 0.3851 0.4533 

45 
Weber number 

Zhao and Iron critical Weber number 
criterion 

239.71 792.617 1577.716 2185.643 

45 
Weber number 

Tang and Masutani modified Weber number 

criterion 
324 792.617 1577.716 2185.643 

45 Modified 
Froude number 

Hoefele and Brimacombe velocity based 
modified Froude number criterion 

185 490.944 977.232 1353.780 

45 Modified 
Froude number 

Hoefele and Brimacombe flow rate based 
modified Froude number criterion 

185 302.839 602.806 835.080 

45 Modified 
Froude number 

Payne and Prince modified Froude number 
criterion 

200 22.157 31.260 36.793 

55 
Critical 
Velocity 

Wallis Critical Velocity criterion 7.458 93.642 132.116 155.5 

55 
Mach number 

Hoefele and Brimacombe nominal Mach 
number criterion 

0.2062 0.2730 0.3851 0.4533 

55 
Weber number 

Zhao and Iron critical Weber number 
criterion 

240.64 779.091 1550.794 2148.347 
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55 
Weber number 

Tang and Masutani modified Weber number 
criterion 

324 779.091 1550.794 2148.347 

55 
Froude number 

Hoefele and Brimacombe velocity based 
modified Froude number criterion 

185 487.160 969.701 1343.347 

55 
Froude number 

Hoefele and Brimacombe flow rate based 

modified Froude number criterion 
185 300.505 598.160 828.644 

55 
Froude number 

Payne and Prince modified Froude number 
criterion 

200 22.071 31.140 36.651 

Table 3 shows that the critical velocity criterion of 

Wallis (1969) predicts all the present experiments 

in fully developed jetting regime and Payne and 
Prince (1975) modified Froude number criterion 

with noticeable underestimation predicts all the 

experiments in bubbling regime. The results 

suggest that, using the equivalent gas only flow 
velocity is not applicable to Wallis critical 

velocity and Payne and Prince modified Froude 

number criterions, while by using the equivalent 
liquid only flow velocity, these two criterions 

showed to be suitable for discerning the flow 

regimes of present experiments 

Hoefele and Brimacombe nominal Mach number 
criterion, velocity based modified Froude number 

criterion and flow rate based modified Froude 

number criterion as well as Zhao and Iron critical 
Weber number criterion and Tang and Masutani 

modified Weber number criterion, predict the 

flow regime of present research experiments in 
fully developed jetting regime. The resulted from 

these correlations when using the equivalent gas  

only velocities seem to be closer to the lowe limits 

expected from the criterions when compared with 
using the equivalent liquid only velocities in the 

correlations. Although these criterions also fail to 

predict the flow regimes in present experiments 
but contrary to Wallis critical velocity criterion 

and Payne and Prince modified Froude number 

criterion, the results of these correlations are in 

justifiable ranges.  

4- DISCUSSION 

Flow visualization of the experiments showed that 

the gas flow regime in 1bar test group was in 

transition from bubbling regime to jetting regime, 

containing both large bubbles and minute bubbles 
while  in 2bar and 3bar test groups, the flow was 

in form of jetting (atomization) regime.  

The formation process of gas bubbles is affected 
by surface tension, viscosity, inertia and buoyancy 

forces while the mechanism of bubble breakup 

and atomization are based on the concept that the 

destructive forces due to inertia and turbulence 
prevail over the resistance forces due to surface 

tension and viscosity (L. Zhao et al., 2014). 

Martinez-Bazan et al. (1999) suggest that for the 
case of submerged bubbles in turbulence water 

flow, the Ohnesorge number which is the ratio of 

viscose forces to surface tension forces is very 

small (𝑂ℎ < 10−2) and internal viscose 
deformation forces are negligible compared to 

surface tension forces. 

Some researchers suggest that the Reynolds 

number (𝑅𝑒 > 11000) which is the ratio of 

inertial forces to viscous forces is preferred to 

identify bubbling-

jetting regime (Cai et al., 2010). Also Neto et al. 
(2008) propose that a minimum value of Re = 

8000 is necessary to produce bubbles of 

approximately uniform sizes, independent from 

gas to liquid volume fraction in bubbly jets. 
Presence of irregular bubble sizes consisting of 

both larger bubbles (with diameters of order of 

10−3 𝑚) and minute bubbles (with diameters of 

order of 10−4𝑚 or less) in 1bar test group 

experiments (𝑅𝑒 = 15600) suggests that 

Reynolds number is not an unconditional 

criterion for discerning the transition from 
bubbling to jetting regime. 

Table 2 suggests that by using the equivalent 

liquid only velocity, Wallis (1969) critical 

velocity and Payne and Prince (2003) velocity 
based modified Froude number criterions are 

more suitable to predict the gas flow regime for 

the case of gas-saturated liquid blowouts. These 
two criterions distinguish the change of flow 

regime from 1bar test group to 2bar test group in 

experiments with lower bottom layer density 

(1017 𝑘𝑔 𝑚3⁄ and 1024 𝑘𝑔 𝑚3⁄ ), better than 
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evaluated. The results of this study indicate that the 

sound transmission loss changes almost significantly in 

the presence of these cores [6]. 

Xun et al. (1999), in a project affiliated with the 

Institute of Acoustic Studies of the Chinese University 

of Sciences, studied the dispersion and scattering of 

signals in places with underwater turbulence and fast 

ocean currents [18]. A study on sound propagation and 

detection of targets and obstacles in shallow and deep 

basins was conducted by Clary and Medwin in 1977. In 

this study, it was determined through sampling and 

measurements of sound speed, sound signals and the 

formation of sound channels that sound channels with 

the sea surface and seabed as their boundaries are 

formed in shallow places [3]. 

The variability of the mixed layer in the North Arabian 

Sea was investigated using measurements taken by the 

Argo floats in 2007 by Bhaskar et al. In line with the 

international Argo project, more than 5000 unmanned 

surface and subsurface vessels of various types are 

active in waters around the world to create a complete 

archive of observations of physical and chemical 

parameters since 2000 [2]. Ohno et al. (2004), also 

investigated and analyzed the depth of the mixed layer 

in the winter season using data from the Argo float in 

the North Pacific Ocean. They also continued their 

studies in 2006 to investigate the distribution of mixed 

layer characteristics in the Pacific Ocean [19]. The 

depth of acoustic channels and their relationship with 

other physical parameters and the depth of the surface 

mixed layer in different oceans was evaluated by 

Helber et al. in 2007. According to their results, the 

depth of the acoustic layer and the depth of the surface 

mixed layer often coincide [7]. 

Ross and Lavery conducted experiments on the 

scattering behavior of sound waves in the presence of 

dual-scattering microstructures in 2007. After creating 

a dual-scattering structure in a laboratory glass tank, 

they investigated the scattering of sound signals 

through these structures at two frequencies, 250 kHz 

and 500 kHz. 

 

2. Materials and methods 

2.1 Methodology 

The physical parameters studied in the present study 

include temperature, salinity, and sound velocity. 

Changes in the aforementioned physical parameters in 

the water column are variable and depend on factors 

such as the location of the region, latitude, season, 

water depth, time of day, and so on. Therefore, in the 

present study, the changes in the mentioned parameters 

in the cold and warm seasons of the northern Indian 

Ocean, the Sea of Oman, the Strait of Hormuz and the 

Persian Gulf in different layers of the water column 

have been investigated and evaluated. This study aims 

to determine the changes in each of the parameters in 

the water column for different marine areas in the cold 

and warm seasons of the region to comprehensively 

and completely understand the physical parameters, 

especially the speed of sound propagation in different 

layers of the water column. The vertical structure of the 

water column can be divided as follows [15].  

1. Surface layer: The waters located at the sea surface 

are referred to as the surface layer and the changes in 

the speed of sound in this layer change with daily 

changes in water level, temperature and atmospheric 

conditions. Due to relatively high-speed winds, the 

waters in this layer mix with the underlying layers and 

create a mixed layer. 

2. Seasonal thermal layer: By passing through the 

mixed layer, we will face a sharp drop in temperature. 

This layer is formed in shallow areas and mid-latitudes 

in the warm season and weakens in the cold season. In 

this layer, the speed of sound usually decreases with a 

relatively steep slope. 

3. Main layer: In this layer, which is also known as the 

main thermocline layer, the temperature of the water 

layers always decreases with increasing depth. As a 

result of this decrease, the speed of sound propagation 

in this layer also decreases with increasing depth. 

 

4. Deep isothermal layer: This layer, which is usually 

formed at depths of more than 1000 meters, has the 

same temperature and temperature changes do not 

occur with increasing depth. In this layer, the speed of 

sound propagation usually increases with increasing 

depth due to the increase in the density of the water 

layers. 

Among the factors affecting the propagation of sound 

waves in marine environments is the change in the 

sound velocity profile. According to ray theory, if the 

change in the sound velocity is negative, the rays bend 

in the direction where the sound velocity is reduced; 

but if the change in the sound velocity is positive, the 

rays bend upward. The areas of the sea where sound 

waves do not penetrate are called the dark zone (Figure 

 1). 
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Figure 1. How sound propagates based on the sound 

 velocity profile [15] 

 

2.2 Data collection 

In this project, monthly averaged data from the 

international World Ocean Atlas 2018 project in the 

northern Indian Ocean, the Sea of Oman, the Strait of 

Hormuz, and the Persian Gulf with a spatial accuracy 

of 0.25 degrees have been used to obtain vertical 

profiles of temperature, salinity, and sound velocity 

parameters. The World Ocean Atlas is a collection of 

averages of temperature, salinity, oxygen, phosphate, 

silicate, and nitrate that have been obtained through 

measurement data and analyzed after accurate and 

reliable quality control based on the World Ocean 

Database data. These data can be used to establish 

boundaries and initial conditions for various ocean 

models, or to validate and verify the results of 

numerical modeling, as well as to confirm the accuracy 

and precision of satellite data [16]. It is worth noting 

that WOA2018 used the latest seasonal data updates for 

the aforementioned parameters. Figure 3 shows the 

areas studied in terms of vertical profiles of 

temperature, salinity, and sound speed in the northern 

Indian Ocean, the Sea of Oman, the Strait of Hormuz, 

and the Persian Gulf. The evaluated stations are 

indicated in this figure by black dotted dots. 

 

 

 
Figure 2. Surveyed stations in target areas [17] 

 

Considering the climate of the region and the location 

of the studied areas at latitudes of 20 to 30 degrees 

north, the mentioned areas have only two cold and hot 

seasons throughout the year. Accordingly, in the 

present project, the physical parameters of the water 

column in the two cold and hot seasons of the region, 

in January and July, respectively, have been 

investigated. The data at the same depths from the 

surface to the bed and averaged in January and July 

have been used to determine the different layers of the 

column and the way the vertical profiles of the physical 

parameters change. 

 

3. Results and Discussion 

 In this section, the vertical profiles of the physical 

parameters of temperature, salinity and sound speed of 

the studied stations are shown (Figure 3). In the 

following figures, the vertical changes of the physical 

parameters of the stations of the northern Indian Ocean, 

the central Oman Sea, the central Strait of Hormuz, the 

central Persian Gulf and the northwestern Persian Gulf 

are presented in the cold season and then in the warm 

season of the region. Considering the bathymetric 

conditions and the presence of shallow areas in the 

Persian Gulf and the Strait of Hormuz and deep oceanic 

areas in the Oman Sea and the Indian Ocean; the 

vertical changes in the stations have been evaluated in 

proportion to the depth of the station in question. 
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e)  

Figure 4. Right profile (temperature), middle profile (salinity), left profile (speed of sound) (January) in cold season: a) North Indian 

Ocean, b) Central Sea of Oman, c) Central Strait of Hormuz, d) Central Persian Gulf, e) Northwestern Persian Gulf 

 

 

Given the presence of depths of more than 1000 m in 

the northern Indian Ocean and the central regions of the 

Sea of Oman, vertical changes in physical parameters 

indicate the presence of a permanent thermocline layer 

(slope) in these areas. Accordingly, in the first 100 m 

of the depth of the aforementioned areas, a 

homogeneous layer is formed and changes in 

temperature, salinity and sound speed at these depths 

are very insignificant. Due to the presence of winter 

monsoon winds (left diagram of Figure 4) in the 

northern parts of the Indian Ocean, which blow from 

the northeast and move parallel to the eastern coast of 

Africa towards the southwest, the surface 

homogeneous layer has a relatively large depth 

compared to the warm months of the region. 

Upon passing through the surface homogeneous layer, 

the thermocline layer begins with a relatively steep 

slope and continues to depths of more than 1000 m and 

a temperature of 6 degrees Celsius. This sharp decrease 

in temperature also affected the speed of sound waves, 

causing a decrease of more than 30 m/s in the 

thermocline layer. Vertical changes in the speed of 

sound in the vertical direction indicate the existence of 

a deep sound channel in the northern Indian Ocean and 

the Sea of Oman. Accordingly, if there is a sound 

source at depths of more than 100 meters, sound waves 

will be able to travel long distances without colliding 

with the surface layer of water with minimal loss. 

Salinity changes in the deep regions of the Indian 

Ocean and the Sea of Oman are such that the depth 

range of 200 to 400 meters has an increase of 0.5 psu. 

This increase in the aforementioned depths in the 

middle of the Sea of Oman and the northern Indian 

Ocean can be attributed to the penetration of dense 

outflow currents (with relatively high salinity) deep 

subsurface of the Persian Gulf. This is also clearly 

evident in the vertical salinity profile in the center of 

the Strait of Hormuz. Salinity changes in the Strait of 

Hormuz indicate an increase of more than 1 unit of 

salinity from the surface to the bed of this region, which 

indicates a subsurface flow near the bed in this region. 

Temperature changes in this cold season of the region 

from the surface to the bed are very insignificant and 

the entire water column can be considered almost 

isothermal. This is due to the increase in surface wind 

speed in the region and especially the prevailing 

atmospheric conditions in the cold season, which 

causes the water mass to become thermally 

homogeneous. Due to the insignificant temperature 

changes, changes in the speed of sound are not a 

function of temperature, and therefore, due to the 

increase in salinity with depth and the increase in water 

column pressure, we witness a 2-unit increase in the 
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speed of sound from the surface to the bed in this 

region. 

Due to depths of less than 100 in most of the Persian 

Gulf, and especially in the shallow areas of the 

northwest Persian Gulf; this water body has almost 

homogeneous waters from the surface to the bed in the 

cold season, and we witness very limited vertical 

changes in the parameters of temperature, salinity, and 

sound speed. This has caused the changes in the speed 

of sound from the surface to the bed to be more a 

function of the water column pressure than temperature 

changes. Hence, a 2-unit increase in the speed of sound 

has been recorded in the water column of the central 

and northwest Persian Gulf. This slight increase in the 

speed of sound relative to the water surface has created 

a relatively weak surface sound channel, and due to 

this, sound waves will have successive collisions with 

the water surface in their propagation path. 

 

 

 

 

 

 

 

 

a)  

b)  

c)  
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surface layer, and immediately after passing the first 

few meters, the thermocline layer begins and continues 

to the bed. In this layer, the temperature of the water 

column has decreased by more than 10 units, and due 

to this, the speed of sound propagation also shows a 

decrease of 15 units. 

Vertical changes in salinity in the Strait of Hormuz 

have continued to witness an increase in depths near the 

bed; this increase in salinity, like the cold season, 

indicates the outflow of dense currents with high 

salinity compared to the surface layer from this region. 

This outflow exists at all times of the year and only has 

increases and decreases in the salinity of the outflow 

during different seasons. Shallow waters along the 

southern coasts of the Persian Gulf, between Qatar and 

the Emirates, which have depths of less than 30 m, 

among the areas forming waters with salinity 

exceeding 40 psu are the Persian Gulf. 

 

Figure 6. Nautical chart 2837, southern coast of  

the Persian Gulf [16] 

Vertical changes in the speed of sound in shallow areas 

of the Persian Gulf indicate a decrease in the speed of 

sound with increasing depth in these areas. Therefore, 

if there is a sound source at depths of more than 20 m, 

it causes sound propagation in these areas to encounter 

multiple collisions with the bed and, as a result, high 

transmission loss. The 20-unit decrease in the speed of 

sound observed has created a sound channel near the 

bed in the warm season of the region, which, due to the 

shallowness of the region, causes sound waves to 

interact more with the bed. The changes in the physical 

parameters of the water column have been analyzed 

and investigated in the form of two-dimensional 

profiles over a length of more than 2000 km from the 

northern Indian Ocean to the northwest of the Persian 

Gulf. In this regard, the characteristics of the physical 

parameters of the water column along the center of the 

target areas from the surface to the bed are presented in 

the figures below. It is necessary to explain that, 

considering the shallowness of the Persian Gulf and the 

Strait of Hormuz regions, as well as the depth of the 

central parts of the Sea of Oman and the northern 

Indian Ocean, two-dimensional profiles have been 

evaluated in two sections: the Persian Gulf to the Sea 

of Oman and then the Sea of Oman to the northern 

Indian Ocean. 

 

Figure 7. Assessed section of the Persian Gulf to 

 the Sea of Oman 

 

Figure 8. Assessed section of the Sea of Oman to 

 the northern Indian Ocean 

Figures 9, 10, and 11 respectively show two-

dimensional cross-sections of temperature, salinity, 

and sound velocity parameters from the northwestern 

parts of the Persian Gulf to the west of the Strait of 

Hormuz (corresponding to the cross-section in Figure 
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6) in the cold season of the region. Considering the 

vertical changes in the aforementioned parameters, it is 

possible to observe the homogeneity of temperature 

and salinity of water from the surface to the bed in most 

areas. This issue, which was also observed in the cold 

season temperature and salinity indexes of the Persian 

Gulf and the Strait of Hormuz, is due to the increase in 

local wind speed, especially the north wind, in the cold 

season of the year and the creation of vertical mixing 

of the water column, resulting in the homogenization 

of temperature and salinity parameters. 

Only in the areas close to the Strait of Hormuz (800 to 

1000 km in the figures below) do we witness an 

increase in salinity at depths near the bed, which 

indicates the penetration of permanent subsurface 

currents of Persian Gulf salt into the Sea of Oman in 

these areas. Moving from the northwestern parts of the 

Persian Gulf towards the Strait of Hormuz; the water 

temperature in the same depth layers has increased and 

the salinity in these layers shows a significant decrease. 

 

Figure 9. Two-dimensional cross-section of temperature changes from the northwest of the Persian Gulf to  

the Sea of Oman (along the cross-section path of Figure 6) in the cold season (January) 

 

Figure 10. Two-dimensional cross-section of salinity changes from the northwest of the Persian Gulf to 

 the Sea of Oman (along the cross-section path of Figure 6) in the cold season (January) 
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Figure 13. Two-dimensional cross-section of salinity changes from the center of the Oman Sea to  

the northern Indian Ocean (along the cross-section path of Figure 8) in the cold season (January) 

 

Figure 14. Two-dimensional cross-section of sound velocity changes from the center of the Oman Sea to  

the northern Indian Ocean (along the cross-section path of Figure 8) in the cold season (January) 

 

Two-dimensional cross-sections of changes in physical 

parameters in the warm season are shown in Figures 15, 

16, and 17 of the cross-sections of Figure 8. The results 

of the study indicate the formation of a seasonal 

thermocline layer in most areas, especially in the 

deeper areas of the Persian Gulf. Accordingly, 

temperature changes of more than 15 units have been 

recorded in some areas, which indicates the formation 

of a relatively strong thermocline layer at depths of less 

than 100 meters in the Persian Gulf. In this season, we 

also observe the highest salinity values (more than 40 

units) in the shallow northwestern parts. The 

northwestern regions along with the shallow southern 

parts of the Persian Gulf have always had higher 

salinities than other regions of the Persian Gulf and are 

considered to be the main factors in creating dense 

subsurface currents from the Persian Gulf to the Sea of 

Oman. A relatively weak sound channel has formed in 

the deep parts and near the bed of the Persian Gulf and 

the Strait of Hormuz due to a reduction of more than 20 

units in the speed of sound from the surface to the bed 

in the deep areas of the Persian Gulf and the Strait of 

Hormuz. This causes sound rays to have multiple 

collisions with the bed in their propagation path and 

increases the loss due to transmission. 
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Figures 18, 19 and 20 show two-dimensional variations 

in temperature, salinity and sound velocity from the 

Sea of Oman to the northern Indian Ocean over a 

distance of more than 700 km during the warm season 

of the region. In this season, as in the cold season of the 

region, there is a strong permanent thermocline due to 

the presence of depths of more than 1500 meters. Due 

to the increase in the surface air temperature, the water 

surface temperature has reached more than 30 degrees 

Celsius, causing the temperature to decrease by more 

than 25 units from the surface to the bottom. This 

significant decrease in temperature has caused a sharp 

decrease in the speed of sound, and due to this, a deep 

sound channel with speeds of 1500 to 1505 m per 

second has formed at depths of nearly 1000 m. 

Like in the cold season, in this season, the intrusion of 

salty waters from the Persian Gulf into the Sea of Oman 

(Figure 19) is also visible. The intrusion of saltwater in 

this season affects fewer areas than in the cold season 

and mixes more rapidly with the surrounding waters. 

Other changes in the same depth layers are almost the 

same and no significant changes are observed in the 

layers. 

 

Figure 18. Two-dimensional cross-section of temperature changes from the center of the Oman Sea to  

the northern Indian Ocean (along the cross-section path of Figure 9) in the warm season (July) 

 

Figure 19. Two-dimensional cross-section of salinity changes from the center of the Oman Sea to  

the northern Indian Ocean (along the cross-section path of Figure 9) in the warm season (July) 
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Some of these studies make it possible to estimate the 

spacing of beach cusps based on the hydrodynamic and 

morphodynamic conditions of the coast [5][6][7][8] 
[9]. However, the variable hydrodynamic conditions of 

the coast and the difficulties in determining sediment 

grain size due to the increasing use of mixed sand and 
gravel in recent coastal engineering projects [10] 

render the application of these theories for reliably 

estimating cusp spacing challenging and unreliable. 

According to the information recorded in Table 1, the 
methods employed in studies related to beach cusps 

include field observations, numerical modeling, 

sediment analysis, and laboratory investigations, each 
possessing distinct disadvantages despite their 

considerable advantages. 

 

Table 1. Some of the most important theories about the formation and evolution of beach cusps 

Methods Used Cusp Spacing Formula Mechanism of cusp formation 
Researc

hers 
Theory # 

Field Surveys, 
Numerical Modeling 

λc =
mg

π
T2sinβ 

m is equal to 1 and 0.5 for subharmonic and synchronous edge waves, ɓ 

is the beach slope, g is the acceleration due to gravity, and T is the wave 
period 

Cusps form due to the interaction between incoming waves 

and standing edge waves. The spacing is proportional to the 

wavelength of the edge waves 

Guza and 
Inman 
(1975) 

Standin
g Edge 
Wave 

Theory 

1 

Field Surveys, 
Theoretical Modeling 

𝜆𝑐 = 𝑓𝑆𝑐 
𝑆𝑐 is the swash excursion across the beach and f is equal to 1.7 

Cusps emerge through a feedback mechanism involving 
sediment transport and wave run-up 

Werner 
and Fink 
(1993) 

Self-
Organiz

ation 
Theory 

2 

Field Surveys, 

Numerical Modeling, 

Sediment Analysis 

λc = AφT√gh 

λc is cusp spacing, H is the nearshore wave height, T is the wave period, 

ű is a dimensionless quantity that shows the effect of the sediment grain 

size, and A is a constant estimated to be equal to 1.35 

Cusps form based on the relationship between the path of 

divergent uprush flow on horns and the cusp spacing, 

influenced by grain size of sediments. 

Sanamur
a (2004) 

Sanam
ura's 

Theory 

3 

Field Surveys, 

Theoretical Analysis 
− 

Beach cusps form when incoming wave frequencies 
resonate with natural modes of the beach morphology. 

Guza and 
Bowen 
(1976)  

Resona
nce 

Theory 
 

4 

Numerical Modeling, 

Laboratory 

Experiments, Field 
Surveys 

− 
Beach cusps result from instabilities in the wave and 

current interactions on the beach face, leading to rhythmic 
sedimentation patterns. 

Coco, 
Huntley 

& O'Hare 
(2000) 

Hydrod
ynamic 
Instabil

ity 
Theory 

5 

Field observations through direct method application, 
like GPS and terrestrial vehicles for measuring the 

characteristics of beach cusps entail a lot of profiles to 

adequately capture their morphology. Because these 
features are typically rhythmic, fieldwork takes a lot of 

time and labor [11][12][13][14][4]. In the same way, 

even with several hydrodynamic parameters estimated 

and changes in coastal morphology possible to study, 
numerical methods will still impose constraints on 

results being dependent on assumptions of the model. 

Such results would also have to be calibrated with 
computational resources drawn from field observations 

[8]. On the other hand, simplifications of some coastal 

processes are made by a researcher when it comes to 

numerical applications, yet modeling it truly in 
actuality is much complicated  [15][16]. This method 

has also been used by researchers in studying the 

formation mechanisms of beach cusps [17][18]. 
The controlled conditions of laboratory methods 

provide accurate manipulation of variables affecting 

cusp spacing; however, results obtained from such 

methods do not hold in larger scales or extrapolate well 
into varying heterogeneous scales. While the 

monitoring of parameters related to beach cusps using 

remote sensing tools such as drones allows for the 
survey of a wide expanse of the beach face, offering 

significant advantages like spatial resolution, accuracy, 

and repeatability in monitoring compared to traditional 

  

  
Figure 1. Google Earth view of the a) single-level beach cusps b) multi-level beach cusps c) Different types 

of beach cusps d) Schematic design of the definition of beach cusp parameters [4] . 

b) a) 

c) d) 
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methods  [19], they are also employed as supplementary 
methods and are costly  [20][21].Therefore, in the 

investigation of features like beach cusps, due to their 

highly dynamic behavior and the absence of a cost-

effective method, the utilization of tools such as 
various Artificial Intelligence (AI) models in 

conjunction with video-based techniques for observing 

morphological changes in the beach face and predicting 
the behavior of beach cusp systems can be highly 

efficient. Among different AI techniques, Artificial 

Neural Networks (ANNs), through their ability to 
estimate various quantities without the need for their 

direct measurement, are capable of solving a large 

number of scientific and engineering problems, 

including those related to coastal/ocean engineering 
[22]. 

To date, various studies have been conducted by 

researchers in this field to investigate coastal features 
using neural networks. Among these, the long-term 

prediction of sandbar behavior on coastlines using 

neural networks stands out [23]. Additionally, the most 

recent research undertaken by the authors of this paper 
focused on predicting beach cusp spacing based on 

neural network analysis, the results of which are used 

in the present study for comparison [24] . Several key 
factors motivated the authors' choice of the Adaptive 

Neuro-Fuzzy Inference System (ANFIS) for predicting 

beach cusp spacing. One key advantage is the 
combination of the capabilities of neural networks and 

fuzzy logic. As ANFIS is a unique hybrid technique 

integrating both Fuzzy Inference Systems (FIS) and 

Artificial Neural Networks (ANNs), it can 
simultaneously leverage the strengths of both systems  

[25][26]. Therefore, given that coastal phenomena such 

as the formation of multi-barred crescentic beach cusps 
often involve data with ambiguity, noise, or sometimes 

uncertainty, ANFIS, with its fuzzy rules and learning 

ability, can manage these complexities more 
effectively than purely neural models. Another 

rationale for having chosen the ANFIS for the 

prediction of beach cusp spacing lies in the non-linear 

and intricate behavior of beach cusps. ANFIS is 
capable of good performance when modeling nonlinear 

relationships and extracting fuzzy rules from data, and 

therefore it can better model the hidden relationships 
between input-output features. 

The Adaptive Neuro-Fuzzy Inference System (ANFIS) 

further stands out for its enhanced interpretability when 

compared to 'pure' neural network systems. While 
classical neural models such as the Multilayer 

Perceptron (MLP) are commonly regarded as black, 

ANFIS is characterized by a high level of transparency 
and interpretability due to its usage of IF-THEN fuzzy 

rules; this is a distinct advantage for coastal analysts in 

analyzing geomorphological processes. 
Furthermore, prior studies have demonstrated the 

considerable success of ANFIS in modeling marine 

phenomena and coastal morphological features 

[27][28][29][30]. Successful applications of this 
technique include predictions related to sea wave 

characteristics  [28][31][32], wave run-up  [33] , sea 

level forecasting  [30][34][35][36][37], estimation of 

suspended sediment  [38][39], and prediction of 
sediment transport rates  [40]. Moreover, it is well-

established that accessing large datasets can be 

challenging in coastal geomorphology studies, and 
ANFIS can effectively model even with limited but 

high-quality datasets. Consequently, the shortcomings 

of the aforementioned methods in studying coastal 
features, alongside the reasons outlined for choosing 

the ANFIS model, have prompted the authors to utilize 

ANFIS to smooth and bridge gaps in our overall 

understanding of cusp systems by estimating inter-cusp 
spacing and determining the morphological effects of 

swash on the beach face. The objectives of the present 

paper are as follows: 
(a) Develop a robust ANFIS paradigm to estimate 

beach cusp spacing with a large dataset.  

(b) Investigate this method with famous assessment 

methods regarding prediction quality.  
(c) Compare the model performance with other soft 

computing methods, such as ANN, so the conclusion 

ends up with which of them gives better accuracy in 
prediction.  

(d) Comparison of accuracy and performance for the 

best models in different sections of beach face. The 
remaining structure of this research has section 2 

introducing materials and methods onto a discussion of 

the study area, datasets, and neuro-fuzzy model. This is 

followed by section 3 which discusses results obtained 
in ANFIS and neural network methods and analyzes 

those results. Finally, section 4 briefly summarizes all 

findings of this research. 
 

2. Materials and Methods 
This study developed an ANFIS architecture to obtain 

predictions for beach cusp spacing using 

morphodynamic datasets as input to the model. 

Initially, field observations made by Nuyts et al. (2021) 
were drawn out over different months as 

morphodynamic characteristics of the beach cusp 

system in different levels of the beach face [2][41]. 
Configurations concerning different ANFIS models are 

presented in Table 2. Then, statistical metrics relevant 

to each step were calculated, thus providing 
comparison grounds for the accuracy of the optimum 

configuration among competing membership functions 

at each elevation of the beach cusp system. 

Accordingly, sections of the coastline yielded the most 
acceptable output results. MATLAB Software (2019) 

was utilized in this study for the simulation of various 

models. With the help of an extensive toolbox, the 
software facilitates design and appraisal of models for 

the systems under investigation in this study. In the last 

phase, a comparison between results and numerical 
outputs published by Nuyts et al. (2021) also occurred. 
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Table 3. Sample field observation data [2] 

 Date Level Spacing(m) Amplitude(m) Elevation Depth(m) 

1 26 March 

Upper Beach 39.5 0.86 5.41 16.91 

Mid Beach 38.5 0.58 3.14 16.57 

Low Beach - - - - 

2 10 April 
Upper Beach 40.3 0.83 5.46 15.01 

Mid Beach 24.6 0.34 2.81 12.31 

Low Beach 11.5 0.25 1.91 9.87 

3 11 April 
Upper Beach 39.2 0.87 5.62 14.98 

Mid Beach 25.0 0.43 2.76 12.69 

Low Beach - - - - 

4 01 May 
Upper Beach 38.9 1.05 4.87 15.67 

Mid Beach 14.9 0.21 2.33 9.06 
Low Beach 11.6 0.32 2.08 6.01 

5 03 May 
Upper Beach 37.7 0.81 5.69 13.24 

Mid Beach 12.8 0.23 2.42 8.81 

Low Beach 12.3 0.04 1.03 2.73 

6 10 May 
Upper Beach 37.9 0.79 5.68 12.32 

Mid Beach 19.9 0.29 2.96 8.55 

Low Beach 16.5 0.18 1.82 8.97 

 

Table 4. Statistical parameters of recorded data [2] 

 

 
 

 

 

 
 

2.3. ANFIS Neuro-Fuzzy Model 

The ANFIS neuro-fuzzy system is an intelligent hybrid 
model that is structured like a multilayer perceptron 

feedforward neural network designed by integrating 

artificial neural network learning algorithms with fuzzy 
inference systems. The first introduction was made by 

Jang (1993), and the proposed model is based on the 

Takagi-Sugeno fuzzy system rules. [25].  

Within the architecture of this network, the nonlinear 
mapping of the input space into the output space is 

established through IF-THEN rules. Each rule output is 

designed as a linear combination of the input variables 
plus one constant, and the final output is the weighted 

average of the outputs of all the rules. Relations for the 

IF-THEN rules of a Takagi-Sugeno system with three 
inputs are given as follows: 

 
Rule 1: IF x is A1 and y is B1 and z is C1   THEN f1 = p1x + 

q1y + r1z + s1                                                                   (1) 

Rule 2: IF x is A2 and y is B2 and z is C2   THEN f2 = p2x + 

q2y + r2z + s2                                                                   (2)   

Rule 3: IF x is A3 and y is B3 and z is C3   THEN f3 = p3x + 

q3y + r3z + s3                                                                  (3)   
 

Bi, Ai, and Ci would be the membership functions for 

inputs x, y, and z, respectively, while pi, qi, and ri would 
be the parameters of the output function, and si would 

be a constant. This output value y* would be inferred 

by some relations.  
 

𝑦∗ = 𝑓 =
(𝑤1𝑓1+𝑤2𝑓2+𝑤3𝑓3)

𝑤1+𝑤2+𝑤3
= 𝑤1̅̅̅̅ 𝑓1 + 𝑤2̅̅̅̅ 𝑓2 + 𝑤3̅̅̅̅ 𝑓3         (4)                                                                                       

 
The ANFIS architecture consists of five layers, each of 

which has specific functions (Figure 3). The first and 

the fuzzification layer transforms x, y, and z into 
membership degrees via A1, B1, and C1 for the first 

fuzzy rule, A2, B2, and C2 for the second fuzzy rule, and 

A3, B3, and C3 for the third fuzzy rule. The second layer 

is the rule layer, which combines the membership 

values in the antecedent part to obtain the weight of 
each rule. The third layer, known as the weightôs 

normalization layer, calculates the normalized weight 

by dividing the weight of each rule by the sum of the 
weights of all possible rules, denoted as w1, w2, and w3 

for rules 1, 2, and 3, respectively. The output of each 

rule that is obtained by multiplying the weight and the 

output defined in the consequent part of the fuzzy rule 
is calculated in the fourth layer or the defuzzification 

layer. The overall output in this part (output layer) is 

determined and recorded as the sum of all outputs from 
the fuzzy rules [28]. 

 
Figure 3. The structure of ANFIS model. 

 

2.4. Evaluation Criteria 

Different models are ordinarily assessed by calculating 

the discrepancies between the predicted and the 
observed values based on five statistical parameters. 

These parameters include the Coefficient of Efficiency 

(CE), Correlation Coefficient (R), Root Mean Square 
Error (RMSE), the Scatter Index (SI), and Mean Square 

Error (MSE), defined in Equations 5-9. 
 

CE= 1-
∑ (Oi−Pi)2N

i=1

∑ (Oi−O̅m)2N
i=1

                                                           (5)                                                         

R =
∑ (Oi−O̅m) ∑ ((Pi−P̅m)N

i=1
N
i=1

√∑ (Oi−O̅m)2N
i=1 √∑ (Pi−P̅m)2N

i=1

                                        (6)                               

Low Beach Mid Beach Upper Beach Statistical properties 

16.7 38.5 40.9 Max (m) 

6.5 11.1 37.7 Min (m) 

11.09 18.17 40.26 Mean (m) 

2.91 5.48 0.95 Standard Deviation (m) 
0.26 0.30 0.02 Coefficient of Variation 
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flexibility in dealing with real-life data. The different 
slopes observed in the 3D surfaces indicate the 

response of the model output to changes in input 

parameters, which is important for further analyses and 
finding critical points in the system. 

 

 
 

  

 

Figure 5. Two examples of the initial membership functions (trimf and pimf) of X-axis input parameters for the ANFIS model: (a) 

Depth (b) Elevation, (c) Amplitude (d) 3D surface visualization of the relationship between the input and spacing cusps. 
 

The ANFIS model performances are listed in the tables 
of statistical metrics achieved for all the phases of 

identification (Table 5). Since Model (VIII) stated in 

the table provides better accuracy from training and 
testing phases compared to the other models as shown 

by various metrics, therefore, this model is found to be 

better in fitting the data. R is the metric that indicates 
how well the predicted values correlate with the actual 

values; the closer R is to 1, the better the model has 

performed, exhibiting a high degree of consistency in 

prediction with the actual data. 
From the bar chart shown in Figure (6a), R for the 

model with 'trimf' membership functions is 

significantly higher for both training and testing, 
therefore, indicating that the data was fit more by this 

model. The RMSE signifies the absolute error in 

prediction, with lower values implying higher model 
fitness. The model with the 'trimf' function has shown 

the lowest RMSE in both training and testing phases as 

shown in the bar chart in Figure (6b). So, this 

contributes to lower errors and more accurate 
predictions when compared with other models. The 

combination of these two ranges hence would argue 

that the ANFIS with the 'trimf' function achieved a 

robust trade-off between accuracy and error in 
predicting the data. This becomes very important as in 

practical scenarios the models that are less erroneous as 

well as highly correlated to the actual data are more 
acceptable. In addition, the difference between the 

performances of the models during training and testing 

suggests generalization strength of the model 'trimf' 
one is a good performer even in testing and hence is 

free from overfitting and predicting fresh data.  

The main outcome of Figure 6 suggests the ANFIS 

model with the 'trimf' membership function to be 
excellent for prediction for this study, as it had the 

highest R value (very close to 1) in conjunction with 

the lowest RMSE value during both testing and training 
phases. Hence, implying the highest prediction 

accuracy and stability for new data. The 'dsigmf' and 

'psigmf' models, on the contrary, got low ratings and 
high RMSE, which means they were not capable of 

learning and generalizing to new data. Further, 

variations in model performance between training and 

testing in some instances indicate their sensitivity and 
instability against the input data. 
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Table 5. Results of different models of ANFIS 

 

 

 

Figure 6. Variation of (a) R and (b) RMSE for ANFIS models 
 

Figure 7 presents box plots concerning percentage error 
for different ANFIS models in two phases: testing 

(Figure 7a) and training (Figure 7b). The examination 

of these plots tells us that the line within each box 
indicates the median value (second quartile); the cross 

symbol indicates the mean of the data; and the box 

width indicates the interval between the first and third 

quartiles, that is, the IQR. The purpose of this figure, 
aside from rating the models' accuracies, is to rate their 

stability and sensitivity to input data. 

A comparison of the box plots validates that in the 
testing phase, the error percentage is quite variable for 

the dsigmf model, exhibiting the largest IQR, 

signifying the model is input data-sensitive and 
unstable. In addition, the model possesses outliers, 

suggesting instances where error values are 

dramatically larger than normal. During the training 

phase, the gbellmf, dsigmf, and psigmf models also 
show high IQRs, which means their errors are also very 

dispersed. In contrast, the models with the smallest 
IQRs during both the testing and training phase are the 

trimf, which indicates a very limited range of 

variability in percentage error, and is one in which most 
of the errors are near its central value. This model also 

has the least median and mean error values as compared 

to all other tested models, and its box plot is nearly 

symmetrical, with median and mean being almost 
coincident. There are no significant amounts of outliers 

in this model and it shows the most consistent and 

reliable performance across all data instances. 
The ANFIS model with the trimf membership function 

is the best among all membership functions examined 

in terms of error magnitude, error dispersion and the 
presence of outliers, which figure 7 demonstrates very 

well. This overarching superiority suggests that the 

trimf model is both stable and accurate in prediction 

compared to others. 
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Beach Face, and Low Beach Face). In particular, in the 

Low Beach Face area, the ANFIS model exhibited 
superior performance by recording the lowest MSE 

value. 

When the relationships between the beach cusp spacing 

and three morphological parameters-amplitude, 
elevation, and depth of the beach cusps-were 

examined, strong and significant ones were extracted 

by the model, with the highest correlation being found 
between the spacing and the elevation of the beach 

cusps (R2=0.9).  

In summary, the current study concluded high spatial 

accuracy, good generalization capability, stability, and 
enhanced interpretability of the proposed ANFIS with 

trimf membership function as a promising technique 

for predicting the spacing of multi-barred crescentic 
beach cusps, thus placing it in the front line when 

compared to optimal ANN models. 
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erosion and damage to benthic habitats near the seabed. 

Therefore, installing a reverse slope transition and an end pipe 

with a larger diameter than the transfer pipe can be a good idea to 

reduce the risk of the jet impacting the seabed. 
 

 
 

 

 

 

1. Introduction 

 
In many cases, when floods enter dam reservoirs, 

muddy flows are created at the bottom of the reservoir. 
This flow is one of the factors that causes sedimentation 

and reduces the water capacity of the reservoirs and the 

useful life of the dams. Opening the lower gates of the 

dam is the common method of draining these flows and 
maintaining the useful volume of the reservoir. 

Ariaei and Lashkara (2023) evaluated of the effect of 

the lower discharger on the behavior of the muddy flow 
entering the Dez dam reservoir [1]. 

In this research, in order to pass the incoming 

sediments to the Dez dam reservoir, the construction of 

a channel to discharge the flow containing sediment 
was proposed as a remedial solution. Also, the behavior 

of the muddy flow entering the reservoir of the dam and 

its effectiveness in passing the sediments were 
investigated using numerical simulation. First, in order 

to calibrate the model, the thick flow pattern formed 

inside the tank was simulated using different models 
with different wall roughness heights, as well as RNG 

and LES turbulence models, and the results of depth 

and flow velocity were compared with field 

measurements. In the next step, the lower discharge 
channel was added to the model in the proposed 

position and the impact of the construction of this 

discharger on the behavior of the thick flow entering 
the tank was evaluated. Investigations showed that the 

amount of sediments released from the dam tank is 

directly related to the input concentration and the 
opening percentage of the lower discharger. In such a 

way that by averaging the results in different input 

concentrations, the sediment discharge efficiency in 

openings of 25%, 50% and 100% was calculated as 
15.4%, 20.8% and 25.1% respectively. In the 

following, profiles of the flow velocity in the upstream 

sections of the discharger were taken in order to 
evaluate the intensity of mixing and the amount of 

deviation of the flow lines. In general, as the flow 

approaches the inlet opening of the discharge valve, the 

values of the maximum velocity and also the intensity 
of the mixing of the surrounding fluid into the 

concentrated flow increase. Also, with the increase in 

the opening percentage of the valve, the effect of the 
discharge channel on the deviation and acceleration of 

the flow lines becomes wider. 

Daryaei et al. (2023) investigated of Flow Pattern 

Changes Caused by Installing Diagonal Plates 
Upstream of the Lower Discharge Valve Using 

Numerical Simulation [2]. 

 

 
In the present study, the effect of installing diagonal 

plates on changes in the flow pattern upstream of the 

orifice was investigated using the Flow3D numerical 
model. The variables studied in this study are the width 

of the plates, the angle of installation of the plates, and 

the distance from the plates to the orifice. A total of 5 

scenarios (considering the control condition (without 
installation of plates)) were defined for the numerical 

model. The numerical model was calibrated using 

experimental results and the RNG turbulence model 
was selected for simulation. The results showed that 

installing diagonal plates in front of the orifice led to 

the creation of vortices and also the development of a 
low-pressure zone upstream, which led to an increase 

in the volume of outgoing sediments. Also, reducing 

the width of the plates, increasing the installation angle 

and increasing the distance between the plates will lead 
to a decrease in the intensity of the vortices and a 

decrease in the area of the low-pressure zone, which 

reduces the effect of installing diagonal plates to 
increase the volume of outgoing sediments. 

 

Rasouli et al. (2021) evaluated the effect of the 
dimensions of the bottom outlet on the amount of 

sediment behind the dam in pressure leaching by 

Laboratory investigation [3]. 

 
The exploitation of reservoir dams has so far been 

carried out with an emphasis on the goals of meeting 

water needs, controlling flood energy, and improving 
environmental conditions, and the issue of sediment 

discharge from the dam reservoir has received less 

attention. In this study, in order to determine a method 

for improving sediment discharge, a hemispherical 
structure was tested in front of the bottom outlet. The 

tests were conducted by building 16 physical models 

with different gap lengths and widths at four water 
heights, three hemispherical diameters, and a total of 

208 tests. The results of the experiments showed that 

by installing a half-cylinder structure in front of the 
lower discharger, the volume of sediment washing 
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on the service valve and at different openings of 60, 80, 

and 100% at three different water heights of 4, 5, and 6 
meters in a cylindrical tank. The results obtained from 

this simulation are consistent with the experimental 

results. The comparison was made and it is in good 

agreement. The results show that at lower openings the 
pressure on the service valve decreases and air injection 

is a suitable way to solve this problem. 

 
The Narmashir Reservoir Dam is a concrete-core 

gravel dam that is being constructed 97 km southwest 

of Bam city on the Narmashir River in Kerman 

Province to meet downstream water needs. 
Geographically, the dam is located at latitude 29-30 

and 28° and longitude 40-58° and 57°. 

The type of dam is a concrete-core gravel dam with a 
height of 116 meters from the bottom and a crest length 

of 600 meters. The crest level of the dam is 1465 meters 

above sea level, the maximum water level in the 
reservoir is 1465 meters above sea level, and the 

minimum water level in the reservoir is 1414 meters 

above sea level. 

The type of bottom outlet is an overpass type and the 
crest level of the bottom outlet is 1460 cubic meters per 

second. The bottom level of the channel at the gate 

location is 1364 meters above sea level and the number 
of gates is 2 service and emergency gates and the type 

of gate is sliding. The deep bottom outlet consists of a 

channel with a rectangular cross-section of 2×2.5 and 
approximately 30 meters long, which is connected to a 

funnel-shaped opening. Upstream of this opening, there 

is the main tunnel, at the beginning of which is the 

dam's inlet intake opening, which is shaped like a 
funnel. The intake opening leads the flow behind the 

dam into an elbow, and from there the flow is directed 

into a 240-meter-long tunnel with a diameter of 6 
meters, which ultimately ends at the gates. In the 

middle of the tunnel, the control system includes a 

sliding gate and an emergency gate. Downstream of the 

gates, the flow enters a long tunnel 240 meters long 
with a circular cross section of 6 meters in diameter 

(larger than the dimensions of the gate), and therefore 

the flow downstream of the service gate is assumed to 
be free. 

Due to the high flow velocity in the bottom outlet, 

which is approximately equal to V = √ 2gH, cavitation, 
corrosion, and flow aeration are important hydraulic 

issues in these structures. Therefore, in order to ensure 

proper performance of the bottom outlet against 

problems and limitations such as cavitation, 
hydrodynamic forces, vibration, and structural wear, as 

well as to examine the ability to completely discharge 

the tank, the bottom discharger must be carefully 
designed so that it works well under all desired 

conditions [8]. 

 
 

 

2. Methods 

 
In this paper, Gambit software version 16.3.2 is used to 

generate the geometry and mesh. The mesh pattern is 
Quad element and map type is used for the surfaces. 

The existing boundary conditions are velocity input 

from the left and the pressure output boundary 

condition is at the outlet from the right. Fluent software 
uses continuity and Navier-Stokes equations in flow 

analysis. If the flow is turbulent, then the governing 

equations are transformed into Reynolds equations and 
one-equation, two-equation, five- or six-equation 

models are used to determine the eddy viscosity, with 

the user specifying the type of model. The flow field is 

solved based on the separation of equations by the finite 
volume method and different methods of separation of 

the transfer terms of the equations such as upstream, 

second-order upstream, power and Quick can be 
selected by the user. In order to couple the velocity field 

and the pressure field, the Simple, Simple C and Piezo 

methods are available in the program. In this article, 
Fluent software version 6.3.26 has been used to 

simulate the flow field. 

To solve the flow using computational fluid dynamics, 

the following steps must be performed (Shojaifard and 
Noorpour Hashtroodi, 1995) [9]. 

- Selecting the Gambit model to create the geometry 

- Selecting the computational model 
- Selecting the calculation solution method in the model 

- Selecting the basic equations to solve 

- Determining the physical characteristics of the 
materials 

- Determining the boundary conditions 

- Specifying the problem solving parameters 

- Making an initial guess in the entire solution field 
- Performing the solution and outputting the 

calculations. 
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Figure 1- A very strong jet system discharging effluent into the sea may cause: Sediment erosion, Localized siltation, Bed erosion and 

Damage to benthic habitats near the seabed.  

 
Figure 1- Geometric dimensions of the channel, gates, etc. Physical model of the Narmashir Dam [8]. 
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Ports play a vital role in maritime transport and international trade, and port 
services—as a critical component of the maritime supply chain—significantly 

influence overall port efficiency. Accordingly, accurately forecasting port 

service demand in relation to economic fluctuations, trade constraints, and 
infrastructural conditions is essential for operational planning and infrastructure 

development. This study aims to analyze various categories of port services and 

to forecast service demand, with a specific focus on Shahid Rajaee Port. For 
this purpose, real operational data—including maritime and land-side traffic 

information and key performance indicators—were collected, refined, and 

analyzed using regression, time-series and moving-average models. The results 

indicate that variables such as cargo handling volume, number of incoming 
vessels, duration of marine service operations, truck and rail flows, economic 

and political conditions have a decisive impact on port service demand. The 

findings of this research provide valuable guidance for managers in resource 
allocation, capacity development, congestion management, and enhancing port 

operations in line with sustainable development objectives. 
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1. Introduction 
Ports, as key nodes within logistics networks and 

commercial transport systems, play a vital role in 
cargo flow, supply chain support, and the facilitation 

of international trade. With the continuous growth of 

cargo and passenger movements, the need to expand 

port infrastructure and provide diverse port services 
has become increasingly important. These services 

include a range of operational and support activities 

such as tugging, berthing, loading and unloading, 
warehousing, and customs-related services, each of 

which has a direct impact on the speed and quality of 

port performance. Despite their importance, port 
performance evaluations have often focused primarily 

on the volume of cargo handled, while port services 

have received comparatively less attention, an issue 

that can lead to an inaccurate understanding of a port’s 
actual operational status and limit the ability to 

identify weaknesses and improvement opportunities. 

Moreover, the fundamental differences between goods 
and services further complicate the assessment and 

forecasting of port services. Goods are physical and 

measurable, whereas services are intangible, activity-

based, and lack a standardized unit of measurement. 

This distinction necessitates more comprehensive and 
multi-dimensional analytical approaches for 

evaluating and forecasting port services. 

In this study, focusing on Shahid Rajaee Port—the 
largest commercial port in Iran—a set of port service 

data has been extracted and analyzed using a data-

driven modeling approach. This paper aims to provide 
a reliable picture of future port service behavior by 

presenting a clear conceptual framework, conducting 

detailed trend analysis, and applying quantitative 

forecasting models. 
 

2. Research Background and Literature 
The research related to forecasting port demand and 
analyzing maritime port services indicates that 

accurate modeling in this field requires a combination 

of economic, operational, and statistical approaches. A 
review of key studies shows that the literature can 

generally be categorized into economic and trade-

based models, port operational models, and statistical 

and time-series models. 
In the domain of economic approaches to port demand 

forecasting, classical studies such as the work of 

Miklius and Wu (1988) demonstrate that demand for 

mailto:rafati.pouria@ut.ac.ir
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port services is primarily a function of projected 

foreign trade and cargo volume. Their study forecasted 

demand for a new port through a multi-stage process 
involving national trade projection based on economic 

indicators, commodity-based demand estimation, and 

cargo allocation among ports using the PTA1 model. 

In these models, national trade is first forecasted, then 
assigned to commodity groups, and finally allocated 

to individual ports. 

In the study by Tongzon (1991), the future supply of 
shipping services was estimated through a model that 

examines the relationship between trade volume, 

global shipbuilding trends, and the physical 

limitations of the port. The model forecasts the 
number of future vessel trips as well as the 

characteristics of the incoming fleet. The findings 

indicate that the port’s commercial demand plays the 
most significant role in determining the supply of 

shipping services, while the influence of global 

technological developments is assessed to be limited 
in the short term. 

In the thesis by Joharianzadeh (2012), which is based 

on port operations models, future cargo volumes were 

forecasted using statistical methods such as trend 
analysis and regression. The forecasted cargo was then 

distributed among various ports using the PTA model, 

based on minimizing inter-port transportation costs, 
then an optimization model was employed for berth 

allocation. The results indicate that integrating cargo 

forecasting with berth allocation and vessel 
scheduling can reduce waiting times and lead to more 

efficient utilization of port capacity. 

Joharianzadeh and Babazadeh (2012) reported in their 

article that the future demand of Kish Port was 
estimated using four approaches: historical trend 

analysis, macroeconomic indicators, induced demand 

arising from development projects, and the gravity 
model. Past data, regional capacities, and development 

plans were modeled under multiple scenarios. A 

comparison of scenario outputs with actual 

performance showed that the combined approach of 
historical trends and macroeconomic indicators 

produced the highest level of alignment and was 

identified as the most reliable estimation method. 
Studies using statistical and data-driven approaches—

such as those by Jugović, Hess, and Poletan Jugović 

(2011) and Lättilä and Hilmola (2012) demonstrate 
that statistical models including ARIMA 2 , 

multivariate regression, and system dynamics perform 

strongly in long-term demand forecasting, particularly 

when uncertainties and structural changes are present 
in the data. 

The study by Jugović et al. (2011) tested several time-

series models—including linear trend, quadratic trend, 
moving average, and exponential smoothing—to 

forecast demand for the Port of Rijeka. Methods based 

 
1 Port Traffic Allocations 
2 Autoregressive Integrated Moving Average 

on economic indicators were also examined to 

compare. The results showed that the linear-trend 

model yielded the lowest deviation from actual long-
term data and was therefore identified as the most 

suitable method. In the study by Lättilä and Hilmola 

(2012), long-term port demand forecasting was 

conducted using a combination of multivariate 
regression, ARIMA, system dynamics, and Monte 

Carlo simulation. Instigators such as industrial 

production, GDP 3 , and Russian oil exports were 
incorporated into the model, and multiple future 

scenarios were defined. The findings indicated that 

industrial production is the primary determinant of 

demand trends for Finnish ports, and that system-
dynamics-based approaches provide greater accuracy 

in representing uncertainty. 

In the field of machine learning, studies such as those 
by Sadaghi, Shivafar, and Rastad (2024) and Sadaghi 

and Shivafar (2024b) have shown that deep learning 

networks are capable of capturing nonlinear patterns 
present in port operations and can provide higher 

predictive accuracy compared to traditional models. In 

the study by Sadaghi and Shivafar (2024b), the 

demand for empty containers at Shahid Rajaee Port 
was forecasted using deep learning networks. 

Operational data from empty-container terminals, 

temporal patterns, and storage capacities were 
introduced into the model, and the nonlinear 

relationships among variables were extracted by the 

network. The results indicated a significant 
improvement in forecasting accuracy compared with 

conventional methods, enabling more optimal 

planning for the allocation and distribution of empty 

containers. Another study by Sadaghi and Shivafar 
(2024a) utilized operational data and simulation 

techniques to optimize container-handling processes 

at Shahid Rajaee Port. From this perspective, the study 
provides a practical framework for evaluating the 

efficiency and quality of port services based on 

statistical and operational data. 
 

3. Methodology 
For this study, data were extracted from the official 

statistics of the Ports and Maritime Organization 
(PMO), consisting of two main categories: traffic 

information (number of vessels, berth calls, truck and 

train movements) and operational data (cargo volume, 
vessel waiting time, berth utilization rate, and 

equipment capacities). These monthly data were 

obtained from the PMO portal and, assuming their 

accuracy, were used as the basis for the analysis. The 
dataset was consolidated in Excel, variable trends 

were plotted, and four analytical methods were 

applied: linear and nonlinear regression, descriptive–
analytical assessment, moving-average analysis, and 

time-series forecasting. 

3 Gross domestic product 
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In the regression analysis, polynomial equations of 

degrees 1 through 6 were fitted, and the model with 

the lowest RMSE4 and MAE5 was selected. It should 

also be noted that certain nonlinear functions—such as 
exponential, logarithmic, and trigonometric forms—

are often unsuitable for empirical port data due to 

characteristics such as unbounded behavior, undefined 
domains, or periodic patterns, which may lead to 

unrealistic forecasts. For this reason, polynomial 

models generally provide more reliable results. 

In the descriptive analytical assessment, upward or 
downward trends in the plotted data were interpreted 

in light of the port’s economic, political, and 

operational conditions. In the moving-average 
method, an appropriate window was chosen to smooth 

short-term fluctuations and extract the underlying 

trend. Time-series forecasting was conducted using 
the Forecast Sheet tool in Excel, which allowed 

adjustment of confidence intervals and identification 

of potential seasonality to generate future estimates. 

Finally, the accuracy of the models was compared, and 

the most suitable forecasting method for each variable 

was selected (Figure 1). 

4. The Port Under Study 
The data used in this study were obtained from Shahid 

Rajaee Port (Figure 2), located in Iran, near the city of 

Bandar Abbas. Shahid Rajaee Port is the largest 
commercial port in the country, situated 15 kilometers 

west of Bandar Abbas along major international transit 

corridors, and handles more than one-third of Iran’s 

maritime trade. The port is equipped with 30 gantry 
cranes, including Super Post-Panamax units, enabling 

it to accommodate seventh-generation container 

vessels. Its current annual handling capacity is 6 
million TEU6, which will increase to 8 million TEU 

upon completion of Phase 3 development. 
 

5. Data Under Study (Rafati, 1403) 
The extracted data is categorized into several fields 

which are shown in figure 3. 

 

 

 

 
 

4 Root Mean Square Error 
5 Mean Absolute Error 

6 Twenty-foot equivalent unit 

Figure 1. Methodology Diagram  
 

Figure 2. Aerial view of Shahid Rajaee Port 
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5.1.4. Forecasting the Average Vessel Dwell Time 

at Berth 

To analyze and forecast the average vessel dwell time 
at each terminal, regression, moving-average analysis, 

and time-series modeling were employed. In Terminal 

No. 1, the 30-month moving average shows that dwell 

time increased by approximately 40% from 2011 to 
2015, decreased by about 30% between 2015 and 

2019, and then rose gradually by around 15% until 

2021, reaching a relatively stable level thereafter. In 

Terminal No. 2, the 20-month moving average 

indicates an initial increase of about 60% up to 2018, 

followed by a 20% decline in 2020, and then 
stabilization. The time-series models (Figures 10 and 

11) produced reasonable results consistent with the 

moving-average trends. Based on these findings, the 

average vessel dwell time for both terminals is 
estimated to be approximately 80 to 100 hours over the 

next three years. 
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Figure 8. Three-Year Time-Series Forecast of Incoming Container Vessels at Terminal No. 1 
 

Figure 9. Regression Forecast of Incoming Container VesselsðTerminal No. 2 
 

Figure 10. Three-Year Time-Series Forecast of Average Vessel Dwell TimeðTerminal No. 1 
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Figure 16. Outgoing Truck Count with Fitted Moving-Average Curve 
 

Figure 17. Three-Year Time-Series Forecast of Direct Exit Truck Numbers 
 

Figure 18. Number of Incoming Wagons to the Port 

 

Figure 19. Number of Outgoing Wagons from the Port 
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5.2.4. Cargo Tonnage of Inbound and Outbound 

Shipments by Trucks and Wagons, and 

Forecasting 

The inbound and outbound cargo tonnage of the port 

is primarily driven by truck operations, as the share of 

rail wagons is negligible; therefore, tonnage charts 

essentially reflect truck-traffic behavior. The inbound 
and outbound tonnage (both direct and to storage) 

follows a pattern similar to that of truck counts, 

confirming earlier trends. The moving-average 
analysis (Figures 20 and 21) shows that warehouse-

related inbound and outbound tonnage has approached 

nearly zero in recent years, a condition that is expected 

the future. Direct outbound tonnage remains stable 
and is likely to continue this trend, while direct 

inbound tonnage despite fluctuations has become to a 

stable average over the past two years, making it a 

suitable basis for forecasting. Using moving-average 
analysis, time-series forecasting, and mean values 

from the final period, the three-year outlook suggests 

the following annual estimates: 
 

¶ Direct inbound tonnage: approximately 2.5 to 3 
million tons 

¶ Inbound warehouse tonnage: 100,000 to 120,000 

tons 

¶ Direct outbound tonnage: approximately 1.5 to 1.7 

million tons 

¶ Outbound warehouse tonnage: about 190,000 to 
200,000 tons 

 

 

 

 

 

 
 

5.3. Total Port Cargo (Loading and Unloading) 
 

5.3.1 Trend Analysis and Forecasting of Loading 

Tonnage 

The port’s loading data include the total volume of 

petroleum and non-petroleum commodities. The 
loading tonnage increased up to 2013, but with the 

imposition of sanctions by U.S. and EU—particularly 

those targeting oil and petrochemical exports—the 
trend shifted downward. Following the JCPOA 

agreement in 2015, a partial lifting of sanctions led to 

an increase in exports and a subsequent rise in loading 

tonnage. However, after the U.S. withdrawal from the 
JCPOA in 2018 and the reinstatement of sanctions, the 

downward trend resumed and continued through the 

end of the study period. Thus, fluctuations in this 

category are clearly driven by political and trade 
conditions. Based on error metrics (RMSE and MAE), 

the third-degree polynomial model (Figure 22) 

provided the best fit and was adopted for forecasting. 
The model output indicates that the forecast is reliable 

for approximately three years. Assuming current 

conditions remain unchanged, the loading tonnage 

over the next three years is estimated to be between 
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Figure 20. Inbound Cargo Tonnage by Trucks and Wagons with Fitted Moving-Average Curve 
 

Figure 21. Outbound Cargo Tonnage by Trucks and Wagons with Fitted Moving-Average Curve 
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3.5 and 4 million tons per month. The 20-month 

moving-average curve shows a downward trend in the 

later months, suggesting that loading tonnage could 
fall below 3.5 million tons. In contrast, the time-series 

forecast (Figure 23) exhibits a slightly upward trend 

and suggests marginally higher values. Therefore, the 

actual amount is likely to fall somewhere between the 
ranges suggested by these three methods. 
 

5.3.2. Trend Analysis and Forecasting of Unloading 

Tonnage 

The unloading tonnage, representing the country’s 

imports, exhibits a pattern similar to loading volumes 

and has been strongly influenced by economic 
conditions and trade restrictions. After an initial 

period of growth, a downward trend began in the mid-

2010s, primarily driven by banking limitations, 

currency instability, and a decline in import volumes. 

In this section as well, based on RMSE and MAE 
metrics, the third-degree polynomial model (Figure 

24) provided the best fit, and its three-year forecast 

aligns with the recent trend. Given the relative 

stabilization observed over the last three years, the 
unloading tonnage is estimated to range between 2 and 

2.5 million tons per month over the next three years. 

The moving-average analysis confirms this range, 
while the time-series model (Figure 25) suggests 

slightly lower values. Therefore, a confident estimate 

for future unloading tonnage lies within 2 to 2.5 

million tons per month. 
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Figure 22. Forecast of Port Loading Tonnage (Values Are Reliable for Up to Three Years) 
 

Figure 23. Three-Year Time-Series Forecast of Port Loading Tonnage 
 

Figure 24. Forecast of Port Unloading Tonnage (Values Are Reliable for Up to Three Years) 
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6. Conclusion 

This study provides a clear picture of the port’s 

operational performance and demonstrates how 

operational fluctuations influence the efficiency of the 
maritime supply chain and the development of a 

marine-based economy. The findings offer a 

foundation for planning strategies aimed at enhancing 
productivity, reducing costs, and strengthening the 

port’s role within a national sea economy. 
 

a) Number of Vessels: The sharp decline in vessel 
calls at Terminal No. 1 following the 2013 sanctions 

indicates that external disruptions can significantly 

weaken trade flows. In contrast, Terminal No. 2 with 

its more modern equipment was able to retain a 
portion of the port’s maritime trade capacity. 
 

b) Vessel Dwell and Service Times: The increase in 

vessel dwell time at Terminal No. 1 after 2013, and at 
Terminal No. 2 after 2018, reflects higher operational 

costs and reduced productivity. The stability of service 

times (approximately 30 to 40 hours) in both terminals 
indicates a reliable level of operational efficiency 

within the maritime economy. 
 

c) Incoming Trucks: The decline in warehouse-entry 
trucks since 2013 and the corresponding rise in direct 

(ship-side) operations signal a shift toward faster 

cargo circulation and improved alignment with 

optimized planning requirements. 
 

d) Outgoing Trucks: The sharp reduction in outbound 

cargo from warehouses after 2015 followed by 

moderate recovery beginning in 2019 and subsequent 
stabilization suggests a restructuring of land-side 

distribution aimed at improving sea–land connectivity 

and reducing unnecessary delays. 
 

e) Incoming and Outgoing Wagons: The significant 

decline in inbound wagons after 2018 and in outbound 

wagons after 2015 highlights reduced reliance on rail 
transport due to higher costs, operational complexity, 

and long transit times. 

 

f) Cargo Tonnage via Trucks and Wagons: Cargo 
tonnage patterns are closely aligned with truck 

movement trends. The stable data observed from 2018 

onward provide a reliable basis for future forecasting 
and maritime logistics planning. 
 

g) Loading and Unloading Tonnage: The decline in 

unloading tonnage under economic pressures and 
sanctions, combined with the long-term upward trend 

in loading tonnage, reflects an increasing export-

oriented role of the port within the broader marine-

based economy. 
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Rip currents, often appearing as mushroom-shaped features within the surf 

zone, are a primary cause of swimmer drownings along beaches worldwide. 

Due to their transient nature, the application of advanced remote sensing and 

computer vision techniques for localized detection of these phenomena 
significantly mitigates the limitations traditionally associated with their study. 

In addition to these methods, the emergence of machine learning and artificial 

intelligence (AI) techniques provides powerful tools for a more precise 
investigation of rip currents, offering substantial support to remote sensing 

approaches and enhancing the efficiency of coastal lifeguard operations on 

larger scales. This study aims to present a comprehensive review of the relevant 
literature from 2014 to 2023, evaluating both traditional and modern approaches 

to analyzing the behavior of these coastal currents. Particular emphasis is placed 

on examining the conducted studies, including details on the categorization of 

research objectives, comparison of various tools, and exploration of associated 
opportunities and challenges. 
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1. Introduction 
Rip currents are narrow, jet-like flows that move 

seaward from the vicinity of the shoreline, typically 
forming in the presence of irregular seabed topography, 

especially when incoming waves approach the coast 

nearly perpendicularly [1].  These currents constitute a 

significant component of the nearshore circulation 
system and can induce local bathymetric changes by 

carving flow channels [2]. Moreover, they play a vital 

role in coastal sedimentary and hydrodynamic 
processes, contributing to sediment transport and the 

dispersion of organisms and pollutants along the 

shoreline, thereby acting as influential agents in coastal 

dynamics [3].   
On the other hand, due to their often rapid and transient 

nature, rip currents have become one of the most 

serious coastal hazards for swimmers in many parts of 
the world [4]. Consequently, understanding the 

dynamic behavior of rip currents is crucial for 

enhancing beach safety and, more broadly, for effective 
coastal zone management [5]. These currents are 

influenced by various factors such as wave height, 

wave direction, and shoreline morphology and are 

categorized into several types, including shear 
instability rips, flash rips, channel rips, focused rips, 

deflection rips, and shadow rips [6] . However, since the 

formation of rip currents is governed by complex 
hydrodynamic processes and the natural variability of 

the coastline, monitoring them is highly challenging—

particularly given the wide range of rip types that may 
develop under diverse coastal hydrodynamic and 

morphological conditions during field observations. In 

addition, in-situ studies of rip currents are often time-

consuming and costly due to their spatiotemporal 
variability and dynamic nature [7]  .Therefore, there is 

a growing need for novel approaches (such as the 

integration of acoustic systems and satellite-derived 
data alongside traditional field measurements) to 

enhance our understanding of the behavior of these 

coastal currents [8]. 
Previous investigations have highlighted the 

application of various indicators and methods for 

studying rip currents, which, despite their individual 

limitations, function as effective tools and ultimately 
complement one another [2][9]. 

These research tools are generally classified into seven 

main categories: (i) numerical simulations, (ii) coastal 
video monitoring, (iii) laboratory analyses, (iv) field 

measurements, (v) analytical methods, (vi) remote 

sensing and coastal image processing techniques, and 
(vii) artificial intelligence techniques. 
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The first category—numerical simulations—has been 
widely utilized to explore a range of aspects, including 

the influence of coastal morphological features and 

seabed parameters on the characteristics of rip currents 

in a given region [1] . Other aspects addressed through 
numerical modeling include hydrodynamic properties, 

tidal variations, wave climate, rip current intensity and 

distribution, as well as morphodynamic changes and 
sediment transport mechanisms within rip channels 

[10] [11][12]. 

The second category, known as coastal video 
monitoring, has been deployed in various locations to 

investigate rip currents and their impacts on shoreline 

dynamics. These coastal monitoring techniques focus 

on the mechanisms of wave-induced currents, their 
behavior, and movement patterns while also addressing 

issues related to coastal erosion [13][14] . 

The third category, laboratory observations, serves as a 
valuable approach for analyzing the three-dimensional 

structure of rip currents [15][16], establishing causal 

relationships between hydrodynamic and 

morphodynamic variables, and understanding the 
dynamics of rip current systems in the nearshore region  

[17]. Primarily, laboratory investigations are employed 

to examine the formation and behavior of rip currents, 
the influence of various environmental factors on their 

development, and the conditions that affect their 

mobility  [18] . Field observations play an indispensable 
role in complementing and validating rip current 

research. These studies provide valuable data on beach 

topography, bathymetry, shoreline changes, and the 

hydrodynamic characteristics governing the surf 
zone—such as incoming wave features—which are 

essential for understanding rip current generation 

mechanisms  [19][20][21]   . Field studies also assist in 
identifying spatial and temporal variations in shorelines 

and sediment bars, both of which are closely linked to 

rip current formation [22] . 
Additionally, field investigations facilitate the 

collection of sediment samples, enabling analysis of 

sediment transport patterns associated with rip currents  

[23][24]  .  
Furthermore, field observations offer a critical 

opportunity to validate numerical models used to 

simulate rip currents  [22][2][25]  .Comparing numerical 
modeling results with field data yields a more 

comprehensive understanding of rip current events and 

their associated hazards, ultimately leading to 

improved safety measures for swimmers and more 
effective coastal management strategies [26] [6] . 

The fifth category, referred to as analytical models, 

encompasses the study of rip current formation 
patterns  [27], wave–current interactions  [28], and the 

prediction of various system characteristics such as 

current velocity  [29] and  rip spacing  [30].These 
studies, in conjunction with laboratory and field 

observations, contribute to resolving existing 

uncertainties in nearshore hydrodynamic phenomena. 

The sixth category, remote sensing and image 
processing techniques, provides valuable insights into 

the behavior of rip currents and assists in their 

identification and visualization [31][32] . 

In addition to these methods, the emergence of machine 
learning and artificial intelligence as the seventh 

category—either used independently or in combination 

with image processing techniques—represents a 
growing trend that facilitates automated rip current 

detection. These advanced approaches are capable of 

analyzing large volumes of imagery and detecting 
patterns and trends that may otherwise go unnoticed 

due to the transient nature of rip currents, which often 

hampers detection using conventional techniques 

[33][34]. 
In this context, over the past few decades, a 

considerable body of research within coastal 

engineering and management has focused on 
identifying the features and locations of rip currents 

using image processing, remote sensing, and AI 

techniques—an effort largely driven by the complex 

nature of these currents. Accordingly, the present study 
aims to examine the challenges and assess the strengths 

and limitations of various approaches based on image 

processing and remote sensing in rip current studies. As 
evident from the existing literature, despite the 

emergence of AI frameworks and their undeniable 

advantages, prior reviews remain limited in scope and 
lack in-depth analysis, which may hinder a 

comprehensive understanding of the associated 

limitations and research gaps.  Thus, this study provides 

significant support for researchers in identifying 
suitable strategies tailored to the specific challenges of 

each approach and advancing the objectives of future 

investigations. The structure of this paper is as follows: 
Section 2 presents the materials and methods, including 

an overview of remote sensing and image processing 

tools, as well as the search strategy. Section 3 provides 
a comparative analysis of the extracted results, 

including literature synthesis, key findings, and 

thematic classifications. Finally, Section 4 concludes 

with a summary of the main outcomes of the study. 
 

2. Data and Methods 
2.1. Remote Sensing Tools 

Remote sensing tools have long been recognized as 

complementary, highly efficient, and cost-effective 
means for investigating coastal phenomena, 

particularly in monitoring transient coastal events [35] . 
When selecting remote sensing data, it is essential to 

consider their classification based on spatial scale—
namely, global, regional, and local. 

Global-scale remote sensing data are used for large-

scale applications. These include datasets derived from 

various meteorological satellites employed for weather 
analysis, forecasting, and disaster prevention.  
Regional-scale remote sensing data are typically 

obtained from medium-resolution imagery. Notable 
examples include data from MODIS and Landsat 
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Table 3. A summary of the main findings and applied techniques in various studies. 

Limitations of the study 
Type of 

study 
Used techniques 

Image 

processing  
Reference  

- Limitation of generalizing the findings to other regions 
- Temporal limitations, with data being provided only as a 10-day average 

- Neglect of non-visual factors influencing current formation  

- Limitation of radar application in specific environmental conditions  

- Lack of investigation into the potential impacts of rip currents on swimmers  
- Absence of detailed information on the vertical structure currents  

- Spatial resolution limitations of marine radar  

Visualizatio
n and 

Tracking 

- / Marine radar (X-band 

nautical  )  
Hybrid method Haller et al. (2014)  1 

- Limitation of generalizing the findings to other regions 

- Neglect of non-visual indicators and the potential uncertainties associated with video-

based depth measurement technique 
- Accuracy of video-based measurements is dependent on environmental factors 

Bathymetr
y 

- / Coastal video imaging 

systems-Argus station (Argus 

video) 

Hybrid method 
Sembiring et al. 

(2014) 
2 

- Inability to generalize the findings to other locations or beaches 

- Lack of suitable data quality due to the poor quality of CCTV images  

- Absence of discussion on potential challenges in practical beach management  
- Lack of further validation and testing of the developed method in diverse coastal 

environments  

Detection 
- / Traditional coastal video 

imaging systems - CCTV 

cameras (CCTV images) 

Traditional 

Image 
Processing 

. Hwang et al. (2014)  3 

- Inability to determine the exact location of sediment bars 

-Temporal and spatial limitations in recording current features  

Observatio
n and 

monitoring 

- / Traditional coastal video 
imaging systems (rectified 

image) 

Traditional 
Image 

Processing 

Bogle et al. (2014) 4 

- Limitations in generalizing the findings  

- Limitations in video analysis and the potential for errors 
- A limited number of data points for velocity measurements   

- Limited information on the bathymetry of the underwater topography 

- Insufficient information regarding the characteristics and location of the drowning 

swimmers 

Tracking 
and 

locating 

- / Traditional coastal video 
imaging systems - CCTV 

cameras (CCTV images) 
Hybrid method Yoon et al. (2014) 5 

-Limitation in estimating long-term morphological changes due to low resolution  

-Limitation in accurate measurement and the need for multi-image monitoring  

-Limitation in the generalizability of findings to other areas  

-Lack of investigation into the dynamic mechanisms of sediment transport 

Tracking 
and 

monitoring 

Traditional coastal video 
imaging systems Hybrid method Shin et al. (2014) 6 

- Limitations in managing spurious long-range spatial correlations in the EnKF method  
- Limitation of the system's ability to generate long decorrelation lengths  

- Challenges in interpreting negative depths in specific locations 

Bathymetr
y 

electro-optical, infrared, and 
radar techniques (optical 

imagery, Argus time-exposed 
image, Infrared Particle 

Image) 

Hybrid method Wilson et al. (2014) 7 

-Lack of generalizability of findings to other coastal locations  

-Ignoring the long-term behavior trends of currents  

-Reliance on dye tracer measurements and lack of investigation into sediment transport 
processes  

-Uncertainty in estimating current velocities  

-Neglecting the impact of wave conditions on current dynamics 

Tracking 
- / A small plane (equipped 

with the multispectral camera 
system) 

Hybrid method Hally-Rosendahl et 
al. (2015) 

8 

-Lack of a detailed analysis of accuracy or false positive/negative rates 

-Potential limitations or considerations related to the use of drone technology 
-No discussion of the scalability of the proposed framework for large-scale implementation 

-Potential challenges in deploying drones for flow detection in various environments 

-Lack of comparison or evaluation of the proposed framework with other methods 

Detection 
- / Coastal video imaging 

systems (UAV &Optical flow 

video-based technique  )  
Hybrid method Sun et al. (2015)  9 

-Inability to apply the study results to other regions 
-Limitations of the proposed method due to its reliance on the surf zone model 

-Failure to consider temporal variations in coastal hazards and rip current conditions 

-Lack of long-term observations to validate the proposed method 

visually 

observe and 
analyze   

- / Remote sensing images (Not 

mentioned   )  Hybrid method Li et al. (2016)    10 

-Limitation in generalizing the findings to other coastal areas 
-Lack of investigation of the effect of groin spacing and permeability on rip current 

dynamics 

-Lack of investigation of long-term changes in rip current behavior  

-Focus of the analysis on a specific range of wave conditions 

Tracking 
- / Remote sensing cameras 
was installed on the cliff top 

(plan-view timex images) 
Hybrid method Scott et al. (2016) 11 

-Inability to generalize the findings to other coastal areas 

-Uncertainties in accurately representing real-world conditions 

-Neglecting the impact of seasonal variations on rip current formation 

-Specific operational conditions (daylight, altitude limitations, etc.) in RPAS investigations 
-Neglecting the potential impact of human activities on current dynamic 

Detection 

UAV (Unmanned aerial 
vehicle) & RPAS (Remotely 
Piloted Aircraft Systems)-

Google earth images 

Hybrid method Benassai et al. 
(2017) 12 

-Challenges in image quality and resolution in optical flow methods based on wavelets  

-Reduction in accuracy in videos due to raindrops or dust on the camera housing  

-Reduction in estimation accuracy due to the larger pixel size of images compared to the 

resolution of the modified grid  
-Limitations of comparison due to the limitations of comparing OF criteria with the results 

of acoustic Doppler velocimetry  

-Computational limitations of the proposed algorithm in real-time applications 

detection 
and 

monitoring 

- / UAV (Unmanned aerial 
vehicle) & optical flow Hybrid method Derian et al. (2017) 13 

-Inability to generalize findings to coasts with different wave climatic  
-Lack of coverage of the impact of seasonal changes on the rip current system  

-Absence of discussion on specific human interventions 
Detection - / Quadcopter drone Hybrid method Leatherman et al. 

(2017) 
14 

-Limitations in generalizing findings to other locations and times  

-Inherent uncertainties in the depth inversion algorithm used for remote sensing bathymetry  
-Neglect of the dynamics of important near-shore processes or hydrodynamical processes  

-Limitations in the analysis due to camera resolution, georeferencing quality, and changes 

in wave climatic 

-Need for further validation and sensitivity analyses in diverse coastal settings 

Bathymetr
y 

- / Coastal video imaging 

systems (UAV) 
Hybrid method Radermacher et al. 

(2018)  
15 

-Limitation of generalizations to other coasts  
-Neglect of the full complexity of coastal rip current zone dynamics and rip current 

behavior  

-Lack of investigation of wave variability at long time scales due to the limited study time  
-Neglect of the impact of human factors, such as beach user behavior or lifeguard 

interventions  

-Lack of consideration of the impact of seasonal changes or storm events on circulation 

patterns 

Bathymetr
y 

- / Coastal video imaging 

systems-'Cam-Era' video system 

(time-exposure image, and 
Google Earth)   & bathymetry 

observations (LiDAR  )  

Hybrid method Gallop et al. (2018)  16 

-Limitation in generalizing results to other coastal areas  
-Recording rip current events over a limited time period rather than a long-term period 

-Insufficient information regarding the demographic characteristics of drowning victims or 

the exact circumstances surrounding each drowning event. 

-Lack of discuss the potential impact of human factors or safety measures on beaches and 
their influence on the results. 

-High cost of high-resolution satellite imagery 

-Dependence on weather, cloud cover conditions, solar radiance, and other meteorological 

conditions and their impact on the quality of remote sensing images. 

analyzing  

- / High-resolution satellite 

imageries (ncluding Pleiades, 

Digital globe, Airbus, and 

Google Earth) 

Hybrid method Sridevi et al. (2019)  17 

-Limitation in generalizing the findings to other rip current-prone areas due to the focus on 

a specific location . 

-Lack of use of complementary techniques such as in-situ measurements or numerical 

modeling for analysis, and reliance solely on aerial and drone imagery. 
-Lack of discussion of the effectiveness and practical implementation of these beach rip 

current warning strategies . 

-Lack of consideration of potential errors associated with placing ground control points 

(GCPs), measurement accuracy, or data integration. 

Visualizatio
n and 
Tracking  

- / Coastal video imaging 

systems (UAV) Hybrid method Pujianiki et al. 

(2020) 
18 
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aerial imaging is recognized as one of the principals 

and most commonly used techniques in this field, with 
a usage share of 38.77%. 

Figure 2. Categorization of percentage of used remote sensing 

technique for rip current studies. 

 

A review of various studies on rip current research, as 

illustrated in Figure 3, reveals that Convolutional 
Neural Networks (CNNs), with a usage share of 

33.33%, are the most widely used artificial intelligence 

method for image processing in rip current detection. 

There are several reasons for the widespread adoption 
of CNNs in this context, primarily related to the unique 

characteristics of these networks and the nature of rip 

current-related data. CNNs are specifically designed 
for image data processing, and in rip current studies, 

visual data—such as aerial imagery, satellite images, 

and marine videos—serve as the primary source of 

information. A review of relevant literature 
demonstrates that CNNs are highly capable of 

recognizing complex visual patterns, textures, and 

features present in such imagery [33][61][52]. 
One of the key advantages of CNNs lies in their ability 

to automatically extract significant features from data. 

This capability stems from their deep architecture, 
which allows them to learn multiple levels of feature 

abstraction. As a result, CNNs can identify more 

intricate patterns compared to other methods. 

Moreover, images of rip currents often contain noise 
and environmental variability, and CNNs, due to their 

strong generalization capabilities, are more robust to 

such noise and can detect rip currents with greater 
accuracy [33]. In addition, recent years have witnessed 

significant advancements in CNN technologies, along 

with the development of powerful software libraries 

such as TensorFlow and PyTorch, which have made 
their implementation more accessible for researchers. 

Following CNNs, the next most commonly used AI 

tools in rip current studies are Faster R-CNN and Tiny-
YOLOv3 & RipDet+, each accounting for 16.66% of 

usage. These models are designed for object detection 

in images and have been adapted for rip current 

detection as well [62][54][50]. Nevertheless, due to 

their greater flexibility and superior ability to learn 

complex features, CNNs remain the most popular 

choice among researchers [63] . 

 
Figure 3. Categorization of percentage of used AI technique 

for rip current studies. 
 

The results also indicate that among various imaging 

techniques—namely Radar Imagery, Optical Imagery, 

Lidar Imagery, and Thermal Imagery—optical imagery 
holds the highest share of application (39.81%) in 

remote sensing studies of rip currents (Figure 4). This 

widespread use can be attributed to several advantages 
of optical imagery, including high spatial resolution for 

capturing fine details of the water surface, waves, and 

flow patterns; relatively low cost; ease of 
interpretation; and accessibility of the imagery 

[64][65]. 
Moreover, the limitations of other imaging methods 

further reinforce the preference for optical imagery. For 

instance, although radar imaging, with a usage share of 
13.95%, is capable of capturing data in adverse weather 

conditions and at night, literature reviews indicate that 

its resolution is generally lower than that of optical 
imagery. Additionally, radar image interpretation is 

more complex due to the influence of factors such as 

incidence angle, polarization, and surface roughness 

[36][31]. Lidar imagery, representing 2.32% of usage, 

enables precise measurement of water surface 

elevation, yet its application is limited due to high 

equipment and data processing costs [32][66][67] . 
Moreover, the limited penetration of laser signals in 
water restricts its ability to study subsurface layers. 

Similarly, thermal imagery, with a comparable share to 

Lidar, is useful for detecting temperature differences on 

the water surface but is less suitable for high-resolution 
surface current analysis. 

As illustrated in Figure 4, within the optical imagery 

category, visible imagery accounts for a significantly 
larger share compared to near-infrared (NIR) imagery. 

This preference is due to the considerable advantages 

of visible imaging. Since 2014, advancements in digital 
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camera technology have led to increased image 
resolution, reduced noise, and improved performance 

under various coastal environmental conditions [68] . 
Furthermore, the development of image processing 

software has enabled the extraction of quantitative 
information such as current velocity, flow direction, 

and wave height. The more limited use of near-infrared 

imagery stems from several drawbacks, including 

restricted water penetration, the need for specialized 
equipment, and the complexity of interpreting NIR 

images due to the influence of variables such as 

temperature, humidity, and surface material 
composition. These factors have led to the broader use 

of visible imagery in rip current studies. 

It is also worth noting that the selection of X-band radar 

imagery over other radar technologies, such as 
Synthetic Aperture Radar (SAR) in rip current studies, 

is due to several key advantages. X-band radar provides 
higher spatial resolution because of its shorter 

wavelength, which enables the capture of more detailed 

images of water surfaces and flow patterns. 

Additionally, X-band radar is highly sensitive to small 
changes on the water surface, making it especially 

suitable for detecting phenomena such as small waves, 

foam, and rip current-induced surface variations. Its 
limited penetration into water confines the imagery to 

surface-level features, which is beneficial for studying 

surface currents. Moreover, X-band radars are 
generally more cost-effective than SAR systems, 

making them more accessible for widespread research 

applications [32]. Given these benefits and the 

limitations of SAR, the use of X-band radar in rip 
current studies has significantly increased since 2014. 

 

 

 

 
 

Figure 4. Categorization of Percentage of number of reviewed papers, based on Remote sensing imaging methods used for rip 

current studies. 

 

The analysis of various sources, as illustrated in Figure 
5, reveals that although rip current detection (38%) 

plays a crucial role as the first step in managing the 

risks associated with this phenomenon, tracking and 
continuous monitoring of rip currents are also of 

significant importance. However, there are several 

reasons why tracking and monitoring have received 

less attention than detection in recent years [69]. Other 

research objectives, including depth estimation, visual 

representation, and data analysis, are also pursued to 

enhance understanding and promote the practical 

application of research findings [70][71][13] . One of 

the main reasons for the predominant focus on rip 
current detection (with a 38% share) is the fact that rip 

currents are among the most hazardous marine 

phenomena, claiming numerous lives each year. Early 
detection of these currents can greatly contribute to 

saving the lives of swimmers and boaters [40] . 

Moreover, rip currents are often not visually apparent 
and may be hidden beneath the surface or obscured by 

strong wave activity, rendering traditional shoreline 

surveillance methods insufficient for preventing 

accidents [72][14][73]. 
As a result, recent advancements in remote sensing—

particularly high-resolution satellite imagery and radar 

data—have facilitated more accurate and timely 
detection of rip currents. Furthermore, machine 

learning and artificial intelligence algorithms are 

capable of analyzing vast amounts of data and 

identifying complex patterns within satellite images. 
Consequently, accurate and timely detection of rip 

currents supports the enhancement of early warning 

systems and coastal safety management [74]  .In 

addition, information obtained through detection 
efforts can be utilized in numerical modeling of coastal 

currents, designing coastal structures, and planning 
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Study challenges (Remote sensing) Radar 
Aerial 

Imagery 

coastal 

video 

Imagery  

(In situ) 

Satellite 

Imagery 
Lidar Others 

Spatial resolution 4 7 4 4 0 0 

Temporal resolution 2 1 2 0 0 0 

Impact of weather conditions 1 5 2 4 0 0 

Impact of surface cover and 
environmental factors 

1 7 0 5 0 0 

Calibration and validation 3 13 6 10 0 1 

Rapid current variability 2 4 4 3 0 1 

Determination of precise current 

boundaries 
1 5 5 3 1 0 

Influence of tides and waves 1 7 4 5 1 0 

Seasonal and annual variations 2 5 4 3 1 1 

Neglect of non-visual indices (depth, 

etc.) 
2 9 6 5 1 1 

Impact of human factors 1 3 2 3 1 0 

Effectiveness in the practical 

implementation of results 
1 1 2 1 0 0 

 

Figure 8. Heat map showing the study challenges against a variety of RS techniques. 
 

Figure 9 presents a heatmap of various techniques and 

hybrid tools in artificial intelligence (e.g., Machine 

Learning (SVM), Machine Learning (CNN), Deep 
Learning (Faster R-CNN), etc.) along the horizontal 

axis, and various challenges encountered in employing 

these methods (e.g., Lack of proper labeling, 
Insufficient and noisy data, Rapid and nonlinear current 

changes, etc.) along the vertical axis. Each cell in the 

heatmap indicates the intensity of the relationship 
between a specific challenge and a particular technique. 

Warmer colors denote stronger correlations, while 

cooler colors indicate weaker correlations. 

The heatmap in Figure 9 illustrates the challenges 
encountered with each specific AI technique. The 

results show that, in machine learning methods such as 

CNN and SVM, the primary challenges are related to 
model generalization (spatial and temporal limitations), 

challenges in interpreting results (black-box nature), 

and specific challenges in studying rip currents 

(identifying key features). 
In other deep learning techniques and hybrid methods, 

including LSTM, JDC, Grad-CAM, Faster R-CNN, 

and Tiny-YOLOv3 & RipDet+, no specific recurring 
challenge is observed. However, in the two deep 

learning techniques, Faster R-CNN and Tiny-YOLOv3 

& RipDet+, the challenge of insufficient and noisy 

data, which pertains to the quality of input data, is 
identified as the most impactful limitation in rip current 

studies. As noted, both of these techniques are object 

detection models widely used in the field of computer 
vision, with Faster R-CNN known for its high accuracy 

and Tiny-YOLOv3 for its high speed. Consequently, 

both models require high-quality and large volumes of 
training data, and insufficient training data may lead to 

problems such as overfitting or underfitting. 

Additionally, noise in the data can reduce the model's 

accuracy. Since RipDet+ is specifically designed for rip 
current detection, it requires training data with accurate 

and domain-specific labeling. 

On the other hand, aside from the high cost and time 
involved in collecting and labeling rip current data, the 

complexity and variable nature of rip currents make it 

highly challenging to gather diverse and representative 

data for this phenomenon. All these factors make the 
challenge of insufficient and noisy data the most 

prominent limitation in rip current studies for the two 

aforementioned techniques. 
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Figure 9. Heat map showing the study challenges against a variety of AI techniques. 
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5. Conclusions 
This study provides a comprehensive review of the 

application of various image processing and remote 

sensing techniques in rip current studies. The findings 

revealed that combined processing methods, 
particularly those utilizing multi-source data (coastal 

surveillance cameras, satellite imagery, and drones), 

were the most widely used (approximately 78% of the 
studies). Additionally, studies combining classical 

image processing with machine learning and flow 

analysis have been more successful in accurately 
detecting rip currents. 

Among remote sensing imaging methods, optical 

imagery, with a share of 81.39%, has been the most 

commonly used due to its high resolution, lower cost, 
and ease of interpretation. It is worth noting that while 

aerial imagery, with a share of 38.77%, has been one of 

the most widely used methods in rip current studies due 
to its higher spatial resolution and flexibility in data 

collection, satellite imagery, with a share of 24.48%, 

has also held a significant position. However, the 
combination of these images with other data, such as 

radar and sonar, can provide more comprehensive 

information about coastal environments. 

Regarding the use of artificial intelligence tools, 
Convolutional Neural Networks (CNN), with a share of 

33.33%, have been identified as the most widely used 

method in rip current image processing due to their 
ability to automatically extract complex visual features 

and their resilience to noise. Other AI models, such as 

Faster R-CNN and Tiny-YOLOv3, have also been used 

for object detection in images, but CNNs are more 
popular due to their greater flexibility and ability to 

learn more complex features. 

The results indicated that the main focus of studies has 
been on the detection of rip currents (38%), while 

tracking (22%) and continuous monitoring (18%) of 

these currents have received less attention. One of the 
reasons for this is the technical challenges and high 

costs associated with establishing and maintaining 

monitoring systems. Additionally, the rapid changes in 

rip currents and the need for long-term, high-quality 
data to assess the effectiveness of monitoring and 

tracking methods have been other significant barriers. 

The review of challenges in the studies revealed that 
limitations related to model calibration and validation, 

the failure to consider non-visual indicators (such as 

depth and underwater topography), inappropriate 
spatial resolution, and the impact of weather conditions 

were among the common problems in traditional image 

processing and computer vision methods. In AI-based 

studies, challenges related to the generalization of 
models, insufficient and noisy data, and uncertainty in 

defining the classes of rip currents were considered 

major obstacles. Overall, the results of this study 
indicate that combining image processing, remote 

sensing, and artificial intelligence techniques can 

enhance the detection, tracking, and monitoring of rip 

currents. Furthermore, the development of AI models 
with high generalization capability and the integration 

of multi-source data can pave the way for future 

research in this field. 
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Due to the increased life of marine structures in the world, repair and 

maintenance of low cost and high reliability are of concern in this industry. In 
this paper, the corrosion-induced crack width of reinforced concrete (RC) 

structure in the marine environment is estimated according to the experimental 

data, laboratory results, and numerical formulas. Symptom-based Weibull 

function distribution and Bayesian theory have been used to predict the 
structural reliability in different modes (without repair and maintenance, with 

maintenance, and with repair and maintenance) and the probability of failure 

was assessed before and after maintenance to predict the appropriate time 

for its implementation using Bayesian theory. Bi-objective optimization 

was utilized to provide the client with optimal decisions regarding the 

probability of structural failure as well as the type of repair and maintenance 

strategies. The results showed the effectiveness of the proposed method in 

predicting performance, improving life service, and optimizing repair and 
maintenance costs of the marine structure. 

Keywords: 
Corrosion, Crack width, symptom-
based Reliability, Maintenance and 

repair, Cost Optimization 

 

 

1. Introduction 
Improving marine structure lifetime is a recent concern 

for maritime industry in the word. Marine structures are 

being under serious damage or even severe failure as 
they are subjected to the environmental forces of 

aggressive marine environment including corrosion, 

waves, floats, etc. The evident need for effective repair 
and maintenance strategies is felt by all concerned in 

maritime industry including owners, classification 

society, and officials. Repair and maintenance are more 
cost-effective, less risky, and simpler than the design 

and construction of marine structures. This need is 

more evidently felt when the structure service age is 

increased [1]. 
Structural health monitoring is one of the ways to 

identify fatigue damage to the structure. Its ultimate 

goal is to detect the existence, location, and extent of 

structural damage. Additional to structural health 
monitoring and its data, reliability and probabilistic 

analysis can be utilized to predict future performance 

and service life of the structure. The durability of the 
structure is enhanced using repair and maintenance 

strategies to improve structural performance and 

lifetime. A targeted program can provide information 

on the present condition, repair and maintenance 
regularities, and the future performance of the 

structure. 

Full inspection and assessment are requisites to ensure 
the sustainability of structure and reduce costs (proper 

repair and maintenance implementation). Structural 

health monitoring strategy is integrated with life cycle 

management to predict the structure performance, 
estimate optimal maintenance strategy, and thus use the 

structure beyond its design life span. RC structures as 
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a type of marine structures may change from the initial 

design to the state that threatens their safety and 

usability due to corrosion, service aging, or changes in 

their resistance to toughness. Therefore, damage 
prediction is essential to estimate the structure remnant 

life and implement maintenance and repairs. In fact, the 

structural reliability and serviceability are predictable 
from probabilistic functions using specific information 

of structures (crack width in RC structures). The 

prediction of future state from observation of present 
state via probabilistic functions determines a set of 

actions to optimize repair and maintenance strategies 

based on the structural reliability and costs. 

. 
In this paper, data from various experimental resources 

and results from computational relations on crack 

width estimation in the marine environment are used to 
predict the probability of failure and the remaining life 

of RC structures by the use of Weibull function 

distribution. Assuming that repair and maintenance 
service has been done, the structure information is 

updated and the probabilistic functions are analyzed by 

means of Bayesian theory. Finally, the information 

obtained from probability functions in different modes 
is used to estimate the optimal choice based on time and 

cost for repair and maintenance of the structure. 

 
There have been various assessments of cracking and 

its impact upon structural fracture. Recent research 

shows that life expectancy of RC structures is highly 

dependent on environmental conditions. The corrosive 
atmosphere is a determinant of corrosion and cracking 

in RC structures [2,3]. There is sample research on the 

problem of concrete corrosion and surface cracking 
that predict theoretical models for its developing time 

[4–7]. Some researchers have modeled fatigue 

behavior adapting the finite element method to contrast 
the laboratory with model data for the structure [8–10]. 

In addition, various mathematical models have been 

proposed to predict concrete cracking time [11]. In the 

past, some research has been done on crack 
development in RC structures. Liu and Weyers first 

modeled the time to steel corrosion-induced cracking 

on cover concrete in a round of experiments. They 
made 5-year observations on the distribution of model 

cracks to examine the impact of corrosion on 

reliability. They found that cracking time acts as a 
symptom of the time-based prediction model [5]. 

The science of reliability is willingly introduced in the 

1960s. Some probabilistic methods have been used to 

predict the structure's lifetime. These methods can 
predict a more accurate and realistic life span and time 

to corrosion at cracked surfaces [12–15]. In 1968, 

Benjamin proposed the concept of probabilistic design 
and structural reliability [16]. In 1987, Frangopol et al. 

examined the effect of structural damage on time-based 

reliability [17]. In 1998, Sarma and Adeli conducted a 

study on RC structures suggesting that the focus of 

research must shift from the initial optimization cost to 

the repair and maintenance costs [16]. 

In 1983, Surahman and Rojiani developed reliability-

based optimizations for RC structures [16]. In 2000, 
Cempel et al. introduced a new concept of reliability 

based on symptoms (physical properties) to assess 

system conditions. This reliability has priority over 
time-based reliability in updating useful data (physical 

properties) to assess the structure's current and future 

conditions. Later, this concept of reliability was applied 
to measurable data such as geometry, material 

properties, static and dynamic behavior, structural 

damage and loading [18]. In 2011, Straub designed a 

new method to estimate the reliability of RC structures 
using Bayesian theory [19]. 

In 2012, Chen and Alani evaluated reliability to 

calculate offshore structure deterioration over time, 
providing an optimal repair program for the structure 

service life [20]. In 2015, Chen investigated the effect 

of corrosion on RC structures in an experimental 
research based on physical properties. The crack width 

of steel-concrete bond corrosion was studied using 

reliability based on physical properties on which the 

data were collected. Weibull probability distribution 
and Bayesian updating functions were used to assess 

reliability and predict the best repair and maintenance 

time to extend service life of the structure [21]. 
In 2017, Yu Bo et al. investigated the impact of sea 

environment on the reliability and probability of failure 

in offshore RC structures. They also examined 

environmental conditions, material properties, 
parameters influencing RC structures, and their 

implementation in the marine environment [21]. 
 

2. Corrosion in the Marine Environment 
2.1. Initiation and Propagation of Cracks 

 

corrosion cracking that leads to the failure of 

marine structures containing high-strength steel 

occurs in three different phases. 

1) Crack initiation , 2) Crack propagation at a 

slow rate, 3) Fully cracked cover at a high 

propagation rate approaching the critical 

condition and leading to the final fracture 

[22]. 

 

 

The crack width on the concrete cover surface as 

an on-site measurable parameter follows analytical 

models. Experimental research shows that the 

bond strength of corroded steel is highly correlated 

with the crack width of concrete. The bond 

strength can be expressed as a function of crack 

width over time [23]. Figure 1 shows the predicted 

bond strength of intact normalized steel [24] and 

the experimental result of Law et al. [25]. 
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In this equation, the crack width coefficient 𝛿𝑏𝑐(𝑅𝑐 . 𝑟) 

is expressed as follows and the coefficient  

is obtained from 𝛿𝑏𝑐(𝑅𝑐 . 𝑟)  when r =
bR . 

(6) 
𝛿𝑏𝑐(𝑅𝑐 . 𝑟) =  

(𝑅𝑐 − 𝑟)

𝑙0(𝑙0 − 𝑅𝑐)(𝑙0 − 𝑟)

+  
1

𝑙0
2 𝑙𝑛

𝑅𝑐|𝑙0 − 𝑟|

𝑟|𝑙0 − 𝑅𝑐|
 

 

where 𝑙0 =  
𝑛𝑐𝑊𝑐𝑟

2𝜋
𝑙𝑐ℎ and .            

 is the length of property introduced by Hillerborg et 

al. [30] and 
cL is the spacing of crack bands [28]. 

Therefore, the normalized crack width at rebar surface 

Wb is expressed as follows: 

(7) 𝑊𝑏 = ((1 + 𝜈)𝑅𝑐(𝑙0 − 𝑅𝑐)𝛿𝑏𝑐(𝑅𝑐. 𝑅𝑏) × 𝑊𝑐𝑟) 

The mass of rust required for the crack propagation on 

the concrete surface at the time of crack initiation is 

obtained by Eq.(8): 

(8) 
𝑀𝑟(𝑇𝑐 − 𝑇𝑝) = [1 +

 𝑙0 − 𝑅𝑏

𝑅𝑏

𝑊𝑏

𝑊𝑐𝑟
] × 𝑅𝑏 ×

𝑓
𝑡

𝐸

×
𝜋 𝐷𝑏

𝛼𝑚
 

As a result, the time for the crack to propagate on the 
concrete surface Tc is estimated using Eq.(1). 

 

2.2.3. Fully Cracked Cover 

As soon as cracking reaches the surface of free 

concrete, the cover is completely cracked. The 

normalized crack width at this stage of corrosion is 
expressed as bellow [28]: 

(9) 𝑊 = 𝑊𝑐 + 
𝛿𝑏𝑐(𝑅𝑐. 𝑟)

𝛿𝑏𝑐(𝑅𝑐 . 𝑅𝑏)
(𝑊𝑏 − 𝑊𝑐) 

 

The normalized crack width at the rebar surface  

within the time period of this stage is also expressed as 

bellow [28]: 

(10) 𝑊𝑏 = (
𝐸
𝑓

𝑡

× 
𝛼𝑚𝑀𝑟(𝑡)

𝜋 𝐷𝑏
− 𝑅𝑏) × 

𝑊𝑐𝑟

𝑙0 − 𝑅𝑏
 

Therefore, the crack width at the concrete surface  

can be calculated as a function of time. The time to 

reach the critical value for concrete can be 

estimated by Eq.(10) assuming that b crW W= . Also, 

the critical mass of rust (concrete surface cracking) can 

be calculated by Eq.(11): 

 

(11) 𝑀𝑟(𝑡𝑐𝑟) =  
𝑙0𝑓

𝑡
𝐷𝑏 𝜋

𝐸 𝛼𝑚
 

 

Finally, if corri is kept constant during the cracking 

process, the total crack width per time t is the sum 

of all concrete surface crack widths [31]. 

Therefore, the crack width is considered as a 

function of time as follows [28]: 

 

(12) 

𝑓𝑜𝑟 0 ≤ 𝑡 ≤ 𝑇𝑐  
𝑓𝑜𝑟 𝑇𝑐 ≤ 𝑡
≤ 𝑇𝑐𝑟 
𝑓𝑜𝑟 𝑡 > 𝑇𝑐𝑟  

𝑤̃(𝑡) = 0 
𝑤̃(𝑡) = 𝑎𝑐𝑡1/2 − 𝑏𝑐 
𝑤̃(𝑡) = 𝑎𝑑𝑡1/2 − 𝑏

𝑑 
 

 

 

 

The values of  and cb  can be represented as 

below: 

(13) 

        𝑎𝑐

= 0.145 𝛼𝑚

𝐸

𝑓𝑡

√
𝑖𝑐𝑜𝑟𝑟

𝜋 𝐷𝑏

× 
1

(𝑙0 − 𝑅𝑏)[1 − 𝑅𝑐(𝑙0 −  𝑅𝑐)𝛿𝑏𝑐(𝑅𝑐 . 𝑅𝑏)]

× 𝑛𝑐𝑊𝑐𝑟 

(14) 
𝑏𝑐 = 

𝑅𝑏
(𝑙0− 𝑅𝑏)

+ 𝑅𝑐(𝑙0 − 𝑅𝑐)𝛿𝑏𝑐(𝑅𝑐. 𝑅𝑏) 

1 − 𝑅𝑐(𝑙0 − 𝑅𝑐)𝛿𝑏𝑐(𝑅𝑐. 𝑅𝑏)
× 𝑛𝑐𝑊𝑐𝑟 

 

Also, the values of da  and db can be represented 

as below: 

 

(15) 𝑎𝑑 = 0.145 𝛼𝑚
√𝜋 𝐷𝑏𝑖𝑐𝑜𝑟𝑟

𝑅𝑐𝑟
 

(16) 𝑎𝑑 =  𝜋 𝐷𝑏 (1 − 
𝑅𝑏

𝑅𝑐𝑟
) − 𝑛𝑐𝑊𝑐𝑟 

 

 

Therefore, it can be concluded that if the mean 

corrosion rate of rebar remains constant during the 

process, the crack propagation induced by steel 
corrosion follows square–root–of–time rule. 

 

2.3. Sample Beam 

A concrete beam in the marine environment is 

considered as the study structure in this paper. The 

beam includes a rebar of 16 mm diameter with a clear 

concrete cover of 40 mm. The mean compressive 
strength of concrete is taken fc = 45 MPa. This value is 

also considered to estimate other properties of concrete. 

Therefore, the required parameters are estimated as 
follows: 

The tensile strength of concrete is equal to 𝑓𝑡 =

0.69√𝑓𝑐 = 4.63 𝑀𝑃𝑎 

The modulus of elasticity is equal to 𝐸 =
4400𝑓𝑐

0.516 = 31.4 𝐺𝑃𝑎 

Poisson's coefficient is taken as ν = 0.18 
According to laboratory data, the fracture energy of 

concrete and the ultimate cohesive crack width are 

respectively considered 𝐺𝐹 = 96 𝑁 𝑚⁄  and 𝑤𝑢 =
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0.15 𝑚𝑚 in the structure. According to previously used 

data [28,31], the allowable crack width is assumed to 

be 𝑤𝑙 = 1 𝑚𝑚 for the RC structure in the marine 
environment. Also, the maximum aggregate size is 

considered to be 25 mm. The total crack number is 

obtained from the formula 𝑛𝑐 = 2 𝜋 𝑅𝑐 𝐿𝑐⁄ ≈ 4. The 
structure designed service life is 60 years. Also, the 

baseline of the corrosion penetration rate is 𝑖𝑐𝑜𝑟𝑟 =
5 𝜇𝐴 𝑐𝑚2⁄ . 

The crack width per unit time has been calculated by 
some methods and the crack growth in RC structures 

has been formulated by some researchers. Alongside 

crack growth prediction, different laboratory data 

[27,32–34] have been collected by Chen [24].                                                                                                       
In the following, the Eq.(12) is used to predict the 

cracked structure width (with studied specification). As 

shown in Figure 3, there is no significant difference 

between predicted data by Eq.(12) and predicted data 
by Chen in the corrosion-induced crack width. These 

results are taken as the presumptions for the crack 

growth in the offshore environment and used for the 
following predictions. 

 

 

Figure 3. Crack width values under the function of mean corrosion penetration rate (laboratory data and presumed results) 

 

 

3. Symptom-based Reliability and Weibull 

Function Distribution 

Time-based reliability is an old method that has given 

way to symptom-based reliability due to some 
limitations including ignorance of extra information 

available to the structure. Since environmental forces 

are constantly changing in the specific maritime 

environment, symptom-based reliability has priority 
over time-based reliability for marine structures. The 

health monitoring process can formulate useful 

symptoms to evaluate the current state and predict the 
future condition for developing optimal maintenance 

strategies.  In symptom-based systems, reliability 

depends on measurable data. When a symptom exceeds 
its critical value, the failure of system or its components 

will take place [18]. Weibull model as a well-known 

and flexible model for service life distribution can be 

used for symptom-based reliability. Therefore, in 
Weibull Life Distribution Model based on the symptom 

Y (e.g. crack width) caused by the damage parameter 

X  (e.g. average corrosion penetration rate), its 

probability density function (PDF) is defined as [35]: 

 

(17) 𝑓(𝑌) = (
𝛼

𝑌
) (

𝑌

𝑌𝑏
)

𝛼

exp(− (
𝑌

𝑌𝑏
)

𝛼

) 

 
 

Where  andg  is the scale factor, calculated 

from the design requirements and the limit value of    

. The value of the shape factor (0 <α) is calculated 

by the following formula [35]: 

 

(18) 𝛼 =  
∑ {ln [− ln (1 −

𝑥𝑖

𝑥𝑏
)]}2

𝑖

∑ {ln [− ln (1 −
𝑥𝑖

𝑥𝑏
)]} ln(

𝑌𝑖

𝑌𝑏
)𝑖
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The damage parameter  corresponds to 
bY . The 

probability of failure (cumulative distribution function 

CDF) is expressed as a function of damage parameter 

x(t) with respect to time t as follows [35]. 

 

(19) 𝑃𝑓(𝑌(𝑡)) = 1 − exp[− (
𝑌(𝑡)

𝑌𝑏
)

𝛼

] 

 

 

 

By calculating probability of failure, the reliability 

based on symptom (survival function) for the symptom 
Y is expressed as a function of damage parameter x(t) 

as follows [35]: 

(20) 

𝑅(𝑌(𝑡)) =  ∫ 𝑓(𝑦)𝑑𝑦
∞

𝑌(𝑡)

= exp[− (
𝑌(𝑡)

𝑌𝑏
)

𝛼

] 

 

3.1. Bayesian Theory and Reliability 

In 1958, Bayesian theory was first developed by 
Thomas Bayes. This method is used for adjusting 

previous information to new evidence in order to 

update or modify studied parameters. In maintenance 
studies, 

routine inspections, maintenance and repairs are 

conducted to update information on the structures and 

make decisions about their future. This information 
should be considered in probabilistic functions and 

service life. 

Under such conditions, when the structure is 
monitored, inspected, or repaired at the specific crack 

width 𝑤̃ = 𝑤̃𝑎,  the entire structure undergoes some 

changes in reliability and probability of failure. 

Therefore, the crack width information must be 

updated. The function 𝑔(𝑤̃. 𝑤̃𝑎) is defined as a 

likelihood function to simulate up-to-date values [35]: 

 

(21) 

𝑔(𝑤̃. 𝑤̃𝑎) = 𝑓(𝑤̃ − 𝑤̃𝑎)

=
𝛼

𝑤̃ − 𝑤̃𝑎
(
𝑤̃ − 𝑤̃𝑎

𝜆′𝑤𝑙
)𝛼exp[− (

𝑤̃ − 𝑤̃𝑎

𝜆′𝑤𝑙
)

𝛼

] 

 

 

In this equation, 𝜆′ is the scale factor updated and 

represented as follows [35]: 
 

(22) 𝜆′ =  
𝑤𝑎

𝑤𝑙
[− ln (1 −

𝑥̅𝑎

𝑥̅𝑏
)]−1/𝛼 

 

In this equation, 𝑥̅𝑎 is the average corrosion penetration 

rate at the crack width 𝑤̃𝑎. Having been updated, 

probability density function must be multiplied by the 

reliability symptom 𝑤̃ = 𝑤̃𝑎 , 𝑅(𝑤̃𝑎) to keep the unity 

of cumulative distribution function. Accordingly, at 

different crack widths 𝑤̃ = 𝑤̃𝑖
𝑎, the probability density 

function is expressed as [36]: 

 

(23) 𝑓𝑖+1
𝑎 (𝑤̃) =  

𝑔𝑖(𝑤̃. 𝑤̃𝑖
𝑎)𝑓𝑖(𝑤̃)

∫ 𝑔𝑖(𝑤̃. 𝑤̃𝑖
𝑎)𝑓𝑖(𝑤̃)𝑑𝑤̃

∞

0

𝑅𝑖(𝑤̃𝑖
𝑎) 

 

 

The 𝑔𝑖(𝑤̃. 𝑤̃𝑖
𝑎) is the likelihood function of i-th 

structure assessment program at the crack width 𝑤̃ =
𝑤̃𝑖

𝑎  and 𝑓𝑖(𝑤̃) is the initial probability density function 

for structure assessment. 𝑅𝑖(𝑤̃𝑖
𝑎) shows the structural 

reliability of i-th structure assessment program [36]. 
Therefore, the reliability is obtained via integration of 

updated probability density function over the desired 

point [36]: 
 

(24) 𝑅𝑎(𝑤̃) = ∫ 𝑓𝑎(𝜃)𝑑𝜃
∞

𝑤̃

 

 
In general, repairs are necessary for structure safety 

improving its strength and reliability. After repairs, the 

symptom-based reliability profile is changed. The 

probability density function in the crack width 𝑤̃ = 𝑤̃𝑗
𝑟  

after repairs is modified as [37]: 
 

(25) 

    𝑓𝑗+1
𝑟 ( 𝑤̃) = 𝑓( 𝑤̃)      𝑓𝑜𝑟 𝑤̃ < 𝑤̃𝑗

𝑟    

𝑓𝑗+1
𝑟 ( 𝑤̃) =  𝑓𝑗(𝑤̃ − 𝑤̃𝑗

𝑟)𝑅𝑗(𝑤̃𝑗
𝑟) 𝑓𝑜𝑟 𝑤̃𝑗

𝑟

≤  𝑤̃ <  𝑤̃𝑗+1
𝑟  

 

 
3.2. Sample Modeling 

A sample beam is tested in the marine environment. 

The beam profile specifications are described in 
Section 2.3. The predicted data on crack growth are 

analyzed in three different modes to model the sample 

beam in the probability distribution function. In the 

first step, the structure is inspected without repair and 
maintenance. The structure surface is then inspected at 

a crack width of 0.8 mm. In the third step, beam repairs 

are made at a crack width of 1.2 mm. In the fourth step, 
the beam surface is inspected at a crack width of 0.8 

mm and the structure is repaired at a crack width of 1.2. 

Finally, the probability of failure and the reliability of 
structure are examined. In fact, the structure is 

inspected after observing 0.8 mm wide cracks on the 

concrete surface. This inspection leads to structural 

modification. Later, at another time in the structure life 
cycle, repairs are made at a 1.2 mm width of cracks. 

The state (remaining life) of the structure changes after 
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making repairs and inspections. Providing updates and 

information on the structure is thus necessary to re-
predict the remnant life of the structure. In this case, the 

structure is updated using Bayesian theory. 

Figure 4 shows the structure probability density as a 

function of crack width. According to the initial state 
of the structure without maintenance and repairs, there 

is 50% probability of failure at the crack width of 1 

mm. This state represents a structure working on all the 
basic engineering assumptions of 60-year life 

expectancy. After conducting inspection and updating 

information on the structure state, a tangible change 
occurs in the density function. According to the 

cumulative distribution function shown as a function of 

crack width (Figure 5), the structure operates on less 

than 40% probability of failure at the crack width of 1 
mm. When the structure is inspected at the crack width 

of 0.8 mm, there is a sudden fall in the structural 

deterioration process continuing on a slower rate. 

 

Figure 4. The initial, likelihood, and future probability density functions at 0.8 crack width inspection 

 

 

 
 

 

 
 

 

 

 
 

 

 
 

 

 

 
 

Figure 5. The diagram of cumulative distribution function for the structure both without and with inspection at the crack width of 

0.8 mm 

 

In the third step, the structure is modeled in such a way 

that repairs are conducted on the structure only at a 
crack width of 1.2 mm. There is more than 50 % 

probability of failure at the crack width of 1.2 before 

repairs, which is sharply reduced afterward. By making 
repairs, the probability density function and the 

probability of failure reach near zero at a crack width 

of 0.3 mm (shown in Figures 6 and 7). Therefore, 

repairs affect the process of structural deterioration. 

The probability of failure is procrastinated from 2 mm 

to more than 2.5 mm crack width in the structure. 
In the fourth step of modeling, the structure is inspected 

at 0.8 mm and repaired at 1.2 mm crack width. In this 

mode, there are significant changes in the lifespan of 
the structure (Figure 6). The results on the probability 

density function from Figure 6 and the results on the 

probability of structural failure from Figure 7 show 

significant improvement in the structural reliability. In 
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this step, there is an increase up to 2.5 mm in the 

structure lifespan alongside a 50% probability of 

failure at 1.5 mm crack width. 

 

 

Figure 6. The probability density function under different conditions (without inspection and repairs, repairs at 1.2, inspection at 

0.8, and repairs at 1.2 mm crack width) 

 

 
 

 

 
 

 

 

 

 

 

 

 
 

 

 

 

 

 

Figure 7. The probability of failure under different conditions (without inspection and repairs, repairs at 1.2, inspection at 0.8, and 

repairs at 1.2 mm crack width) 

 

As expected, conducted inspections and repairs 
increased reliability and decreased probability of 

failure in the structure. As a consequence, the structure 

design life and durability are enhanced. Inspection, 

maintenance, and repair routines demand high costs. 
Whether maintenance implementation is a more cost-

effective way than structural reconstruction is the key 

question. To what extent and when maintenance 
strategies are worth implementing and budgeting are 

discussed in the following. 

 
 

 

 

4. Maintenance Strategy 
The reliability assessment and cost analysis of the 

structures provide vital information for decision-
making on rational management [35]. The optimal 

planning for making inspection, maintenance and 

repairs on engineering structures is conditional to cost 
analysis of the structure life cycle. This optimization 

entails minimizing the total cost of life expectancy 

including inspection, monitoring, maintenance, and 

repairs [35]. All the expected costs for the structure 
remaining life are expressed as [35,36]: 

 



Abdolhossein Mohammadrahimi, Afshin Ghasri, Mesbah Sayebani, Akbar Esfandiari /IJCOE 2026, Vol11(No3); p.p86-p97  

 

94 

(26) 
𝐶𝑡𝑜𝑡𝑎𝑙 = 𝐶𝑖𝑛𝑠𝑝 + 𝐶𝑚𝑎𝑖𝑛 + 𝐶𝑟𝑒𝑝 + 𝐶𝑓𝑎𝑖𝑙

+ 𝐶𝑚𝑜𝑛  
 

In this equation,   expresses the inspection cost, 

mainC denotes the maintenance cost,  implies the 

cost of repairs,  corresponds to the probability of 

failure cost, 
monC is the cost of monitoring the structure. 

The expected  inspection costs for  number of 

inspections within the structure remaining service life 

of T  can be calculated by Eq.(27). [35,36]: 

(27) 𝐶𝑖𝑛𝑠𝑝(𝑇) =  ∑
𝐶𝑖𝑛𝑠𝑝.𝑖

(1 + 𝑑𝑟)𝑡𝑖

𝑁𝑖

𝑖=1

 

 

In this equation,  implies the cost of i-th inspection 

of the structure at the time  and is the annual 

discount rate. 

The expected maintenance cost of 
mainC , including the 

cost of preventive and routine maintenance over the 

remaining service life of T , depends on the relevant 

planning. The expected repair cost of  for the 

number of repairs over the remaining service life of T  

is defined as [35,36]: 

(28) 𝐶𝑟𝑒𝑝(𝑇) =  ∑
𝐶𝑟𝑒𝑝.𝑗

(1 + 𝑑𝑟)𝑡𝑗

𝑁𝑗

𝑗=1

 

 

Where is the cost of j-th repair of the structure at 

the time jt . 

The maintenance strategy, including inspection and 

repairs on the structure, may change the probability of 

structural failure. The cost of expected failure for 

the remaining service life of T  is defined as [35,36]: 

 

(29) 

𝐶𝑓𝑎𝑖𝑙(𝑇)

=  𝐶𝑓𝑃𝑓(0) + ∑
𝐶𝑓(𝑃𝑓(𝑡) − 𝑃𝑓(𝑡 − 1))

(1 + 𝑑𝑟)𝑡

𝑇

𝑡=1

 

 

 

Where fC is the cost of structural failure at the present 

time, and (0)fP and are the probability of failure 

in recent and t years, respectively. 

In the case of no structural health monitoring, optimal 

planning is obtained from the minimization of both 

inspection and structural failure cost functions at the 

end of the structure service life . Based on these two 

objective functions, minimization should be done as 
follows [35,36]: 

 

(30) 𝑀𝑖𝑛 𝐶𝑖𝑛𝑠𝑝(𝑇) 𝑎𝑛𝑑  𝑀𝑖𝑛 𝐶𝑓𝑎𝑖𝑙(𝑇) 

 

 
In the case of inspection and repairs, structural 

information as well as reliability is updated. The repair 

and monitoring costs are also included in the total cost 

at the end of service life T . The minimization is 
obtained from the following objective functions 

[35,36]: 

 

(31) 𝑀𝑖𝑛 [𝐶𝑟𝑒𝑝(𝑇) + 𝐶𝑖𝑛𝑠𝑝(𝑇)]𝑎𝑛𝑑 𝑀𝑖𝑛 𝐶𝑓𝑎𝑖𝑙  

 
Due to lack of information, the maintenance cost of the 

studied structure in the sea environment is assumed to 

be similar to that of the real structure in the corrosive 
environment of Orcesi and Frangopol's study [36]. 

Accordingly, the inspection and repair costs in different 

conditions are as follows. 

First of all, no repair is conducted and the structure 
remains unchanged to the end of service life. In this 

step, there is no charge of maintenance. In the second 

step, a charge of $ 225,600 is assumed depending on 
the maintenance work. The charges of $229,200, 

$341,800, and $487,100 are considered for 

maintenance in the third, fourth, and fifth steps 
proportionate to the required repairs. 

Given the definition of multi-objective optimization, 

inspection, repair, and failure cost functions constitute 

objective functions in this problem. The objective 
functions are identified by equations 30 and 31. The 

Non-dominated Sorting Genetic Algorithm (NSGA II) 

is used to find the best solution to the problem while 
optimizing the two objective functions. The design 

parameters of this problem include the time of 

maintenance and the type of selective reaction. In the 

first step, it is assumed that the structure is inspected at 
a crack width of 0.8 mm. The two objective functions 

are changing. The first is the inspection cost function 

with a different condition in the structure. The second 
objective function is the probability of structural failure 

for inspection at the crack width of 0.8 mm (Figure 5). 

Among various conditions, the optimal costs 
concerning structural failure and inspection cost 

functions are represented in Figure 8. According to the 

available budget, risk-taking potential is determined by 

making the best decision among the proposed 
selections. 
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Figure 8. Pareto front diagram of the inspection cost function 

versus the failure cost function (with the assumption of 0.8 

mm crack width) 

 
It is further assumed that the structure is not inspected 
and only repaired at the crack width of 1.2 mm. In this 

step, the objective functions include the cost of 

structural failure at the crack width of 1.2 mm (Figure 

7) and the cost of repairs in different modes. The best 
possible time and the lowest probable cost are found 

regarding the reliability of the structure. Figure 9 

represents the resulting Pareto front including the best 
options for implementing structural repairs based on 

the crack width and the repair cost. 

Figure 9. Pareto front diagram of repair cost function versus 

failure cost function (with the assumption of 1.2 mm crack 

width) 

 

As seen in Figure 6, making repairs on the structure is 
much more effective than carrying out inspections. In 

fact, the reliability of the structure is increased by 0.8 

mm after repairs. Assuming that a failure cost of $ 2 

million is decided and comparing diagrams 9 and 10, a 
difference of $ 40,000 is obtained between inspection 

and repair costs. Making decisions on the time and the 

type of inspections is subject to the project budget and 
the employer's selection. 

In the third step, the structure goes under inspection and 

repairs. Compared to previous steps, the probability of 

structural failure undergoes dramatic changes, making 

it extremely difficult to decide on the exact time and 
cost. In this case, the first function is the cost of repair 

and maintenance and the second function is the 

probability of failure considering crack width of 0.8 
mm for inspection and crack width of 1.2 mm for repair 

(Figure 7). The best decisions are proposed using the 

genetic algorithm (NSGA II method) (Figure 10). The 
employer is provided with options relative to the 

potential for taking risks and the budget available.   
 

 
Figure 10. Pareto front diagram of inspection and repair cost 

function versus failure cost function (with the assumption of 

0.8 mm crack width for inspection and 1.2 mm crack width for 

repair) 

 

 

This diagram indicates that the difference 

between inspection and repair costs is not 

significant assuming that the failure cost of $ 2 

million is accepted. Hence, the employer's 

decision on the inspection, maintenance, and 

repair costs is vital to take risks of structural 

failure. 

 

5. Conclusions 
In this paper, the propagation of crack width for a RC 

structure in the marine environment was investigated 

using Weibull probability function. The probability of 
failure was assessed before and after maintenance to 

predict the appropriate time for its implementation 

using Bayesian theory. The optimal condition for the 
structure was estimated by two functions of probability 

of failure and maintenance strategy. The following 

results are obtained: 
1- Crack width was a good symptom for reliability 

assessment in the structure. Weibull distribution 

function was used to predict structural performance on 

the base of crack width propagation. 
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2- Bayesian theory and maintenance strategy were 

applied to update the structure information and 
improve its life service. The reliability and probability 

of failure were strongly influenced by maintenance 

implementation. 

3- Repair and maintenance planning provided updates 
on the structure life expectancy and caused effects on 

the probability of failure and the probability density 

functions. The genetic algorithm (NSGA II) was used 
to propose the optimum strategy for repair and 

maintenance regarding two objective functions 

(probability of failure and varied strategies). It was 

concluded that the time and type of maintenance 
strategy depend on the risk-taking and financial 

potentials. 

4- In this work, crack width propagation was the mere 
factor considered as a symptom. Not only may other 

factors affect the probability of structural failure, but 

also the cost of maintenance and repairs. 
5- The maintenance and repairs were conducted on a 

fractured structure in this study. Preventive 

maintenance services can be investigated in future 

studies. 
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Maritime-based development has emerged as a critical pathway for achieving 

sustainable economic growth, particularly for coastal states whose industries 
depend on safe, efficient, and environmentally responsible maritime operations. 

Despite its strategic maritime position, Iran faces significant challenges in 

aligning its maritime sector with international standards. This study examines 

the role of technical, legal, and operational standards in shaping maritime-based 
development, with a focus on identifying structural barriers within Iranôs 

maritime industry. Employing a comparative qualitative methodology, the 

research analyzes international benchmarksðincluding key IMO conventions 
such as SOLAS, MARPOL, and STCWðand compares them with Iranôs 

existing regulatory framework, institutional capacities, and enforcement 

practices. 

The findings reveal several critical gaps, including outdated regulatory 

instruments, weak and fragmented inspection mechanisms, insufficient 
adherence to IMO-mandated safety and environmental standards, and limited 

integration of global best practices in maritime education and training. 

Additionally, the study identifies institutional overlap and lack of inter-agency 

coordination as major obstacles to effective implementation.The research 
concludes that Iran can significantly enhance its maritime competitiveness by 

updating national regulations, strengthening port and vessel inspection systems, 

adopting a unified maritime governance structure, and fully harmonizing its 
educational programs with STCW requirements. These reforms are essential for 

enabling Iran to transition toward a modern, safe, and globally competitive 

maritime economy, thereby leveraging its maritime geography for sustainable 

national development. 
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Introduction 

Maritime industries play a vital role in supporting 

global trade, energy security, and sustainable 
economic growth. Over 80 percent of the worldôs 

goods are transported by sea, making maritime 

safety, efficiency, and environmental protection 

critical to international development [1]. In this 

context, technical and regulatory standards serve as 

the backbone of maritime operations, ensuring 
compliance, safety, and interoperability across 

borders. The International Maritime Organization 

(IMO) and other classification societies such as 

DNV, ABS, and ClassNK have developed a complex 
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framework of conventions and technical 

standards[15]including SOLAS, MARPOL, and 
STCW that define the parameters of modern 

maritime governance [2] , [3] [11]. 

In Iran, the maritime sector has immense potential 
due to its geographical position along the Persian 

Gulf, the Gulf of Oman, and the Caspian Sea. 

However, despite this strategic advantage, Iranôs 

maritime industry faces persistent challenges in 
achieving global competitiveness. Several studies 

have identified issues such as outdated technical 

regulations, limited compliance with IMO 
conventions, weak inspection mechanisms, and 

inadequate integration of international standards into 

domestic law [4]. These shortcomings hinder the 

effective modernization of Iranôs maritime 
infrastructure and reduce its ability to participate in 

the global blue economy . 

This paper argues that updating and harmonizing 
Iranôs maritime standards with international norms 

is essential for advancing maritime-based 

development. Through a comparative analysis of 
international practices and Iranôs existing regulatory 

system, the study explores how standards can act as 

instruments for improving safety, sustainability, and 

economic growth. Ultimately, it aims to provide 
practical recommendations for aligning Iranôs 

maritime framework with global technical and legal 

standards, thereby fostering a stronger, safer, and 
more sustainable maritime sector. 

 

2. Conceptual Framework and Literature 

Review of Maritime Standards  

1.2. Definition of Maritime Standards 

Maritime standards are formalized criteria and 

specifications designed to ensure the safety, 
efficiency, and sustainability of maritime operations. 

These standards encompass technical, operational, 

safety, and environmental dimensions, guiding ship 
design, navigation, port operations, and pollution 

prevention. Technical standards specify the 

structural and mechanical requirements for vessels, 

including hull integrity, machinery, and onboard 
equipment, whereas operational standards define 

protocols for crew management, navigation, and 

emergency response [1].  
Safety standards focus on reducing accidents and 

protecting life at sea, as codified in conventions such 

as SOLAS, while environmental standards, 
exemplified by MARPOL, aim to prevent marine 

pollution and promote sustainable shipping practices 

[2],[5]. 

 
 

 

2.2. Types of Maritime Standards 

Maritime standards can be categorized into four 

main types:  

1. Technical Standards: Cover vessel construction, 
materials, machinery, classification rules, and 

equipment certification [3], [6]. 

2. Safety Standards: Include navigation rules, life-

saving appliances, firefighting systems, and 
emergency preparedness as defined in STCW and 

SOLAS [2], [10]. 

3. Environmental Standards: Regulate emissions, 
ballast water management, oil discharge, and waste 

handling to comply with MARPOL and ISO 

environmental standards [11]. 
4. Operational Standards: Address crew training, 

watchkeeping, port procedures, and ship 

management practices, ensuring that both personnel 

and organizational processes meet international 
benchmarks [1]. 

3.2. International Standardization 

Organizations 

Several international organizations play a central 

role in developing and harmonizing maritime 

standards: 

International Maritime Organization (IMO): A 

specialized UN agency responsible for creating 

conventions, codes, and guidelines to ensure 

maritime safety and environmental protection [2]. 

International Organization for Standardization 

(ISO): Develops technical standards applicable to 

shipbuilding, port operations, and maritime 

management systems [11]. 

International Association of Classification Societies 

(IACS): Provides unified technical requirements and 

classification rules adopted by major classification 

societies worldwide, bridging the gap between legal 

conventions and practical ship inspection [9]. 

These organizations collectively provide a 

structured framework that ensures global 

interoperability, safety, and environmental 

compliance in maritime operations . 

4.2. Literature Review 

The literature on maritime development highlights 

the central role of technical and legal standards in 

ensuring maritime safety, operational efficiency, and 

environmental protection. According to Chircop, 

Coffen-Smout, and McConnell [1], maritime law 

and governance have evolved through the 

codification of international conventions under the 
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(NMA) plays a central role in implementing national 

standards aligned with IMO and European Maritime 

Safety Agency (EMSA) directives. Norway was 

among the first to adopt advanced ballast water 

management systems and low-emission vessel 

technologies . 

The countryôs investment in research, especially 

through the SINTEF Ocean Research Institute, has 

led to continuous updates of safety codes and ship 

design standards. Norwegian maritime education 

institutions also play a key role in standard 

dissemination by training professionals in 

compliance with both national and international 

frameworks. 

4.3. Japan: Tradition and Technology 

Combined 

Japan represents a unique blend of maritime tradition 

and high technology. The Japanese Ministry of 

Land, Infrastructure, Transport, and Tourism 

(MLIT) oversees a robust framework of safety and 

environmental standards. Japanôs shipbuilding 

industry adheres closely to International Association 

of Classification Societies (IACS) regulations while 

also developing domestic innovations to improve 

ship efficiency and safety [9] . 

Japanôs Maritime Bureau has also been instrumental 

in advancing research on autonomous ships and 

decarbonization technologies. This dual focus on 

technological modernization and strict compliance 

has strengthened Japanôs maritime competitiveness 

on the global stage . 

5.3. Lessons for Iran 

A comparison with these leading maritime nations 

suggests several key insights for Iran : 

1.  Institutional Integration: A unified authorityð

similar to Singaporeôs MPAðcould help streamline 

Iranôs maritime governance system . 

2.  Safety and Research Orientation: Following 

Norwayôs model, Iran should enhance investment in 

maritime safety research and education . 

3.  Technology and Innovation: Inspired by Japan, 

Iran could adopt new technologies such as smart 

navigation and green shipping solutions . 

4.  Alignment with IMO Conventions: Regular 

harmonization of domestic regulations with IMO 

standards would improve international cooperation 

and trade credibility . 

By learning from these experiences, Iran can build a 

more resilient and internationally compliant 

maritime system that supports marine-based 

economic growth . 

4. The Current Status of Maritime Standards 

in Iran 

1.4. Institutional and Legal Framework 

Iranôs maritime sector is governed primarily by the 

Ports and Maritime Organization (PMO), under the 

supervision of the Ministry of Roads and Urban 

Development. The PMO is responsible for 

regulating ship safety, port operations, and maritime 

inspections in accordance with both national law and 

international conventions ratified by Iran [4]. Iran 

has officially ratified key IMO conventions, 

including SOLAS, MARPOL, and STCW, which 

provide the foundational framework for ship safety, 

environmental protection, and crew training [5]. 

Despite this formal compliance, several studies 

indicate that Iranôs maritime standards face 

challenges in practical implementation. These 

challenges include gaps in inspection mechanisms, 

outdated technical regulations, and insufficient 

alignment with the latest IMO updates [14]. 

For instance, the enforcement of technical 

classifications for ship hulls and machinery remains 

inconsistent across ports, limiting the overall safety 

and operational reliability of the fleet . 

2.4. Technical and Safety Standards 

Iran has developed domestic guidelines for ship 

construction, classification, and safety procedures, 

primarily outlined in the Guide to Implementation of 

Maritime Safety and Technical Regulations[4]. 

However, compared to international best practices, 

these guidelines often lag behind in terms of 

technological updates and standard harmonization. 

Safety standards such as life-saving equipment, 

firefighting systems, and navigational aids are 

generally compliant but suffer from limited 

inspection frequency and inconsistent 

documentation . 

Moreover, training of maritime personnel, though 

mandated by STCW standards, shows gaps in 

practical implementation. Many seafarers report 

insufficient hands-on training for emergency 

procedures and operational compliance, which can 

affect overall safety levels on board [4]. 
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3.4. Environmental Standards 

Environmental regulation in Iran aligns formally 

with MARPOL conventions, including oil spill 

prevention, ballast water management, and emission 

control [5]. However, the monitoring and 

enforcement of these standards are uneven, 

particularly in southern ports along the Persian Gulf. 

While national legislation exists, inadequate 

technical equipment for environmental surveillance 

and limited reporting mechanisms reduce the 

effectiveness of these environmental protections 

[14]. 

3.4. Challenges and Gaps 

Based on current research, the main challenges for 

Iranôs maritime standards include : 

1. Outdated Technical Regulations: Delays in 

updating domestic codes in line with IMO revisions . 

2.  Weak Inspection and Enforcement: Inconsistent 

application of classification rules and safety 

inspections . 

3.  Insufficient Integration with International 

Standards: Limited harmonization with ISO and 

IACS standards . 

4. Training Gaps: Crew and personnel training not 

fully aligned with modern STCW requirements . 

5. Coordination Deficiencies: Lack of centralized 

oversight between PMO, Navy, and port authorities . 

Addressing these gaps is essential to enhance 

maritime safety, international compliance, and the 

potential for marine-based economic growth . 

5. The Role of Maritime Standards in 

Marine-Based Development 

1.5.  Standards as Drivers of Marine-Based 

Development 

Maritime standards play a critical role in promoting 

marine-based economic growth by ensuring safety, 

operational efficiency, and environmental 

sustainability. The adoption of international 

standardsðcovering ship construction, navigation, 

pollution control, and crew competencyðprovides a 

foundation for developing a competitive and 

resilient maritime sector [7]; Chircop, Coffen-

Smout, & McConnell, 2020) [1]. By aligning 

domestic regulations with IMO conventions, ISO 

guidelines, and IACS classification rules, countries 

can enhance trade credibility, attract foreign 

investment, and support the expansion of port and 

shipping infrastructure. 

2.5. Economic Impacts of Standardization 

Standardized maritime practices directly contribute 

to economic development by : 

1. Reducing Operational Risks: Minimizing 

accidents and technical failures lowers costs for 

shipping companies and insurers [3]. 

2. Facilitating International Trade: Compliance with 

international standards enables easier port access 

and strengthens participation in global supply chains 

[14]. 

3. Encouraging Innovation: Standardization 

encourages adoption of green technologies, digital 

navigation systems, and efficient vessel designs, 

which in turn boost productivity and 

competitiveness [12]. 

In Iran, insufficient standardization has historically 

limited the growth of marine-based industries, 

reducing the countryôs potential to fully exploit its 

strategic maritime position in the Persian Gulf, the 

Gulf of Oman, and the Caspian Sea [4]. Improving 

standards could significantly enhance ship safety, 

port efficiency, and the overall maritime value chain, 

thereby supporting a sustainable blue economy . 

3.5. Environmental and Sustainability 

Benefits 

Maritime standards also provide a framework for 

environmental protection, a key factor for 
sustainable marine-based development. Adoption of 

MARPOL and ISO environmental standards ensures 

reduced oil spills, emissions, and ballast water 

contamination [5], [11]. Countries with strong 

environmental compliance, such as Norway and 
Japan, demonstrate that harmonized standards can 

simultaneously protect marine ecosystems and 

support long-term economic growth . 

4.5. Policy Recommendations for Iran 

Based on international experiences and current gaps 

in Iranôs maritime system, the following strategies 

are recommended : 

2. Update Technical Regulations: Ensure that 

shipbuilding, machinery, and classification rules are 

consistent with the latest IMO and IACS standards . 

2. Strengthen Inspection Mechanisms: Improve port 

state control, vessel classification, and compliance 

audits to enhance safety and reliability . 
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