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ARTICLE INFO ABSTRACT

Keywords: Public transportation plays a critical role in meeting transportation demands, particularly in
SARS-CoV-2 transmission densely populated areas. The COVID-19 pandemic has highlighted the importance of public
Public transport health measures, including the need to prevent the spread of the virus through public transport.

Water transport
Passenger ship
Probabilistic modeling

The spreading of the virus on a passenger ship is studied using the Computational Fluid Dynamic
(CFD) model and Monte Carlo simulation. A particular focus was the context of Bangladesh, a
populous maritime nation in South Asia, where a significant proportion of the population utilizes
passenger ships to meet transportation demands. In this regard, a turbulence model is used, which
simulates the airflow pattern and determines the contamination zone. Parameters under inves-
tigation are voyage duration, number of passengers on board, social distance, the effect of surgical
masks, and others. This study shows that the transmission rate of SARS-CoV-2 infection on public
transport, such as passenger ships, is not necessarily directly proportional to voyage duration or
the number of passengers onboard. This model has the potential to be applied in various other
modes of transportation, including public buses and airplanes. Implementing this model may help
to monitor and address potential health risks effectively in the public transport networks.

Nomenclature
Fp Drag force (Newton)
g Gravitational acceleration components (m/s%)
k Turbulent kinetic energy (J)
K Fluid Thermal Conductivity (W/m K)
n Number of particles
P Pressure (Pa)
S Source Term
t Time (s)
T Temperature (K)
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(continued)
u,v,w Velocity components (m/s)
1% Velocity vector (m/s)
X,Y,% Cartesian directions (m)
a Thermal diffusivity (m?/s)
€ Dissipation rate of the turbulent energy
" Dynamic viscosity (m?%/s)
p Density (kg/m®)
d Particle

1. Introduction

Public transport systems have been significantly impacted by the COVID-19 pandemic, which is caused by the highly contagious
coronavirus. The virus is named Severe Acute Respiratory Syndrome Coronavirus-2 or SARS-COV-2 [1]. The first reported case of
COVID-19 was in December 2019 in Wuhan, Hubei, China [2]. Person-to-person spreading of contagious pathogens mainly occurs
because of human sneezing or coughing [3]. The droplets (size greater than 5 pm) and aerosols (size less than 5 pm) generated from the
coughing and sneezing of an infected person contain the virus [4]. Human exhalation flows such as coughing, and sneezing can create

Development of CFD Model

Determination of Contamination Zone

Development of Statistical model

Determination of Probable C ination onboard Ship

Fig. 1. Workflow of the study in terms of mathematical modeling.

Table 1
Boundary conditions.
Domain size 3.8m x27mx29m
Height of the human body 1.83m
Velocity inlet 0m/s
Room temperature 300K
Pressure 101.325 kPa

1.83m

(A) (B) (©)

Fig. 2. (A) Domain used for simulation with dimension (B) side view of the human body and (C) front view of the human body used for simulation.
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Fig. 3. (A) 2D view of mesh (B) 2D geometry of the mesh.
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Fig. 4. Grid independence test.
Table 2
Principal particulars of the passenger’s vessel.
Length (Over All) 84.91 m
Breadth 13.12m
Depth 2.75m
Draft (Loaded) 1.80 m
Dimension of Passenger Deck 35.5m x 13.12m

Fig. 5. A typical passenger ship in Bangladesh.
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Fig. 6. General arrangement plan of the passenger’s vessel.
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Fig. 7. Flow chart of the algorithm.
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Fig. 8. Horizontal sneeze particle distribution at different time frames at: (A) 0.25 s; (B) 0.50 s; (C) 0.83 s.

Jet-like air flows [5], facilitating the spread of the virus from person to person. In addition to direct and indirect contact, the virus can
spread through aerosol and droplet routes [6], posing a significant risk to passengers and crews in public transport. Comprehending
and measuring the dissemination of the virus in public transportation networks is crucial in assessing the health impacts of different
approaches and strategies. To achieve this, transportation and epidemiological models must be coupled to analyze contact graphs and
spatial consequences [7]. This involves tracking individual passenger trajectories and using key performance indicators to assess the
spread of the virus [8]. In addition, various climatic factors such as temperature, humidity, wind speed, and air quality are significantly
associated with the transmission of the virus [9], highlighting the need for effective measures to prevent the spread of COVID-19 in
public transport systems. Other factors such as population density, domestic movement, number of infected people, and solar radiation
correlate with the infection rate [10].

Olmedo et al. [11] observed that the exhaled contaminants’ exposure level depends on the air distribution system of a room,
people’s positions, activity level or height, exhalation direction, and other factors. A human sneeze generally lasts for just 0.3-0.7 s and
the droplets exhaled at different times during the sneeze have the same distribution properties [12]. Guo et al. [6] examined the
hospital wards of Wuhan, China, and showed how the virus was distributed in air, floor, and object surfaces in the hospital wards.
Various measures come into practice to contain the infection rate, such as isolation, social distancing, quarantine, and
community-wide containment [13]. The Centers for Disease Control (CDC) and World Health Organization (WHO) previously sug-
gested maintaining a social distance of around 3-6 ft or 0.9-1.8 m [14]. Pendar and Pascoa [15] described the transmission mechanism
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(B)

Fig. 9. Sneeze particle horizontal distribution at different time frames, experiment conducted by Arumuru et al. [17] (A) 0.25 s; (B) 0.50 s; (C)
0.83s.

Table 3
Comparison between simulation and experimental results [17] of distance traveled by sneeze particles.
Time (s) Computational Distance (ft) Experimental Distance (ft)
0.25 4.1 4.1
0.5 5.1 5.1
0.83 5.4 5.6

of saliva droplets carried by vectors that can spread illness. The study proposed that the safe distance during sneezing must be at least 4
m. To understand the flow physics of the virus or the harmful agents, measures such as face masks, hand washing, and ventilation of the
indoor environment are typically suggested nowadays [16]. A three-layer homemade mask and using the elbow or hand to prevent
droplet leakage even after wearing a mask are also strongly recommended [17].

Over the years, several research works focused on simulating human coughing and sneezing. Villafruela et al. [18] developed a
Computational Fluid Dynamics (CFD) model for the flow of human exhalation. Similarly, Busco et al. [19] also developed a CFD
simulation model of a human sneeze. The studies suggest that a sneeze could influence a zone of 4 m in the downstream direction, 2 m
in the horizontal direction, and 2 m in the lateral movement. Bhattacharyya et al. [20] showed that air conditioning machines mixed
with aerosol sanitizer could effectively mitigate the effects of the COVID-19 virus in an isolation room.

According to Dbouk and Drikakis [21], the saliva droplets generated from coughing do not travel more than 1 m when the sur-
rounding air is still. Moreover, when the person is wearing a surgical mask, the particle travel distance assumed is 0.5 m [22].

Hassan and Megahed [23] used a transient 3D CFD model to revisit the designs of urban space elements, considering the potential
risks of viral transmission. They proposed nine models of public seating arrangement in urban places. They provided a better public
seating option amid the ongoing pandemic. Alrebi et al. [24] also examined the emergency department design at a university hospital.
Their investigation provided a better understanding of airflow patterns in emergency units. They also recommended using partitions or
doors to separate the high-risk areas in emergency departments accordingly. Moreover, a detailed study of the distribution of harmful
droplets in a classroom equipped with and without partitions has been conducted [25]. This study demonstrated that seat partitions for
individuals could reduce the infection rate to a certain extent. Moreover, Bertone et al. [26] and Luo et al. [27] conducted a trans-
mission risk assessment in public buses of SARS-COV-2 viruses. In the works of Bertone et al. [26], two types of buses were selected,
one is the type of bus that commutes in urban areas and the other type is the long-distance bus. The authors concluded that a bus in an
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Fig. 10. Sneeze particle distribution at: (A) 1 s; (B) 2's; (C) 3 s; (D) 5.

Table 4
Case studies considered for this research.
Case No. People wearing masks Social distance (m)
1 No 0.25
2 Yes 0.25
3 No 1.0
4 Yes 1.0
5 No 1.25
6 Yes 1.25

urban area would be at a higher transmission risk when fully occupied than long-distance buses. In closed spaces like engine rooms,
heat stress should be considered while modeling for virus transmission. Palella et al. [28] worked on the management of heat stresses
in the closed spaces of ships.

The literature review suggests that in the past, significant developments have taken place in the discipline of fluid and particle flow
analysis with a particular focus on viral transmissions. Nevertheless, the safety of the water transportation system in Bangladesh has
caught international attention quite frequently [29,30] and public health issues such as virus transmission within public water
transport have not been addressed in detail in the recent past. Therefore, this research focuses on COVID-19 virus transmission on the
deck of a passenger ship operating in one of the most populous South Asian countries, Bangladesh, where most of the population uses
passenger ships for commutes.

2. Mathematical model formulation

This section discusses the fundamentals of mathematical modeling developed and utilized in this research. Fig. 1 shows the
workflow and the outcomes of the study. This study shows the development of a numerical model of the flow dynamics of the COVID-
19 virus, which uses a turbulence model to find out the distance traveled by the droplets. The droplets released from coughing and
sneezing of COVID affected persons can carry harmful viruses and other harmful agents such as SARS-COV-2. This is especially
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Fig. 11. Probability distribution histogram (Case 1) of newly infected people for duration of 1 h, 2 h, 3 h (from left to right) for (A) 10 people (B) 20
people (C) 30 people (D) 50 people (E) 75 people (F) 100 people.

concerning in public transport systems where passengers are close to one another, and the distance traveled by the sneeze or cough
particle determines the zone of probable contamination. Therefore, this paper focuses on developing a statistical model that calculates
the probability of newly affected people, which is vital for controlling the spread of COVID-19 in public transport.

2.1. Theoretical background of the CFD model

Governing equations of airflow expressed in the general equations for conservation of mass, momentum and energy are as follows:

0p AN
ov
p(—t+7.vv> = —VP+pV2V +9% @
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For the turbulent flow analysis, the RNG k — € turbulence model is famous for simulating the air droplets mixture having recir-
culating flows. The transport equations for turbulent kinetic energy (k) and dissipation rate (¢) are given as:

Ox,-

d 7 d ok
E(pk) +— (pku;) =— {ak Hegy E} + Gy + S — pe
.

0x, Cj

0e

d d 0
e tpe) = [y )

k

€ &
+Ci.-Gy + S, — Czsl);"'Re

(€))

(5)

Here, Gy is the generated turbulent kinetic energy due to mean velocity gradients. Sy and S, are user-defined source terms. R, is the
source term from renormalization. ax and a, are adequate inverse Prandtl numbers corresponding to the turbulent kinetic energy and
its dissipation. Hegr 18 the turbulent viscosity. Moreover, C;. and C,, are model constants.

2.2. Discrete phase

There are a few assumptions in the discrete phase modelling similar to the work of Bahramian et al. [31]. The assumptions are:
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Fig. 12. Probability distribution histogram (Case 2) of newly infected people for duration of 1 h, 2 h, 3 h (from left to right) for (A) 10 people (B) 20
people (C) 30 people (D) 50 people (E) 75 people (F) 100 people.

. The sneeze airflow temperature remained constant (300 K) throughout the simulations.

. Only one sneeze was modeled.

. All droplets were spherical in shape.

. Only the droplet particles emitted from the human mouth during sneeze was considered.

. The effect of the humidity field generated due to evaporation of the dispersed sneeze particles, was not considered.
. The effect of non-volatile compounds, such as salts and lipids, was ignored.

NUT A WN -

An air-water mixture is used for the particle trajectory analysis. Using Newton’s second law in the Lagrangian framework, the
trajectories of pathogen-carrying droplets are evaluated [32,33]. The equation of motion is given as:

%:FD(V—V({)-%M 6)
dr Pa

Here, Fp is the Drag force which is given by:

3uCpR,
Fp= 5
4Ds7p,

@

10
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Fig. 12. (continued).

Where, u is the molecular viscosity, Dy is the diameter of the particle and Cp is the drag-coefficient of the particle [34].
The equation of mass flow rate is:

(%nﬂ) X Py Xn
m:f (€)

where n is the number and pj is the density of particles.

2.3. CFD setup

The CFD simulation is performed using ANSYS Fluent package. The geometry construction and meshing are done on the ANSYS
package. Polyhedral-type mesh modeling is used in this work. The coupling solver is used to capture the discrete phase model.

For the boundary conditions (shown in Table 1), the domain is a cuboid room where the human model remains, and the room’s
dimension is 3.8 m x 2.7 m x 2.9 m, as shown in Fig. 2A. Fig. 2B and C shows the side and front views of the human body. The height of
the human body is 1.83 m (6 ft). The surface of the cuboid behind the human body is taken as an inlet where the velocity is 0 m/s. The
top, front, left and right surfaces of the cuboid room are altogether considered as pressure outlet. The room temperature is 300 K at one
atmospheric pressure (101.325 kPa).

The study considers the sneezing time of 0.2 s and the average sneezing velocity of 40 m/s [17]. The total mass flow rate of a sneeze
is 0.02 kg/s. Droplets of various sizes have a minimum diameter of 5 ym and a maximum diameter of 80 ym [12]. The mean droplet

11
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Fig. 13. Probability distribution histogram (Case 3) of newly infected people for duration of 1 h, 2 h, 3 h (from left to right) for (A) 10 people (B) 20

people (C) 30 people (D) 50 people (E) 75 people (F) 100 people.

diameter is 14 pm. For size distribution of droplets, the Rosin-Rammler distribution approach was adopted. Droplet loading fraction
was 0.7 at the nostrils and the turbulence intensity from the nostrils of the human body is assumed as 5 %. These values of the droplet

diameters were incorporated in the discrete phase modeling.

For unsteady CFD analysis, the time step was 0.01 s and the inner iteration number was 15. The total iteration number was 7500 for
5 s of simulation. These variables were optimized through iteration for faster convergence while keeping a lower computational
expense. The convergence criteria for the CFD scheme were met when all residuals in the turbulence model equations were less than

1074

The following are assumptions for this simulation:

. Temperature variations are negligible.

. Human cough emits air and droplet mixture.
. There is no slip condition between phases.

. Virus-infected droplets are particles.

. The surrounding air is still.

a s wN -

2.4. Grid independence test

The number of cells used for simulation can significantly affect the accuracy of the result. Hence, a grid independence test is needed

12
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Fig. 13. (continued).

to ensure that the simulation results are independent of the grid size. In this study, a tetrahedral mesh was created using ANSYS-fluent.
The sneezing velocity is constant throughout the grid independence test. Fig. 3A shows the meshed model. The mesh is denser and finer
in proximity to the mouth so that the dispersed air-droplet mixture can be captured with enhanced precision. The cone angle of 30°,
determined through iteration, was constructed from the mouth of the human-body for mesh refinement. Fig. 3B shows the dimensional
geometry of the body.

For the independence test, seven different grid-size models are considered to determine the best size at which the distance becomes
insignificant to the computation of the distance traveled by the exhaled sneeze and cough particles. The number of cells ranges from
142015 (coarse) to 1073003 (the finest). Fig. 4 reveals that after the model of 369780 cells, the relative deviation in the computed
distance for cell number is insignificant. To validate the simulated results with the experimental results of Arumuru et al. [17], the
elapsed time for the grid independency was 0.83 s. It shows that a grid sizing with 369780 cells is sufficient for modeling the exhalation
of particles from the passenger in the room.

2.5. Formulation of probabilistic model

A probabilistic model is constructed to study the spreading of the virus onboard a passenger ship. At first, the particulars of the
passenger’s vessel are discussed. The ship is built of steel, typically found in the inland waterways of South Asian countries (such as
Bangladesh). The vessel is 85 m long and can carry as many as 800 people. Typical speed varies due to traffic and weather; however,
the maximum speed may reach nearly 12 knots. The principal particulars are given in Table 2. A picture of a typical passenger ship and
its general arrangement plan is shown in Figs. 5 and 6, respectively.

For the probabilistic analysis, this study considers several parameters, such as the number of sneezes per hour per passenger, the
percentage of the infected passenger, dynamics of passenger movements, and the number of passengers with and without masks.

13



Z.I. Awal et al. Heliyon 10 (2024) 29506

08
05
07 s
06 05 04
05 04
03
e 03
03 02
02
02
01
01 01 I
00 ~ : r : — 00 —.- - - . v — 0.0 T r - - -
0 2 40 60 80 100 0 20 ] 60 80 100 0 20 40 0 8 100

(A)

0200
025 020 0175
020 i
01s 0125
s 0100
0.10
010 0075
0050
005 ah3
0025
000 : . , . - 0003 y ; v r — 0000 . . v .

(B)

0175 0.16
020 1 i 014
012
0125
0151 010
0100
008
010 0075
006
0050
0.05 4 0.04
0025 002
000 y r - : 0000 : . . x — 0.00

©)

Fig. 14. Probability distribution histogram (Case 4) of newly infected people for duration of 1 h, 2 h, 3 h (from left to right) for (A) 10 people (B) 20
people (C) 30 people (D) 50 people (E) 75 people (F) 100 people.

Gwaltney et al. [35] observed that the maximum number of times a cold patient sneezed in a day was 17. However, this study assumes
that a patient sneezes 24 times in one day (once every hour). The assumption continues as 10 % of the population (taken randomly)
traveling on the deck are infected by the COVID-19 virus and may infect other people. Although there are enough seating arrange-
ments, people frequently walk around the deck. However, it is assumed that each of them randomly roams 20 % of the voyage time.
Each stroll is limited to 3 min in the stretch while the passenger walks up to 2 m per minute, 0.033 m/s. Finally, it is assumed that 50 %
of the passengers use surgical masks. The mask’s efficacy is 75 % [36]. An algorithm is shown in Fig. 7, following which the mask
reduces the probability of getting affected by the specific conditions, as mentioned above, by 75 %.

In the statistical model, proximity plays a crucial role in COVID-19 transmission dynamics. If an infected individual sneezes and a
healthy person is within a 2 m radius at that moment, the healthy person is deemed susceptible to infection. The CFD simulation shows
that after around 5 s the droplets descend at a certain distance where the effects caused by those droplets become negligible. So, we
assumed that the horizontal distance covered by the droplets in 5 s as the risk zone. The radius of the risk zone has been used in the
probabilistic model. The model also considers coughing, which reduces the distance of potential exposure to 1 m. These findings
underscore the nuanced factors influencing the risk of COVID-19 transmission and contribute to a more detailed understanding in the
spread of the virus.

The CFD results determined the maximum distance sneeze particles travel. In the probabilistic model, this distance became the
radius of a circle, representing the COVID-19 risk zone. Anyone inside this circle is potentially exposed to the virus. This statistical
model helps us see areas where there might be a risk and better understand how the virus can spread in different places.
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Fig. 14. (continued).
3. Validation of theoretical CFD model

The validation of the CFD simulation is conducted in this section. Arumuru et al. [17] studied the sneeze distribution experi-
mentally, where the horizontal distribution of sneeze particles was recorded in different time steps. In this research, similar time steps
are taken to study the distribution of particles in the horizontal direction (shown in Fig. 8). The experimental study by Arumuru et al.
[17] is shown in Fig. 9.

The results shown in Fig. 8 agree with the experimental study Arumuru et al. [17] conducted. There are slight deviations as some of
the particles in the simulation traveled farther. This anomaly is due to a few particles traveling farther from the sneeze cloud. If only the
cloud were considered, the computational results would be close to the experimental results. Table 3 compares the computational and
experimental results for time frames of 0.25 s, 0.50 s, and 0.83 s.

4. Results and discussion

The spread of sneeze particles for up to 5 s is computed using the CFD simulation software. The farthest distance the particles cover
is 6.26 ft (1.9 m), and the particles eventually get dropped on the floor as time passes. At around 5 s, the direction of motion of most of
the particles is downwards. The whole sneeze distribution at different time durations is illustrated in Fig. 10.

Six different case studies have been considered in this research. Table 4 shows a list of case studies. The cases differ by the pa-
rameters of social distance and the status of wearing masks. The probabilistic computation is applied, and the number of possible newly
affected people is determined. This calculation is repeated 1,00,000 times to get probabilistic results, and the probability of the number
of newly affected people is calculated. After that, histograms are plotted to depict the probability distribution for various cases.
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Fig. 15. Probability distribution histogram (Case 5) of newly infected people for duration of 1 h, 2 h, 3 h (from left to right) for (A) 10 people (B) 20
people (C) 30 people (D) 50 people (E) 75 people (F) 100 people.

Casel. Case 1 comprises unmasked people, and the social distance maintained among them is 0.25 m. The probability distribution of
newly affected passengers are shown in Fig. 11 for 10, 20, 30, 50, 75, and 100 people for different voyage times. From Fig. 11, it is
observed that the histograms of probability distribution get to the maximum for a certain number of people and shows the highest
possible number of people that can get infected, with the lowest probability, and the number of newly affected people with the highest
chance. For 1-3 h, when 20 people are considered, at most 10 to 22 people are newly affected, and 4 to 8 freshly affected people have
the highest probability. When 50 people are considered, at most, 28 to 42 people are newly affected, and 19 to 35 freshly affected
people have the highest chance. When 100 people are considered, at most 70 to 90 people are newly affected, and 58 to 80 freshly
affected people have the highest likelihood of getting infected by the virus.

Case 2. In Case 2, 50 % of the population is masked, and the social distance remains unchanged (0.25 m). The probability distribution
is shown in Fig. 12 for 10, 20, 30, 50, 75, and 100 people for different voyage times. The histogram plots follow the same trend as Case
1. For 1-3 h, when 20 people are considered, at most 8 to 12 people are newly affected, and 2 to 7 freshly affected people have the
highest probability. When 50 people are considered, 18 to 30 people are newly affected, and 9 to 20 freshly affected people have the
highest chance. When 100 people are considered, at most 48 to 78 people are newly affected, and 35 to 65 freshly affected people have
the highest probability of getting infected by the virus.

Case 3. All of them are unmasked, and the social distance maintains 1 m. The probability distribution is shown in Fig. 13 for 10, 20,
30, 50, 75, and 100 people for different voyage times. When 20 people are considered in the duration ranging from 1 to 3 h, at most 10
to 18 people are newly affected, and 3 to 5 freshly affected people have the highest probability. When 50 people are considered for the
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Fig. 15. (continued).

same duration range, at most, 32 to 46 people are newly affected, and 18 to 33 freshly affected people have the highest probability.
When 100 people are considered, 80 to 90 people are newly affected, and 62 to 88 freshly affected people are most likely to get infected
by the virus.

Case 4. 50 % are masked, and the social distance is maintained to be 1 m. The probability distribution is shown in Fig. 14 for 10, 20,
30, 50, 75, and 100 people for different voyage times. For duration ranging from 1 to 3 h, when 20 people are considered, at most 8 to
16 people are newly affected, and 2 to 6 freshly affected people have the highest probability. When 50 people are considered for the
same duration range, at most, 20 to 36 people are newly affected, and 12 to 24 freshly affected people have the highest probability.
When 100 people are considered, 58 to 82 people are newly affected, and 40 to 75 freshly affected people are most likely to get infected
by the virus.

Case 5. They are unmasked, and the social distance is maintained at 1.25 m. The probability distribution is shown in Fig. 15 for 10,
20, 30, 50, 75, and 100 people for different voyage times. When 20 people are considered in the duration ranging from 1 to 3 h, at most,
7 to 12 people are newly affected, and 3 to 5 freshly affected people have the highest probability of getting infected. When 50 people
are considered for the same duration range, at most, 22 to 38 people are newly affected, and 12 to 25 freshly affected people have the
highest probability of getting infected. When 100 people are considered, at most 58 to 83 people are newly affected, and 40 to 74
freshly affected people have the highest probability of getting infected by the virus.

Case 6. 50 % are masked, and the social distance is maintained at 1.25 m. The probability distribution is shown in Fig. 16 for 10, 20,
30, 50, 75, and 100 people for different voyage times. For 1-3 h, when 20 people are considered, at most 6 to 10 people are newly
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Fig. 16. Probability distribution histogram (Case 6) of newly infected people for duration of 1 h, 2 h, 3 h (from left to right) for (A) 10 people (B) 20
people (C) 30 people (D) 50 people (E) 75 people (F) 100 people.

affected, and 1 to 3 freshly affected people have the highest probability. When 50 people are considered for the same duration range, at
most, 17 to 28 people are newly affected, and 8 to 18 freshly affected people have the highest probability. When 100 people are
considered, 41 to 72 people are newly affected, and 26 to 58 freshly affected people have the highest likelihood of getting infected by
the virus.

After completing the probability distribution histogram, the mean rate of newly affected people is calculated. The graph is plotted
where the abscissa is time in hours, and the ordinate is the mean of newly affected persons in percentage, as shown in Fig. 17. In all the
cases, six graphs have been generated based on the number of people on the deck. For all the graphs in Fig. 17, when only ten people
are considered, a non-linear graph is recorded with a slight curve at the beginning where the value in the ordinate increases at a
decreasing rate. This graph has the lowest varying gradient. When 100 people are considered, the graph’s line is the steepest in the
beginning. It follows the trend of varying angles where the percentage of newly affected people increases at a decreasing rate over time.
The rest of the graphs between 10 and 100 people have the same properties but vary in ordinates. As the number of people on the deck
increases, the initial slope becomes steeper, and the infection rate increases. Fig. 17 shows that the difference in infection rate is
significantly higher between 30 and 50 people in all cases. Therefore, it can be deduced that the infection rate increases significantly
when 50 people are considered to present on the deck.

On the other hand, wearing masks reduces the infection rate, as is seen in Fig. 17B, D, and 17F. The infection rate is lower than for
those not wearing masks, as shown in Fig. 17A, C, and 17E. However, although the social distance was supposed to reduce the infection
rate, Fig. 17C and D shows a higher infection rate than Fig. 17A and B. The reason for this anomaly is the random distribution. As the
distance increases, more people will likely get covered by sneezing or coughing. It is because the initially affected people spread
pathogenic particles all over the deck, unlike the simulation in 0.25 m (Fig. 17A and B), where they might not have spread pathogens
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Fig. 16. (continued).

like these cases (Fig. 17C and D).

As the distance gets even more extensive in Fig. 17E and F, the infection rate reduces to the other cases since the space in these cases
is larger than the cough spreading range but not the sneezing range.

Wearing a mask always reduces the infection rate, and case 6 shows the lowest infection rate of all cases, as shown in Fig. 17F.
Therefore, from the graphs, it can be concluded that the infection rate differs by 11-23 % from the comparison of masked and
unmasked cases of each maintained social distance. Governing equations of conservation in the case of incompressible steady airflow
are expressed in the general equations for conservation of mass, momentum, and energy as follows:

5. Conclusion

This research presents a new approach to determining how the COVID-19 virus spreads on an upper deck of a passenger ship. A
numerical simulation is conducted to determine the transmission of sneeze and cough particles on board the passenger ship. In
addition, a probabilistic model is developed for computing new infections on the upper deck of the passenger ship bound for short trips
of up to 3 h. The combined model evaluates six cases with varying populations, where social distance and wearing masks played a
crucial role. Based on the analysis, the following conclusions may be drawn:

i. The graph shows that as the voyage time doubles, the mean infection rate increases but does not get doubled. The mean
infection rate is not directly proportional to time. Still, the infection increases at a decreasing rate and eventually reaches a

saturation point with a high infection rate in all cases as time increases.
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Fig. 17. Mean newly infected in percentage vs time graph for: (A) Case 1 (B) Case 2 (C) Case 3 (D) Case 4 (E) Case 5 (F) Case 6.

. It is seen that even with 1.25 m of social distance, there is a significant increase in mean infection rate even though the cough

particles cannot travel this far. The highest traverse of sneeze particles is about 1.9 m, found from CFD results. Therefore,
maintaining a social distance more than the highest traverse of sneeze particles would be safe.

When social distance is varied between 0.25 m and 1.25 m, the change in infection rate remains within 12 %. On the other hand,
the infection rate decreases significantly when half of the passengers are equipped with surgical masks. That means wearing a
mask plays a more vital role in suppressing the infection rate than maintaining social distance up to 2 m.

In cases 1 and 3, the virus is transmitted via human cough and sneeze particles. Cough droplets cannot reach other passengers in
case 5 (social distance = 1.25 m). There is still a substantial increase in infection rate at the 3rd hour, but it is less than the
infection rates in cases 1 and 3. So, it is visible that sneeze particles are more responsible for spreading the infection than cough
particles.
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v. 1 msocial distance contributes more spreading of infection than a social distance of 0.25 m. However, as the distance increases,
the spreading gets reduced again. Therefore, wearing a mask and maintaining proper social distance is essential to reduce
infection.

More detailed numerical and statistical work is recommended to analyze sneeze and cough particles on public transports, such as
passenger ships, by constructing models in all marine vessels’ decks, cabins, stairways, and galleys. Extensive studies could be con-
ducted by comparing infection rates among the ship’s decks, and a probable red zone could be found based on passenger distribution.
Moreover, the numerical study could introduce wind speed and humidity to get a more precise value of the particles traversed from a
passenger’s mouth. By incorporating these factors, more accurate results can be obtained, leading to a deeper understanding of the
scenario of particle transmission in public transport.
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