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Abstract 

According to the World Health Organization (https://covid19.who.int/), more than 651 million 
people have been infected by COVID-19, and more than 6.6 million of them have died. 
COVID-19 has spread to almost every country in the world because of air travel. Cases of 
COVID-19 transmission from an index patient to fellow passengers in commercial airplanes 
have been widely reported. This investigation used computational fluid dynamics (CFD) to 
simulate airflow and COVID-19 virus (SARS-CoV-2) transport in a variety of airliner cabins. 
The cabins studied were economy-class with 2-2, 3-3, 2-3-2, and 3-3-3 seat configurations, 
respectively. The CFD results were validated by using experimental data from a seven-row 
cabin mockup with a 3-3 seat configuration. This study used the Wells-Riley model to estimate 
the probability of infection with SARS-CoV-2. The results show that CFD can predict airflow 
and virus transmission with acceptable accuracy. With an assumed a flight time of four hours, 
the infection probability was almost the same among the different cabins, except that the 3-3-
3 configuration had a lower risk because of its airflow pattern. Flying time was the most 
important parameter for causing the infection, while cabin type also played a role. Without 
mask wearing by the passengers and the index patient, the infection probability could be 8% 
for a 10-hour, long-haul flight, such as a twin-aisle air cabin with 3-3-3 seat configuration. 
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1. Introduction 

Since the identification of the first COVID-19 case in Wuhan, China, in December 2019, the 
World Health Organization (https://covid19.who.int/) has reported that more than 651 million 
people have been infected, and more than 6.6 million of them have died. COVID-19 has spread 
to almost all the countries in the world because of air travel. Bae et al. [1], Hoehl et al.[2], 
Toyokawa et al. [3], and Swadi et al.[4] have reported cases of airborne transmission in the air 
cabins of commercial airplanes. Furthermore, Wang et al. [5], conducted a review of COVID-
19 transmission cases in commercial airplanes. They found that the literature had documented 
cases of airborne transmission of the COVID-19 virus (SARS-CoV-2) in airliner cabins, 
although airplane manufacturers seemed to downplay the significance. In April 2020, airlines 
experienced a 94% reduction in passenger capacity worldwide due to the COVID-19 pandemic 
[6]. The flying public is greatly concerned about their health in the midst of this pandemic. 
Moreover, such a pandemic could seriously damage the aviation industry and the world 
economy. Other infectious diseases, such as measles [7] and tuberculosis [8], have been proven 
to be airborne. Airborne infectious diseases appear every few years. However, the air cabin 
environment cannot prevent airborne infectious disease transmission among passengers and 
crew members.  

During the pandemic, health authorities such as the World Health Organization [9] and the U.S. 
Centers for Disease Control and Prevention [10] recommended social distancing as one of the 
most important safety procedures for reducing COVID-19 transmissions. Unfortunately, this 
is not always possible in commercial airplanes. Even in the business-class cabin of a long-haul, 
trans-continental flight, Khanh et al. [11] identified a cluster of COVID-19 infections. 
Commercial airplanes rely on HEPA filters to remove airborne infectious viruses. However, 
virus transmission could occur before the air containing the virus has been recirculated through 
the HEPA filters. High passenger density, especially in economy-class cabins, can easily lead 
to the spread of respiratory diseases [12]. 

At the same time, air cabins use mixing ventilation systems that are intended to mix supply air 
with cabin air to create a uniform air temperature for thermal comfort, as reviewed by Wang et 
al. [5]. However, the mixing system makes it difficult to remove airborne viruses. Mizuno and 
Warfield [13] found that CO2 distribution in a twin-aisle cabin was not uniform. Lin et al. [14] 
simulated measles-laden aerosol transport in a twin-aisle cabin and found that the aerosols were 
mainly in the vicinity of the source. Similarly, Kinahan et al. [15] found that the exposure risk 
depended on the specific seat location by using fluorescent tracer and DNA-tagged 
measurement methods in B767 and B777 twin-aisle cabins. Yan et al. [16] conducted 
experimental tests and computer simulations in a five-row, twin-aisle cabin mockup. An 
airborne pollutant was released and spread mainly on the same side of cabin as the source; it 
spread very little to the other side of the cabin, because the airflow pattern was observed to be 
symmetric in the middle of a cabin section. Studies by You et al. [17] and Cao et al. [18] also 
found that the fine particles generated by a passenger in a single-aisle cabin with a mixing 
ventilation system would not be easily transferred to the other side of the aisle. Yan et al. [19] 
studied a cough by a passenger in a single-aisle cabin. The contaminant generated by the cough 
could remain locked in near and intermediate fields around passengers. Thus, the resident time 
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of the contaminant in the cabin depended very much on the source location. You et al. [20] 
evaluated the SARS infection risk caused by an index person in different seats of single-aisle 
and twin-aisle airplanes. They concluded that the risk differed greatly, even under mixing 
ventilation systems. The above literature shows that infection risk depends on airplane type 
and seat location. 

Significant efforts have been made in evaluating the infection risk of airborne diseases in 
commercial airplanes. An early study by Mangili and Gendreau [12] found that the perceived 
risk was greater than the actual risk, and the authors believed that the environmental control 
system could limit the spread of a virus. However, actual data collected by Hertzberg and Weiss 
[21] provided strong evidence of in-flight infection. They also found that most infections 
occurred in close proximity to the infector. Gupta et al. [22] studied influenza infection during 
a four-hour flight and concluded that both deterministic approaches using inhaled influenza 
virus RNA particles and a probabilistic approach employing the Wells-Riley model could be 
used. A deterministic approach utilizing inhaled viral copies can accurately estimate COVID-
19 infection in airliner cabins [23]. Horstman and Rahai [24] used the Wells-Riley model to 
assess the COVID-19 infection risk in a Boeing-737 airplane. During a three-hour flight, the 
risk of infection was nearly 50% for those sitting in the vicinity of the infector. The use of the 
Wells-Riley model was more popular than the deterministic approach, such as by Yin, et al. 
[25], Yan et al. [26] and Liu et al. [27]. 

The above literature review concluded that the risk of airborne infectious disease transmission 
in commercial airliner cabins is high. Social distancing is impossible in the cabins and filters 
could not remove the virus transmission in the cabins before entering the environmental 
systems. The virus distribution in a cabin is not uniform even under a mixing ventilation system. 
The probabilistic model with the Wells-Riley equation could be a good method to evaluation 
the infection probability. But, there are no systematic studies to compare infection risk in 
different types of airliner cabins. Therefore, the present study tried to compare the infection 
probability of COVID-19 in commercial airplanes of different sizes, including those with 2-2, 
3-3, 2-3-2, and 3-3-3 seat configurations, which represents popular single-aisle and twin-aisle 
air cabins. The Wells-Riley model was used to calculate the infection risk during a four-hour 
flight, and for different flight times with different types of aircraft cabins. 

2. Research Method 

2.1 Airflow simulation 

Modern commercial aircraft cabins have been designed to minimize airflow along the 
longitudinal direction. On a cross section, the airflow is symmetric. Since airborne infectious 
disease viruses such as SARS-CoV-2 are transferred with airflow, the airflow pattern plays a 
very important role in virus transmission. 

Liu et al. [28] conducted a comprehensive review of research methods for studying airflow and 
airborne contaminant transmission in commercial airplane cabins. They concluded that both 
experimental measurements and numerical simulations were popular research methods. 
Although the experimental measurements were reliable, they were expensive and time 
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consuming. Numerical simulations by computational fluid dynamics (CFD) can provide 
detailed information. Due to the many assumptions used in the CFD simulations, validation of 
the CFD results with experimental data is necessary. Among numerous CFD models, the re-
normalization group (RNG) k-ε model [29] is the best choice at present for balancing accuracy 
and the need for computing resources. Other models, such as SST k-ω model may perform well 
in some cases, but it is less stable than the RNG k-ε model [30]. Therefore, this study used the 
RNG k-ε model to simulate airflow, contaminant transport, and air temperature distributions in 
various types of commercial airliner cabins. 

The RNG k-ε model is a turbulence model based on Reynolds-averaged Navier-Stokes 
equations. The entire set of governing equations can be written as 

డሺఘ஍ሻ

డ௧
൅ 𝑑𝑖𝑣 ቀ𝜌𝑢ሬ⃗ Φ െ Гఝ,௘௙௙𝑔𝑟𝑎𝑑ሺΦሻቁ ൌ 𝑆஍            (1) 

where ρ is air density; Φ represents the time-averaged velocity components 𝑢పሬሬሬ⃗  ሺ𝑖 ൌ 1, 2, 3ሻ, 
turbulent kinetic energy k, dissipation rate of turbulent kinetic energy ε, enthalpy H, and 
contaminant concentration C; the t is time; 𝑢ሬ⃗  is the Reynolds-averaged air velocity vector; 
Γφ,eff is the diffusion coefficient; and SΦ is a source term. When Φ is unity, the equation 
becomes the continuity equation. Since temperature variation in an airliner cabin is rather small, 
this simulation assumed air density to be constant, and the buoyancy effect was considered 
with the Boussinesq approximation [31].  

This investigation solved the governing transport equations numerically by the finite volume 
method. Fluent Meshing 19.2 software was used to generate grid cells for the cabin geometric 
model.  

The numerical method used the semi-implicit method for pressure-linked equations (SIMPLE) 
algorithm for coupling pressure and velocity equations, and the second-order discretization 
schemes for the convection and viscous terms of the governing equations. A commercial CFD 
program, ANSYS Fluent [32], was utilized. When we use this program, we typically run each 
case for 25,000 iterations. The cases can be regarded as reached convergence with velocity 
residuals at 10-3, turbulence residuals at 10-4, and energy residuals at 10-6. 

Figure 1 shows four different cabins studied in this investigation with different seat 
configurations for economy class. The 2-2 seat configuration represents an airliner such as the 
Embraer 195. The 3-3 seat configuration simulates the Boeing 737 or Airbus 320. The 2-3-2 
seat configuration is a mockup of the Boeing 767. The 3-3-3 seat configuration models the 
Boeing 777, Boeing 787, or Airbus 350. Please note that the simulated cabins were different 
from their real-life counterparts in terms of their geometry and thermo-fluid boundary 
conditions. We selected only a section of five rows in the economy-class cabins. Beneke et al. 
[33] measured the particles generated at the breathing level of a manikin in an 11-row B767 
mockup. They found rapid drop-off in the particle concentration along the longitudinal 
direction. This drop-off occurred with a roughly 37% reduction in concentration with each 
successive row from the source. Hertzberg and Weiss [21] found that infection occurred mostly 
within two rows behind and two rows in front of an index patient. Similarly, Dietrich et al. [34] 
found that 75% of infected passengers were seated within two rows of the symptomatic 
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passenger. Therefore, this investigation used five-row cabin models, which should be sufficient. 
Early studies [28,35] in an actual MD-82 aircraft cabin have already confirmed that five rows 
were sufficient. To eliminate possible errors in the both ends by using solid walls, our study 
for the five-row cabin section used periodical boundary conditions.  

 

 

 

 

 

  

 

(a) 2-2 seat configuration 

 

(b) 3-3 seat configuration 

 

(c) 2-3-2 seat configuration 

 

(d) 3-3-3 seat configuration 
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Figure 1. Computer models for cabins with different seat configurations. 

 

Table 1 lists the thermal and fluid boundary conditions used in our simulations. The surface 
temperatures were averaged measured data in various commercial airlines. Since this study did 
not include the heat generated from electronics, the supply air temperatures were adjusted to 
keep energy conserved in the cabins. The total air supply rate was 10 L/s per passenger that 
was a typical design value. We also assumed that the cabins were fully occupied.  

 

Table 1. Boundary conditions 

Items Settings 
Cabin Temperature 24 ℃ 

Seats Adiabatic 

Occupant body Temperature 29.5 ℃ 

Occupant head Temperature 30.5 ℃ 

Luggage cabin wall Temperature 24℃ 

Ceiling wall Temperature 22.62 ℃ 

Front and back surfaces Symmetry 

Floor Temperature 24.5 ℃ 

Window Temperature 15 ℃ 

Outlets Outflow 

Inlets  10 L/s per person 

2-2 configuration, air temperature 21.2℃, air velocity 1.30 m/s 

3-3 configuration, air temperature 20.7℃, air velocity 1.65 m/s 

2-3-2 configuration, air temperature 21.4℃, air velocity 1.37 m/s 

3-3-3 configuration, air temperature 21.8℃, up inlet air velocity 

0.92 m/s and shoulder inlet air velocity 0.63 m/s. 

SARS-CoV-2 source 20 quanta/h 

 

2.2 Wells-Riley model 

Wells [36] proposed the quantum of infection as a hypothetical infectious dose unit. A quantum 
is the number of infectious airborne particles required to infect a person. To evaluate the 
probability of infection, Riley [37] considered intake dose of airborne pathogens in terms of 
the number of quanta. The probability can be determined by the Wells-Riley equation: 

/1 Iqpt QP e                               (2) 

where P is the infection probability for the susceptible person; I the number of index patients; 
q the quanta produced by each patient (h-1); p the pulmonary ventilation rate of each susceptible 
person (m3/h), in a seated position or doing light activity, p = 0.3 m3/h; t the duration of 
exposure (h); and Q the ventilation rate of clean air supplied to the five-row cabin (m3/h). The 
quanta range for SARS-CoV-2 estimated by Dai and Zhao [38] was 14 quanta/h to 48 quanta/h, 
and the present investigation used 20 quanta/h. Note that the quanta number depends on toxicity 
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of virus. Even for COVID-19, Omicron virus had a much lower quanta value than early virus 
variants. This study used 20 quanta/h was for the virus transmission case used in this study. 
Assuming only one index patient in a cabin, Eq. (2) can be re-written as follows to calculate 
local infection probability: 

P = 1 – exp (-1×C×0.3 m3/h×4 h) = 1 – exp (-1.2C)               (3) 

where C is the local quantum concentration (quanta/m3). Since the quantum distribution in a 
cabin is highly non-uniform, this study used the average concentration over a volume of 0.3 m 
× 0.3 m × 0.3 m in front of a passenger’s nose. In Eq. (3), quantum particle concentration is 
replaced by gaseous concentration. Li et al. [39] compared the measured concentration fields 
of SF6 and the 3 mm particles in an air cabin. They found that the two distributions matched 
with each other well in the measured sections. For particles with a large diameter, they will fall 
into floor due to gravity and cannot be inhaled by a passenger. The study from Dai and Zhao 
[38] considered the quanta released to have no mass and with zero initial velocity.  

3. Validation of the CFD Simulations 

Before we applied the CFD simulation tool to study the infectious disease transmission in an 
airliner cabin, this investigation carried out two very important steps to ensure the accuracy of 
the simulation results reported in this paper: a grid-independence study and experimental 
validation. 

3.1 Grid-independence study of the CFD simulations 

When one applies CFD to study airflow and contaminant dispersion in an airliner cabin, the 
grid resolution used should be sufficiently fine to obtain accurate results. If the grid is too 
coarse, the numerical diffusion caused by discretization of the Navier-Stokes equations would 
lead to significant errors. On the other hand, if the grid is too fine, the computing capacity 
required would be too large and the computing time would be too long for such a study, since 
even a section of an airliner cabin with several rows of seats is a very large space for CFD 
simulation. 

We used a seven-row cabin with 3-3 seat configuration [18] similar to the one shown in Figure 
1(b) as an example to demonstrate the grid-independence study. Both ends of the cabin were 
solid walls as the experiment. Figures 2(a)-(c) show the three grids studied in a cross section 
through the middle row of seats in the cabin: a coarse grid of 0.96 million, a moderate grid of 
2.92 million, and a fine grid of 4.12 million, respectively, for the seven-row cabin. The grid 
distribution was finer near the solid boundary layers and in the regions where velocity gradients 
were large. Since this study used enhanced wall functions for the boundary, very fine grids 
were used only in key regions where gradients were high, such as near the inlet and tracer-gas 
source. For other regions, minimal grids were used to reduce computing cost.  
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(a) With coarse grid of 0.96 million (b) With moderate grid of 2.92 million 

 

(c) With fine grid of 4.12 million (d) Comparison made on lines 1-4 

Figure 2. Grid distributions for the grid-independence study and the locations where the 
measured data and CFD simulation results were compared. 

 
The circle above the middle passenger on the right side of the cabin was a sphere source for 
releasing tracer gas. The tracer gas was considered as a species and its concentration, C, was 
modeled by a transport equation (Eq. 1). Although the air velocity was measured at many points 
as shown in Figure 2(d), we have compared the CFD simulation results on four lines to save 
space in this paper. 
 
 

 

 

 

 

 

 

Line 1
Line 2

Line 3 Line 4 

Moderate 

Coarse 

Fine 
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Figure 3. Comparison of the air velocity along the four lines obtained by CFD simulations 
with the three grids and the corresponding experimental data. 

 

Figure 3 compares the air velocity along the four lines in the cabin cross section obtained by 
CFD simulations with the three grids, and the corresponding experimental data with error bars. 
Clearly, the CFD simulation with the coarse grid could not predict the air velocity accurately. 
The air velocities simulated with the moderate and fine grids were similar and also within the 
error bars at most of the data points. The disagreement between the simulated results and the 
experimental data can be attributed to many causes, such as complex geometry, unstable flow, 
instrument error, and uncertainties in the turbulence model and numerical algorithm. The 
results confirmed that the moderate grid provided a reasonably accurate prediction of the air 
velocity distribution. Further refinement of the grid may not lead to better accuracy. Therefore, 
the moderate grid was subsequently used to obtain the results presented in the following 
sections. 

Note that this investigation studied different types of economy-class cabins as shown in Figure 
1. We used similar grid resolutions for other cabins as the moderate grid used for the cabin with 
the 3-3 seat configuration. The grid numbers for the five-row cabin mockups were 1.85 million 
for the 2-2 seat configuration, 2.47 million for the 3-3 seat configuration, 2.90 million for the 
2-3-2 seat configuration, and 3.14 million for the 3-3-3 seat configuration. The maximum size 
of the cells was 0.06 m. The variation in grid size between two neighboring cells was less than 
1.15 times to reduce numerical diffusion.    

3.2 Validation of major airflow parameters calculated by CFD 

As mentioned briefly in the previous section, the development of the RNG k-ε model used 
many approximations to model the turbulence parameters. The discretization scheme and 
numerical procedure also introduced errors to the simulations. A CFD user has to make 
numerous assumptions in order to simulate airflow in a cabin. Therefore, the CFD results 
cannot be trusted unless the results are validated, thus confirming that CFD can be used to 
conduct such simulations accurately [40].  

This investigation used experimental data from Cao et al. [18] for validating the CFD model. 
The experimental measurements were conducted in a seven-row cabin mockup with a 3-3 seat 
configuration similar to that shown in Fig. 1(c). The experiment measured the airflow pattern, 
air temperature, and tracer-gas concentration simulated by a mixture of 1% sulfur hexafluoride 
(SF6) and 99% of nitrogen. The SF6 was released at steady rate above the head of the middle 
passenger on the right side of the cabin. 
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Figure 4 compares the air velocity, air temperature, and tracer-gas concentration distributions 
in the cross-section through the fourth row simulated by CFD with the corresponding measured 
distributions. Both the simulated and measured airflow patterns show two large recirculation 
patterns in the cross section, but the airflow direction deviated slightly in the aisle. However, 
the air velocity magnitude was similar between simulation and measurement. Figures 4(c) and 
(d) show a well-mixed air temperature. The air temperature difference in the measured region 
was less than 2 K and was reproduced well by the simulation. However, the simulated air 
temperature distribution was less uniform than the measured one. The most significant 
discrepancy was in the SF6 distributions in which the experiment showed stronger dispersion 
of SF6 from the right side of the cabin to the left side. In contrast, the simulation shows almost 
no dispersion from the right side of the cabin to the left side. Many past studies, such as Li et 
al. [41] and Guevara et al. [42], found that it was difficult to simulate SF6 distributions 
accurately in confined indoor spaces. The equipment used to measure SF6 is based on 
photoacoustic technique. It took about 30 s to measure the SF6 concentration at a location. On 
the other hand, airflow in a cabin was not very stable, the airflow pattern could have changed 
a lot in 30 s. Nevertheless, the simulation did predict the peak SF6 location. The accuracy was 
not ideal, but it was acceptable for the present applications. Our results are comparable to other 
studies [43-45]. Therefore, we considered that the CFD results were validated, and the CFD 
tool could then be used for the proposed evaluation of COVID infection risk in different types 
of airliner cabin environment.  
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(a) Measured air velocity (b) Simulated air velocity 

  
(c) Measured air temperature (d) Simulated air teperature 

(e) Measured SF6 concentration (f) Simulated SF6 concentration 
Figure 4. Comparison of the air velocity, air temperature, and SF6 concentration distributions 
with the corresponding experimental data in the cross-section of the cabin through the fourth 
row. 

4. Results 

This investigation used the validated CFD model to study SARS-CoV-2 transmission in airliner 
cabins with the four different seat configurations for economy-class cabins shown in Figure 1. 
The thermo-fluid boundary conditions are provided in Table 1.  

4.1 Airflow patterns and air temperature distributions in the cabins 

Figure 5 depicts the airflow patterns and air temperature distributions in the cross-section 
through the passenger heads in the middle row (row 3) of the cabin mockups. The airflow 
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patterns on those airplanes were indeed completely mixing as designed. The mixing was driven 
by the overhead jets. The airflows contained two large eddies in the cross sections. The eddy 
was clockwise on the left side of each cabin and counter-clockwise on the right side, for all the 
cabins except the one with the 2-3-2 seat configuration. This was because the jets for the 2-3-
2 seat configuration supplied air from the opposite directions. Nevertheless, the airflow seemed 
to be well mixed.  

 

(a) 2-2 seat configuration (b) 3-3 seat configuration 

(c) 2-3-2 seat configuration 

 

(d) 3-3-3 seat configuration 
Figure 5. The airflow patterns and air temperature distributions in the cross-section through 
row 3 in the five-row cabin mockups. 

Due to the complete mixing conditions, the air temperature distributions in the cabins were 
rather uniform. The cold air supply formed a low temperature near the supply region, while the 

3A 3B 3C 3D 3A 3B 3C 3D 3E 3F 

3A 3B 3C 3D 3E 3F 3G 

3A 3B 3C 3D3E3F 3G3H 3I 

m/s 

m/s 

m/s 

m/s 
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thermal plumes generated by the passengers led to a higher air temperature above the head 
regions and the areas around the bodies. The uniform air temperature distributions were 
designed to meet the thermal comfort requirements of the passengers.   

Since limited space is available for this paper, Figure 6 presents only the airflow and air 
temperature distributions in the mid-longitudinal direction for the cabin mockup with the 2-3-
2 seat configuration. Such aircraft were designed to have balanced air supply and air return for 
each row, and longitudinal airflow is supposed to be zero. However, we did observe moderate 
flow in the longitudinal direction. For the mockup with the 2-3-2 seat configuration, there was 
backward flow in the upper part of the mid-section in the cabins as shown in Figure 5, and 
forward flow on both sides near the walls. For the rest of the mockups, we found that the trends 
were reversed. Liu et al. [28] conducted airflow measurements in an MD-82 aircraft cabin. The 
experiment found also longitudinal flow. The longitudinal flow could be unstable that was 
caused by similar downward initial forces from the air supply and upward buoyancy forces 
from the thermal plums of the passengers. Again, the air temperature distributions along the 
longitudinal sections were rather uniform, while thermal plumes generated by the passengers 
were visible. 

 

Figure 6. The airflow patterns and air temperature distributions in the mid-longitudinal section 
for the mockup with 2-3-2 seat configuration. 

4.2 SARS-CoV-2 quanta distributions in the cabins 

Figure 7 displays the SARS-CoV-2 quanta concentration distributions in the cross sections 
with an index patient sitting in seat 3A. The figure shows that, when the cabin was small, such 
as the 2-2 and 3-3 configurations, the virus was likely to be transmitted to the other side of the 
cabin in a cross section. For large cabins, the virus would be locked on the side of the cabin 
with the index patient. Although the air temperature distributions created by the environmental 
control systems were uniform in the cabins, the SARS-CoV-2 quanta distributions were not 
uniform. The air temperature distributions were the results of heat transfer from different 
surfaces and the jet flow. The temperature differences were not very high, as the lowest 
temperature was 20.7 oC from the jets and the highest temperature was 30.5 oC from the 
passenger head surfaces. However, the SARS-CoV-2 was only generated by the index patient, 
at a very high concentration of 66.7 quanta/m3 from the air breathed out by the patient. There 
was no other SARS-CoV-2 in the cabin, including the cleaning air supply. Although the mixing 
air supply system brought the virus to different places in the cabin, the SARS-CoV-2 quanta 
concentration was not unform. The symmetric air supply prevented SARS-CoV-2 from being 
transferred to the other side of the cabins. 

1D 2D 3D 4D 5D 

m/s 
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(a) 2-2 seat configuration (b) 3-3 seat configuration 

(c) 2-3-2 seat configuration 

 

(d) 3-3-3 seat configuration 
Figure 7. The SARS-CoV-2 quanta concentration distributions on the cross section through 
row 3 in the five-row cabin mockups assuming an index patient in Seat 3A. 
 
Our simulated airflow patterns were rather symmetrical. Thus, the quanta could not be easily 
transferred from one side of the cabin to another. As a reviewer of this paper correctly pointed 
out: “The accuracy of the flow field simulation is crucial, as it mainly concerns the flow field. 

3A 3B 3C 3D 
3A 3B 3C 3D 3E 3F 

3A 3B 3C3D3E3F 3G 

3A3B 3C 3D3E3F3G 3H 3I 
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The flow field in an aircraft is unstable and periodic.” In reality, the boundary conditions are 
not as symmetric as the simulated ones. Thus, the transfer of quanta from on side of the cabins 
to another side is likely. 

Figure 8 illustrates the SARS-CoV-2 quanta concentration distributions at breathing level in 
the cabin mockups. The SARS-CoV-2 sources were the index patients in seat 3A, enclosed by 
the red square in the figure. In general, the SARS-CoV-2 quanta concentration was the highest 
in row 3. The 2-2, 3-3, and 3-3-3 configurations exhibited a slightly higher concentration in 
row 4 than that in row 2 because the airflows in those cabin mockups were moving backwards 
on the upper part of the index patient. However, the 2-3-2 configuration shows a much higher 
virus concentration in row 2 than in row 4 due to the forward airflow on the upper part of the 
index patient. During our study, we found that it was impossible to know in advance if the 
airflow on the upper part of a passenger would be forward to backward. The direction was very 
sensitive to the thermo-fluid boundary conditions. As the flows were unstable and periodic and 
actual boundary conditions were not symmetric, the actual quanta distributions for the cabins 
can be very different from the ones shown here. The results should be interpreted as a special 
case for each cabin, not universal ones.  

  

(a) 2-2 configuration (b) 3-3 configuration 

(c) 2-3-2 configuration 
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(d) 3-3-3 configuration 
 
Figure 8. The SARS-CoV-2 quanta concentration distributions at breathing level in the five-
row cabin mockups assuming an index patient in Seat 3A enclosed by the red square. 
 

4.3 Infection probability in the cabins with a four-hour flight 

By using Eq. (3) and assuming an index patient seated in different seats of row 3 in the cabin 
mockups, this investigation next calculated the infection probability of fellow passengers who 
may be infected during a four-hour flight. 

Figure 9 depicts the infection probability in the five-row cabin mockup with the 2-2 
configuration. The infection rate was calculated from quanta concentration by using Eq. (3). 
For a specific passenger, the quanta concentration was the averaged value of a volume of 0.3 
m x 0.3 m x 0.3 m in front of the passenger nose region. The average infection probability with 
the index patient in 3A was 3.2%, and with the index patient in 3B it was 3.4%. The index seat 
position did make a slight difference in the average infection rate. Since the cabin is symmetric 
along the aisle, one can easily use mirror results for the cases in which the index patient is in 
seats C and D. The overall average infection rate for the entire five-row cabin with the index 
patient in different positions was 3.4% for the four-hour flight. This percentage may not seem 
very high, but the infection probability for the passengers seated in the same row or in close 
proximity to the index patient could be around 10%. This is very high and seems to be in good 
agreement with infections reported by Hoehl et al. [2] in the early days of the COVID-19 
pandemic.  
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Figure 9. Infection probability (in %) in the cabin mockup with 2-2 configuration when an 
index patient is seated in 3A (left) and 3B (right). 
 

Figure 10 shows the infection probability for the cabin mockup with the 3-3 seat configuration 
when the index patient is seated in 3A, 3B, and 3C, respectively. Very similar to the 2-2 seat 
configuration, the index patient position had an impact on the average infection rate among the 
passengers in the five rows. Our calculations found the infection probabilities for the five rows 
to be 2.1%, 2.1%, and 2.6%, respectively, when the index patient was seated in 3A, 3B, and 
3C. The average infection probability for the three scenarios was 2.2%. This percentage was 
lower than that for the 2-2 configuration. However, this result should not be interpreted to mean 
that the 3-3 configuration was better than the 2-2 configuration. Because the 2-2 configuration 
was smaller, five rows contained only 20 passengers, whereas the 3-3 configuration had 30 
passengers. To better compare the different types of aircraft, this investigation also compared 
the infection risk for the passengers in close proximity to the index patient, as described in the 
next section.  
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Figure 10. Infection probability (in %) in the cabin mockup with 3-3 configuration when the 
index patient is seated in 3A, 3B, and 3C, respectively. The color scale is the same as that in 
Figure 9. 
 
The two figures in the Appendix of this paper illustrate the infection probability for the cabin 
mockups with 2-3-2 and 3-3-3 seat configurations. Similarly, the index patient was assumed to 
be in different seat position in row 3. The conclusions we drew from Figures 9 and 10 can be 
applied to the two large cabin mockups. Namely, different seat locations for the index patient 
would lead to different infection probabilities. The infection probabilities for the five rows of 
the cabin mockup with the 2-3-2 configuration were found to be 2.1%, 2.0%, 1.7% and 1.7%, 
respectively, when the index patient was seated in 3A, 3B, 3C and 3D. For the cabin mockup 
with the 3-3-3 configuration, the infection probabilities changed to 1.4%, 1.5%, 1.5%, 1.6%, 
and 1.3%, respectively, when the index patient was seated in 3A, 3B, 3C, 3D, and 3E. There 
was no clear trend in regard to which seat was better or worse. Even if we could identify such 
a trend, it might not be feasible to place an index patient in such a seat. The larger the cabin 
was, the lower the average infection probability was. The average probabilities were 3.3%, 
2.2%, 1.9%, and 1.5%, respectively, for the 2-2, 3-3, 2-3-2, and 3-3-3 configurations. However, 
the average infection probability is not a good measure for assessing which cabin size was the 
best or the worst. This is because a large airplane has a large space, one index patient who 
infected same number of fellow passengers would have a lower average infection probability 
than that of a small airplane. 

4.4 Assessment of infection probability in different types of cabin mockups 

The results shown in the previous section indicated that the larger the cabin, the lower the 
COVID quanta concentration. The results are obvious because the source was fixed while the 
ventilation rate increased with cabin size. The average infection probability is not a good 
measure for evaluation of the cabin environment. 

To be objective, this investigation averaged the infection probability for all the passengers 
sitting close to the index patient, namely, the passenger on the left, on the right, immediately 
in front of, and immediately behind the index patient. Table 2 shows the average infection 
probabilities for these peripheral passengers. The results illustrate that the infection probability 
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for the peripheral passengers depends on the index patient’s position. The difference in the 
infection risk could be as high as three times when the index patient sits in different seats. 

Table 2. The average infection probability for the peripheral passengers around the index 
patient in the cabins with different seat configurations （%） 

Index patient’s seat 3E 3D 3C 3B 3A Average for all seats 

2-2 configuration NA NA NA 3.4 3.2 3.3 

3-3 configuration NA NA 2.6 2.1 2.1 2.2 

2-3-2 configuration NA 1.7 1.7 2.0 2.1 1.9 

3-3-3 configuration 1.3 1.6 1.5 1.5 1.4 1.5 

 

We calculated the average infection probabilities for the peripheral passengers when the index 
patient was sitting in different seats. These average probabilities were 6.0%, 6.2%, 6.1%, and 
4.6%, respectively, for the 2-2, 3-3, 2-3-2, and 3-3-3 seat configurations. The difference among 
the first three cabin types was statistically insignificant. The average infection probability for 
the 3-3-3 seat configuration was much lower than that for the other cabins. The airflow pattern 
would bring the virus from seat E to the flow level and exhaust it through the lower side wall. 
When the index patient was in seat A, the airflow pattern would lock the virus in an area above 
the patient. Thus, the airflow pattern can make a significant contribution to the infection 
probability. This finding was confirmed in a study conducted by Cao et al. [18]. 

In addition, it might not be fair to compare cabins with different seat configurations under the 
same flight duration. According to data from Flightstats (https://www.flightstats.com/v2/), the 
average flight times for the 2-2, 3-3, 2-3-3, and 3-3-3 seat configurations are 1.19 hours, 2.93 
hours, 5.45 hours, and 9.51 hours, respectively, as depicted in Figure 11. 

 

Figure 11. Infection probability for the peripheral passengers around the index patient in 
different cabin mockups with different flying times. The bars represent the flight time variation. 
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Figure 11 also shows the average infection probability for the peripheral passengers around the 
index patient in each type of aircraft cabin under different flight durations with the use of data 
from Flightstats. The longer a flight was, the higher the infection probability was. However, 
the risk was not proportional to time, because the infection probability was not the same among 
the cabin types. For a long-haul flight, the probability of becoming infected would be as high 
as 8% for a passenger sitting next to the index patient. 

5. Discussion 

The simulated results were not in perfect agreement with the experimental data, although the 
authors took every possible measure to simulate the case with experimental data carefully. As 
the cabin used for the experiment had a very complex geometry and complex thermo-fluid 
boundary conditions, the thermo-fluid boundary conditions were very difficult to control. The 
experimental instruments were also not free from errors. On the other hand, the turbulence 
model, the numerical technique, and many of the simulation parameters used approximations. 
The errors in the numerical aspects could be greater than the experimental errors. However, for 
the purpose of this study, the accuracy of the simulation results is acceptable, and the results 
reported on this paper are reliable. 

The airflow patterns in the cabin mockups were very complex. Han et al. [46] studied the vortex 
structure of airflow in a 28-row aircraft cabin. They found an asymmetrical phenomenon in the 
instantaneous airflow field, instability on the longitudinal scale, and a large number of vortex 
structures generated in the collision zones. In the present study, the results presented for each 
type of aircraft cabin should be interpreted as a specific scenario. This investigation did not 
conduct additional simulations to ensure that the results were typical. This study also assumed 
fully occupied cabins, which is generally true in today’s flight operations. It would be 
worthwhile to evaluate cases in which not all seats are occupied. 

The simulations assumed that no passengers in the cabins wore masks and that the SARS-CoV-
2 was highly toxic as in the early days of the pandemic, rather than current Omicron variant. 
Mask wearing would be beneficial in the cabin environment [5]. Furthermore, the variants of 
SARS-CoV-2 have become less toxic. Therefore, the infection probability for a passenger 
sitting next to an index patient would be far less than 8% during a long-haul flight. However, 
this study aims for the prevention of future pandemics of airborne diseases. The recent history 
has told us that such diseases could occur every a few years, such as SARS in 2003, H1N1 
swine flu in 2009, and COVID-19. It is also very unlikely that passengers will wear masks in 
the beginning of such a pandemic.  

6. Conclusions 

This investigation used a validated CFD program and the Wells-Riley equation to determine 
infection probabilities for passengers during a flight. The cabins studied were economy-class 
with 2-2, 3-3, 2-3-2, and 3-3-3 seat configurations. Due to limitations in computing power, we 
studied only a five-row section of each cabin and assumed that one of the passengers was the 
index patient. The study led to the following conclusions: 
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With the modern aircraft cabin design, the airflow pattern in the cabin was generally well mixed. 
The air temperature distribution was rather unform. However, the virus source was a point 
source that released the virus only in a specific location; the well-mixed ventilation system 
could not mix the virus thoroughly with the cabin air. In addition, due to the symmetric cabin 
design, virus from one side of the cabin might not be transferred easily to the other side of the 
cabin in a cross section. This was particularly true for larger aircraft cabins. 

The infection probability depended on where the index patient was seated. There were no clear 
patterns in regard to which seat would cause a lower/higher infection risk than the other seats. 
The difference in the infection risk could be as high as three times when the index patient sits 
in different seats. Although the size of the cabins studied varied considerably, the average 
infection probabilities were similar, with the exception of the 3-3-3 seat configuration. The 
reason for the exception was that the airflow pattern in this configuration could bring the virus 
to the lower part of the cabin and exhaust it through the outlet, or could restrict the dispersion 
of the virus. 

This investigation found that flight time was the most important factor in the infection 
probability. Without mask wearing among the passengers during a long-haul flight of around 
10 hours in a twin-aisle, 3-3-3 seat cabin, the infection probability could have been around 8% 
for passengers sitting in close proximity to an index patient in the early days of the pandemic 
when the virus was very toxic.  
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Appendix 

 

 
Figure A1. Infection probability in the cabin mockup with 2-3-2 seat configuration when the 
index patient is seated in 3A, 3B, 3C, and 3D, respectively. The color scale is shown in Figure 
A2. 
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Figure A2. Infection probability in the cabin mockup with 3-3-3 seat configuration when the 
index patient is seated in 3A, 3B, 3C, 3D, and 3E, respectively. 
 
 




