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Abstract8

The ongoing COVID-19 pandemic has rendered confined spaces as high-risk areas. There is an increas-9

ing push to resume in-person activities, for instance, teaching in K-12 and university settings. It becomes10

important to evaluate the risk of airborne disease transmission while accounting for the physical presence11

of humans, furniture, and electronic equipment, as well as ventilation. Here, we present a computational12

framework based on detailed flow physics simulations that allows straightforward evaluation of various13

seating and operating scenarios to identify risk factors and assess the effectiveness of various mitigation14

strategies. These scenarios include seating arrangement changes, presence/absence of computer screens,15

ventilation rate changes, and presence/absence of mask-wearing. This approach democratizes risk assess-16

ment by automating a key bottleneck in simulation-based analysis–creating an adequately refined mesh17

around multiple complex geometries. Not surprisingly, we find that wearing masks (with at least 74%18

inward protection efficiency) significantly reduced transmission risk against unmasked and infected indi-19

viduals. The availability of such an analysis approach will allow education administrators, government20

officials (courthouses, police stations), and hospital administrators to make informed decisions on seating21

arrangements and operating procedures.22

Keywords23
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1 Introduction25

The SARS-CoV-2 virus pandemic has irreversibly changed how we consider transmission risk in indoor26

environments. The physical distancing or six-foot rule1,2, for instance, is a guideline that does not ac-27

count for small aerosol droplets that are continuously mixed through an indoor space. This is especially28

alarming considering that airborne transmission–via small aerosolized particles–of COVID-19 is widely29

recognized3–6. The distribution of aerosolized particles depends on a dizzying array of factors, including30

ventilation and air filtration rates, airflow patterns in the indoor space that are impacted by furniture, ther-31

mal fluxes on the room facade, and respiratory activity of the inhabitants. While tools for risk assessment32

have recently been developed7–9, most such tools make significant assumptions on the indoor environment33

(well-mixed air, no thermal plumes from equipment and occupants) and the respiratory activity (exhala-34

tion of virion particles). Thus, while conventional tools may indicate that a particular room is low-risk35

on average, there may be specific locations in the room with significantly higher risk for transmission–36

for example, in areas where local recirculation causes limited air exchange with the outside environment.37

Location-specific risk assessment becomes especially important if individuals are seated in such locations38

for extended periods, increasing their cumulative exposure time, such as our K-12 students, public ser-39

vice workers, and essential workers. For instance, courthouse activities require participants (judges, clerks,40

petitioners, jurors) to remain sedentary over long periods. Similarly, most classroom activities require stu-41

dents to remain seated for extended periods. In such scenarios, it becomes imperative to identify if specific42

locations have higher risk and rank among alternate arrangements.43

Consider the case of aerosols (with particles <10 µm, which exhibit significantly larger traveling distances10.44

These respiratory particles are suspended in a warm and moist puff cloud, which increases the traveling45

distance of the respiratory particles before they settle onto surfaces due to gravity11. The additional dis-46

tance traveled by small respiratory droplets can also be attributed to expired jets (even with the use of face47
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masks)12. The transport of the small respiratory particles within an enclosed space may also be compli-1

cated by the flow field induced by ventilation systems and the thermal plumes from computers and human2

occupants13. The tendency of droplets to remain airborne may be further affected by ambient flow char-3

acteristics such as the flow speed, turbulence intensity, direction, temperature, and relative humidity14.4

Apart from their potential to become airborne, small respiratory particles also can penetrate deeper into the5

human lower respiratory tract15 and have higher infectivity than larger cough droplets16. Maintaining a6

physical distance from an infected individual does not entirely protect susceptible individuals from inhal-7

ing enough respiratory aerosols to cause infection14. Hence, there is a pressing need to accurately model8

the transport of virion-laden aerosols, especially in indoor settings, to identify (and mitigate) risk zones.9

In this context, high-fidelity fluid simulations provide a practical approach to evaluate various seating and10

operating scenarios, identify risk factors, and assess mitigation strategies. Ideally, such approaches need to11

be rapidly deployable, customizable to specific scenarios (geometry, occupant conditions, environmental12

conditions, ventilation), and suitable for extracting reliable best practices. A major challenge in this type13

of simulation is the mesh generation step. The resolution and quality of the mesh are intimately related14

to the overall accuracy of the simulation. Although mesh generation is a fundamental part of numerical15

approaches, creating high-quality meshes continues to be a significant bottleneck in the overall workflow.16

This restriction is exacerbated when considering adaptivity and becomes exceptionally challenging in the17

presence of an arbitrarily shaped geometric object. Streamlining this workflow is one of the components of18

the NASA 2030 computational fluid dynamics (CFD) milestone towards the goal of conducting overnight19

large-eddy simulations (LES)17: "Mesh generation and adaptivity continue to be significant bottlenecks in the CFD20

workflow."21

Here, we deploy a framework that can democratize the execution of such risk assessment studies. This22

framework consists of (a) immersogeometric carved-out analysis that allows automated consideration of23

geometrically complex objects in a principled analysis platform18, (b) a massively parallel octree-based24

mesh generator that rapidly constructs high-quality meshes19, (c) a detailed flow physics simulation (LES)25

to produce accurate flow features20, (d) a coupled thermal solver to account for the thermal plumes pro-26

duced by humans and electronics21, and (e) a passive scalar transport model that accounts for the distri-27

bution of virion-laden aerosols. We illustrate this framework by assessing the risk of transmission across28

various seating plans, operating conditions, and aerosol source locations in a canonical classroom setting,29

specifically a room where several of us teach (Figure 1). The availability of such an analysis approach will30

allow education administrators (K-12, university), federal/state/local government officials (courthouses,31

police stations), and hospital administrators to make informed decisions on seating arrangements and op-32

erating procedures.33

2 Results34

For the results in this work, we consider a typical university classroom that will be employed to investigate35

the risk of virus transmission. Figure 1a shows the classroom environment prior to the COVID-19 pan-36

demic. As shown in Figure 1b, the room has a length of 9 m, a width of 9 m, and a height of 3.5 m with37

a ventilation system with eight vents (four inlet vents and four outlet vents) installed on the ceiling. The38

occupants are modeled using labeled mannequins (Figure 1c).39

(a) The actual classroom environment (b) Computational domain with computers (c) Vents and mannequin labels

Figure 1: Computational representation (b) of the enclosed space (a) to be used in the simulation. Top-down view of the classroom (c) with the inlet
(green) and outlet (red) vents on the ceiling.
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We consider several scenarios and evaluate transmission risk. In particular, we consider the following1

five scenarios: (a) changing seating arrangements to provide six feet of distance between students, which2

reduces the class size from 32 to 8 students; (b) presence and absence of computer monitors which provide3

some flow deflection; (c) increased occupancy of the classroom; (d) increased ventilation of six air changes4

per hour (ACH) compared to the recommended four ACH22; and (e) mask wearing by all versus some5

versus none of the occupants.6

We can assess the transmission risk for the previously mentioned scenarios based on the flow field obtained7

from the CFD solutions of 3 different configurations (see SI Section C.1). The first configuration (Configura-8

tion 1) represents a classroom setting in a lecture setup with 9 occupants (8 seated and 1 standing occupant).9

The second configuration (Configuration 2) investigates a classroom setting with the same 9 occupants as in10

Configuration 1, but with an additional computer in front of each seated occupant. The last configuration11

(Configuration 3) includes 21 occupants (20 seated and 1 standing occupant).12

For each of these configurations, we automatically create a well-refined mesh and perform combined heat13

and flow simulations to get the statistically steady flow field (see SI Section A). Then, we consider a cough-14

ing event and perform passive scalar transport of virion concentration in the confined space (see SI Sec-15

tion B). We perform this scalar transport for one full air change. Finally, we evaluate transmission risk by16

considering the inhaled viral load at various spatial locations in the room.17

Flow field within the classroom: The flow field within the classroom is primarily influenced by inflow from18

the inlet vents and the thermal plumes caused by the mannequins and computers. These heated bodies each19

generate a thermal plume that drives flow upward due to buoyancy. The plume reach is nearly the height20

of the classroom (3.5 m), and it creates localized vertical flow features toward the ceiling (Figure 2).21

Figure 2d shows the streamlines along a vertical slice, the velocity magnitude of the thermal plume gen-22

erated by a computer (0.6 m/s) is found to be approximately twice that generated by a human (0.35 m/s).23

When these plumes reach the ceiling, the flow moves along the ceiling plane, and part of this flow is re-24

circulated back down when it hits the flow emanating from the inlet vents. This recirculation of air within25

the classroom due to the thermal plumes and inlet jets dilutes the viral load concentration of the contam-26

inated air within the enclosed space. The diluted viral load concentration is eventually removed from the27

classroom through the outlet vents.28

Viral load concentration field: Upon the expulsion of viral-laden aerosols due to a coughing event, we find29

that the contaminated air eventually gets transported upward due to the thermal plume (see Figure S.9 and30

Figure S.10). Following the streamlines, the viral load concentration field is recirculated due to the upward31

motion of the thermal plumes and the downward motion of the inlet flow. Successive recirculation further32

dilutes the viral load concentration until it is removed from the enclosed space via the outlet vents.33

The temporal evolution of the viral load concentration field varies depending on location. We simulated34

coughing events at various positions and observed that the temporal evolution for locations that were not35

(a) Configuration 1 (b) Configuration 2 (c) Configuration 3
(d) Mid-plane streamlines of the
flow around the objects

Figure 2: Visualization of the flow field field in a classroom for (a) Configuration 1: A classroom setting with 8 seated occupants and 1 standing
occupant, (b) Configuration 2: A classroom setting with 8 seated occupants (each with a computer in front of them) and 1 standing occupant, (c)
Configuration 3: A classroom setting with 20 seated occupants and 1 standing occupant and (d) streamlines representing the flow field around a
mannequin and computer.
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(a) Simulated cough by mannequin 2 (b) Simulated cough by mannequin 3

Figure 3: Viral load concentration of the air 15 minutes after the simulated cough by the assigned mannequin (colored red).

close to (and right below) the inlet vents were similar regardless of location. Therefore, we focus our trans-1

mission risk assessment on two canonical locations: a simulated cough by an infected individual seated2

directly beneath an inlet vent (mannequin 2, Figure 3a) and one seated away from the inlet vent (man-3

nequin 3, Figure 3b). Please refer to Figure S.4 for additional details and mannequin labels.4

We observed that the virion-laden air dilutes more rapidly when the cough occurs in the vicinity of an inlet5

vent (Figure 3a), and the viral concentration remains higher in a more localized region when the cough6

occurs further away from an inlet (Figure 3b). This is due to mixing of the contaminated air with the inlet7

jet, resulting in a lower viral load concentration at the end of an air change cycle when the cough occurs8

closer to an inlet. This higher rate of dilution suggests a potentially lower risk of transmission.9

From these results, we also observe that the virion-laden air is transported over a long distance when10

released near the inlet vents; thus, the contaminated air can potentially occupy a larger volume of the11

classroom space than when released further away from the inlet vents (Figure 3). Hence, occupants more12

than 6 feet away from the infected individual may still be susceptible to infection if the total number of13

inhaled particles exceeds the minimum infective dose (MID). To assess the transmission risk under this14

complicated interaction, we consider these two competing outcomes, the viral load concentration of the15

contaminated air and the volume of space occupied by the contaminated air.16

Transmission Risk Assessment17

We can quantify the transmission risk assessment in terms of the total number of virion particles inhaled18

by an individual at any given position in the classroom throughout the simulation time (see Equation (3)).19

The transmission risk is quantified and visualized on a horizontal plane at breathing height for seated20

individuals (see Figure S.2). We quantify the transmission risk for the five specific scenarios mentioned21

earlier. For a better visualisation of the transmission risk contours, black and white contour lines are added22

to the contour plots to represent 50 and 100 inhaled virion particles respectively.23

As a baseline, a localized region with a high transmission risk is observed in the region in front of man-24

nequin 3 for a simulated cough event (in Configuration 1). However, this localized region only directly25

affects one other occupant (mannequin 1) (Figure 4f). Otherwise, the high transmission region is confined26

to a space in the classroom that is not occupied. The black contour lines demarcate the region within which27

50 or more virion particles will be inhaled (N ≥ 50 based on Equation (3); see Methods section). These re-28

gions represent the space with a higher risk of infection. In contrast, we found that every seated occupant in29

the classroom experiences (at worst) a moderate risk of infection due to a simulated cough by mannequin 230

(Figure 4a). Note that mannequin 2 is seated underneath an inlet vent. Although fewer occupants are at31

risk of infection due to an infected mannequin 3 (Figure 4f), the affected individual would likely be more32

susceptible due to a higher count of inhaled virion particles than the exposure resulting from a cough by33

mannequin 2.34
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(a) Base case for comparison (b) With computers (c) Increased occupancy (d) With increased ACH (e) All occupants masked

(f) Base case for comparison (g) With computers (h) Increased occupancy (i) With increased ACH (j) All occupants masked

Figure 4: Top view of each case with the contour of transmission risk shown at the end of one air change cycle due to a simulated cough by
mannequin 2 (top row) and mannequin 3 (bottom row).

Impact of Electronics: When an infected individual coughs, we expect the physical presence of electronic1

equipment (such as a computer monitor) to block the virion-laden air from reaching other individuals.2

Furthermore, the thermal plume generated by the electronics may impede pathogen transmission by trans-3

porting the pathogen-laden aerosols upward away from the breathing zone of other individuals. Hence,4

intuitively, we expect the transmission risk to be reduced.5

Surprisingly, the addition of computers does not dissipate the risk of transmission. In fact, it expands the6

localized region that has a high risk of transmission (Figure 4b, Figure 4g) based on the risk transmission7

assessment for Configuration 2. This phenomenon is observed for both cases of simulated cough by man-8

nequin 2 and mannequin 3. The thermal plumes generated by the computers enhance the recirculation of9

the contaminated air and increase the region with higher transmission risk (Figure 2). In Configuration 210

(with reduced occupancy), the expanded region with high transmission risk does not further implicate any11

previously unaffected occupants since it is confined to a region of space that is unoccupied (Figure 4g).12

However, mannequin 1 will experience a greater risk of infection caused by a cough by mannequin 2.13

Impact of Increased Occupancy: Increased occupancy within an enclosed space decreases the proximity14

between individuals to ≈ 3 feet and increases the ease of transmission of virion particles. It also introduces15

additional thermal plumes that alter the flow field of the classroom, complicating the risk assessment.16

Based on the risk assessment conducted for Configuration 3, which represents a classroom setting with an17

occupancy of 20 students (Figure S.3c), we find that the region of transmission risk increases with occupancy18

(Figure 4c, Figure 4h). In adherence to social distancing guidelines, a decrease in the occupancy of the19

classroom (from a class size of 20 in Configuration 3 to 8 in Configuration 2) decreases the risk slightly by20

increasing the distance the virion particles have to travel from their source (the infected cougher). However,21

social distancing guidelines still do not provide the occupants with sufficient protection against an infection22

risk in the presence of computers that redirect the flow, as shown in (Figure 4b, Figure 4g).23

Impact of Increased Air Changes: An increase in air changes per hour (ACH) for an enclosed space will24

increase the volume of purified air entering the classroom. We examined the effect of increased ACH on25

the transmission risk by increasing the ACH from 4 to 6 for Configuration 1. In this case, we notice rapid26

dilution of the contaminated air due to a simulated cough at the higher ACH. The higher ventilation with27

increased ACH reduces the size of the localized regions of transmission risk (Figure 4d, Figure 4i).28
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(a) Everyone is unmasked. (b) Face masks with 18.8% IPE. (c) Face masks with 44.0% IPE. (d) Face masks with 74.0% IPE.

(e) Everyone is unmasked. (f) Face masks with 18.8% IPE. (g) Face masks with 44.0% IPE. (h) Face masks with 74.0% IPE.

Figure 5: Comparison of the amount of protection each type of face masks provide users with against a simulated cough by unmasked mannequin
2 (top row) and mannequin 3 (bottom row).

Impact of Face Mask Usage: The use of face masks significantly reduces the viral load released by an1

infected individual during exhalation compared to other mitigation strategies. The flow resistance of face2

masks impedes the spread of the cough cloud from the individual. Hence, the cough cloud released by a3

masked individual differs in size and viral load density from an unmasked individual.4

The impact of face masks on risk transmission is evaluated based on the classroom setting described in5

Configuration 1. In this configuration, all of the occupants are assumed to be wearing surgical masks.6

The surgical mask is capable of preventing 94% of the virion aerosols from being released by a masked7

cougher23, and it decreases the extent of the respective cough cloud to 35 cm (from 70 cm for a maskless8

cough) due to its flow resistance24. The inward protection efficiency (IPE) of the surgical mask worn by all9

occupants is assumed to be 18.81%25. This implies that the masked occupants inhale at most 81.19% of the10

virion-laden aerosols from the ambient air.11

The use of face masks tremendously reduces the transmission risks such that no occupants have inhaled a12

significant quantity of virion particles (Figure 4e, Figure 4j) as compared to the case where a majority of the13

occupants in the class are at moderate risk of becoming infected because everyone is unmasked (Figure 4a,14

Figure 4f). Furthermore, the extent of the region of transmission risk is significantly reduced and confined to15

the space in front of the cougher’s mouth. Thus, everyone wearing masks (even sub-optimally, as evidenced16

by the 18.8% inward protection efficiency) produces the most significant risk reduction to transmission.17

While the transmission risk is minimal when every occupant is masked, this might not be the most preva-18

lent scenario with the relaxation of the mask mandates. An unmasked asymptomatic carrier may endanger19

other individuals nearby, making them susceptible to infection. Hence, we investigate the protection of-20

fered by face masks to a masked individual from other unmasked and infected individuals.21

Due to the gap between the face mask and the face, the IPE of the masks is significantly lower than the22

material filtration efficiency. The IPE of current existing surgical masks ranges from 18.8%25 to 44.0%26,23

to even 74%. We next evaluate the impact on various IPE on risk profiles as shown in Figure 5. Most face24

masks provide users with sufficient protection against a cough by an unmasked mannequin 2. However,25

mannequin 1 would still be susceptible to an infection due to cough by an unmasked mannequin 3 with26

the use of existing face masks with IPE between 18.8% to 44.0%. This suggests a need to improve the mask27

design to get a better IPE that provides users with better protection against other unmasked individuals.28
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Researchers have been proposing improved mask designs (as well as methods to achieve a snug fit) that1

result in higher IPE and can provide users with sufficient protection against an airborne transmission. Pan2

et al. 27 have proposed an improved three-layer mask design that provides users with at least 74% IPE.3

The effectiveness of the improved face mask design is tested in our simulations with the results shown in4

Figure 5d and Figure 5h. These masks provide users with sufficient protection against other unmasked5

individuals. In most cases, with a high-efficiency mask, when worn correctly, the transmission risk to6

masked individuals is very low, even if the infected individual chooses to be unmasked (see additional7

data in Figure S.12, Figure S.13, Figure S.14 Figure S.14).8

3 Discussion9

Our results show that localized regions of high risk of transmission can exist in a classroom (and more gen-10

erally indoor environments) even when occupants are well spaced apart and ventilation rates are increased.11

However, the risk of transmission is significantly reduced if the infected individual is masked. Even when12

an infected individual chooses to remain unmasked, proper masking–that ensures moderate infiltration13

efficiency (or inward protection efficiency)–by other individuals reduces the risk of transmission to them.14

We next discuss simplifying assumptions made and their implications on our results.15

• Distribution of initial cough cloud: A coughing event is initialized as a cough cloud represented by a16

cone-shaped region of homogeneously distributed virion concentration in front of the cougher’s mouth.17

A small number of virion particles that lie outside the cough cloud are neglected (Figure S.1). Extending18

the cone-shaped region does not significantly change any of the results.19

• Distribution of initial cough cloud under masked conditions: The viral shedding from leakages along the20

edges of the mask is neglected in the initialization of the cough droplets released by a masked cougher.21

A more accurate initial condition for the virion particles can improve the representation of the location22

of discrete virion particles outside of the cough cloud and in the leakage regions along the edges of the23

face mask. As before, slight changes to the initial cough cloud do not significantly change any of the24

conclusions.25

• Scalar transport of virion particle density: We only consider particles of size less than 10µm. We only26

consider the advective and diffusive transport of the virion particles (Equation 14). This equation does27

not account for the depletion of the viral load density in the contaminated air, perhaps due to the deac-28

tivation of the virus, depletion of virion particles when inhaled by the occupants, and the adhesion of29

virion particles to contacted surfaces. We also do not consider the impact of humidity on the distribu-30

tion. In this context, our results can be considered conservative estimates of the transmission risk since31

relaxing these assumptions will reduce the virion concentration field and transmission risk.32

• An assumption involved with the transmission risk assessment is that the viral load density remains33

relatively unchanged when inhaled by the occupants. This assumption is commonly adopted across the34

literature7–9.35

Conclusions: We illustrate a computational approach that can automatically and efficiently evaluate trans-36

mission risk in geometrically complex indoor settings. This approach abstracts away the complexity of37

mesh generation and subsequent simulation and analysis, thus allowing straightforward deployment by38

end-users. The availability of such a personalized planning tool will enable educational institutions (K-39

12, community colleges, universities) and other entities to evaluate various in-person interaction scenarios40

comprehensively. Such a framework will help quantify and minimize the risk of infection. We illustrate the41

utility of the framework by evaluating risk for different seating, ventilation, and mask-wearing scenarios42

in a canonical classroom. Wearing masks significantly reduces the risk of transmission of the SARS-CoV-243

virus. More broadly, this framework for personalized transmission risk assessment may also be applied44

to other airborne transmittable pathogens based on the known information about the pathogen and its45

minimum infection dosage (MID) and can be useful in other critical care infrastructures such as hospitals46

(operation theaters, infectious wards, etc.). This work is a step in the path to democratization of complex47

simulation software to the broader scientific and application community.48
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4 Methods1

4.1 Background2

The well-mixed room (WMR) model is a mathematical model that predicts the probability of airborne3

pathogen transmission within an enclosed space based on the time evolution of the airborne pathogen4

concentration. The WMR model computes the concentration of the airborne pathogen based on a simple5

mathematical model that relates the rate of change of the pathogen concentration to various parameters of6

the venue under consideration, such as the number of occupants, size of the room, shedding rate of virion7

particles from the infected host(s), rate of removal of pathogens from artificial/natural ventilation, rate of8

destabilization of the pathogen, etc.28. However, several assumptions are made in the WMR model, mak-9

ing it invalid under more complicated and real-life scenarios. Furthermore, the WMR model is incapable of10

computing the risk of pathogen transmission in the spatial domain.11

Hence, most computational-based transmission risk assessment models focus on predicting the transport12

of the pathogen-laden aerosols by a computed flow field governed by the Navier-Stokes equations. In par-13

ticular, most computational studies adopt the Eulerian-Lagrangian approach to compute the transport of14

respiratory droplet particles in air24,29–31. In this approach, the fluid phase (air) is solved as a continuous15

phase, while the motion of the discrete phase (respiratory droplets) is computed based on the flow charac-16

teristics of the fluid phase and the properties of the discrete phase. Since the size of a respiratory droplet17

affects its transport properties (such as its molecular diffusion coefficient and drag coefficient32) and vi-18

ral load33, information about the size distribution of the respiratory droplets is required for the Eulerian-19

Lagrangian approaches. However, such information varies vastly across the highly cited literature15,34–38.20

This difference can be attributed to the different (and possibly wrong) techniques and assumptions in-21

volved with the measurements of the respiratory droplets39. Using an unsuitable droplet size distribution22

in an Eulerian-Lagrangian approach would imply an error in the predicted transport path of respiratory23

droplets and, therefore, the assessment of the transmission risk. Furthermore, since approximately O(105)24

airborne particles may be released in a single cough40, it may be computationally expensive to use the25

Eulerian-Lagrangian approach to predict the particle transport, especially in a complex flow field.26

In the alternative Eulerian-Eulerian approach, the fluid phase and the airborne respiratory virion parti-27

cles are both treated as continuous phases in the solution of their respective governing equations. This28

approach has been used infrequently for the prediction of pathogen transmission for SARS-CoV-2 so far.29

The Eulerian-Eulerian approach provides users with a lowered computational cost, which is beneficial for30

parameter studies where multiple scenarios need to be simulated to analyze the effect of the various factors31

on the variable of interest.32

The discretization of the computational domain for most SARS-CoV-2 transmission simulations is per-33

formed with an unstructured tetrahedral body-fitted mesh. Ideally, structured or hexahedral body-fitted34

meshes would be desired for the solution of a discretized domain due to the generally lowered cell count,35

better convergence rate, and lowered computational cost compared to tetrahedral meshes41. However,36

the generation of structured or hexahedral meshes requires significantly more time and effort than that of37

unstructured mesh generation, especially for a computational domain with geometric complexities42. Fur-38

thermore, body-fitted meshes (both unstructured and hexahedral) require a certain degree of manual effort39

to design a discretized computational domain that conforms to the surface of the complicated geometries40

involved43. Hence, discretizing a computational domain with a body-fitted mesh can be computationally41

expensive and cumbersome, especially when multiple geometrically different computational domains have42

to be adopted for a parameter study.43

Tree-based adaptive mesh generation would be a suitable approach for the creation of the meshes in a pa-44

rameter study19,20. This mesh generation approach involves immersing the geometries into a background45

mesh before carving out the mesh that resides within the geometries. The carved-out space in the back-46

ground mesh represents the region occupied by the geometries, while the effect of the geometries’ surfaces47

is represented using the voxelized boundaries. In contrast to unstructured background meshes, the octree-48

based parallel adaptive mesh is capable of scalability at extreme scales. It also ensures the generation of a49

high-quality background mesh with a uniform aspect ratio. This method relaxes the requirements for the50

mesh quality along the boundaries of the immersed geometries. Also, it provides users with a swift method51
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Figure 6: Simulation workflow to compute the transmission risk.

of generating a discretized computational domain, which is essential for the generation of meshes for the1

multiple geometrically different computational domains required in a parameter study.2

In terms of quantifying transmission risk, we observed a generally similar assessment method across the3

literature. Some authors quantify the risk of transmission in terms of the amount of pathogen released by4

the carrier29,44. In contrast, others quantify the risk in terms of the number of virion particles being inhaled5

by susceptible persons7–9. The release of virion particles from a carrier does not necessarily result in a trans-6

mission unless others inhale the virion particles. However, the inhalation of virion particles does not equate7

to certainty in disease transmission due to the minimum infective dose (MID) required for susceptible indi-8

viduals to become infected. Based on a study of the virion exposures for multiple superspreading events, it9

has been hypothesized that the MID for SARS-CoV-2 infection in susceptible people is 50 quanta28. Hence,10

the inhalation of virion particles below the speculated MID into the respiratory system is unlikely to cause11

an infection.12

Since it has been postulated that duration of exposure to a pathogen (in addition to the physical distance13

from a disease carrier45) is another contributing factor to disease transmission8, the transmission risk as-14

sessment should also account for the exposure time. We can fulfill the consideration of exposure time in15

the transmission risk assessment by relating the risk of transmission to the cumulative sum of the viral16

load density at the respective position within the considered domain. This can indicate the total number17

of virion particles inhaled by an occupant at that position over the simulated duration. We can then com-18

pare the cumulative amount of virion particles inhaled at a location with the MID to gauge if a susceptible19

individual is prone to infection.20

4.2 Computational Model21

We adopt an Eulerian-Eulerian-based Finite Element Method (FEM) approach with linear basis functions22

and variational multiscale (VMS)21,46 framework to discretize and solve the governing equations for the23

flow and transport of the virion particles. The momentum and heat transfer equations are solved concur-24

rently with an in-house Navier-Stokes Heat Transfer (NS-HT) solver to compute the time evolution of the25

flow field within the classroom. A temporally averaged flow field in the classroom is then obtained across26

multiple time steps after the flow field reaches a statistically steady state. The time-averaged flow field27

is then used as an advection field to compute the transport of the virion-laden aerosols in the advection-28

diffusion (AD) solver. The simulation workflow is depicted in a schematic shown in Figure 6. Please refer29

to the Supplement for details on the Variational Multiscale (VMS) formulation for the flow physics.30

Information about the virion-laden aerosols (such as the initialization of their position due to a cough, viral31

load density, and diffusion coefficient) is also required as inputs to the AD solver. The virion-laden aerosols32

are modeled as a continuum and considered a passive scalar in the AD solver. The backward differentiation33

formula 2 (BDF2) is used as the time-stepping scheme in the solution of the governing equations.34

9



Figure 7: Various solid objects (mannequins, desks, tables, computers) are placed in the computational domain, and the background mesh is carved
out and successively refined. This produces an incomplete octree-based mesh of the computational domain (right).

Information about the viral load density of the air, obtained from the solution of the AD solver, is then1

post-processed to compute the number of virion particles that would be inhaled at every location within2

the classroom (N). The magnitude of N at every location within the classroom is compared with the MID3

for the transmission risk assessment.4

We use CAD models (STL files) of desks, chairs, and monitors to realistically represent various solid (and5

slender) objects that can impact the flow patterns. We utilize STL files of mannequins to represent human6

subjects. These STL files allow straightforward reconfiguration and exploration of various scenarios. We7

consider a fall semester operating condition and take into account the heat flux from both humans and8

electronic equipment.9

4.3 Octree-Based Adaptive Discretization10

Conventional body-fitted meshing is both case-specific and labor-intensive to generate. In this study, sev-11

eral geometrically different computational domains with different mesh requirements are required due to12

the presence of varying objects (such as additional computers or mannequins) placed within the computa-13

tional domain. Hence, we use an incomplete octree-based adaptive discretization approach for the mesh14

generation in the computational domains used in this study19.15

The generation of the incomplete octree-based mesh begins with creating a cuboid background mesh com-16

posed of cubic elements. Then, a water-tight manifold of the bodies in the computational domain (such as17

the mannequins, tables, and computers) is immersed in the background mesh. Since the elements of the18

background mesh in the interior of the manifold are not involved in the numerical solutions of the gov-19

erning equations, they are removed to reduce the memory footprint required, generating a “carved out”20

domain in the background mesh. Then, the respective strong boundary conditions for the various gov-21

erning equations are applied onto the surface of the carved-out region, as shown in Figure 7. This mesh22

generation process is fully automated, and no manual geometry or mesh cleanup is required.23

The degree of mesh density of the cubic elements within the octree-based grids is defined by level. Each24

cubic element has a length of max (domain)/2level , where max (domain) is the length of the longest edge of the25

computational domain. The degree of mesh density may be increased in specified regions and near the26

carved-out domains by subdividing the coarser elements in each axis.27

The octree-based adaptive discretization provides the simulations with cubic elements of good mesh qual-28

ity. It is also efficient in generating meshes for the geometrically different computational domains. This29

alleviates the time-consuming and laborious process of generating a mesh manually.30

4.4 Representation of the Region Occupied by Respiratory Aerosols31

A turbulent cloud of buoyant gas with suspended respiratory particles is exhaled from the mouth when32

an individual coughs. This cough cloud can be represented by a cone-shaped region diverging outward33

from the mouth of a cougher. The size, shape, and orientation of the cough cloud can be defined based on34

parameters such as the entrainment coefficient (α′), coughing angle (θ), and size of the mouth (see Figure S.135

in Supplement)10.36

For this computational study, we assume that the airborne virion aerosols released from a cough are ho-37

mogeneously distributed throughout the cough cloud before they are subjected to advective and diffusive38

transport in the AD solver. The region occupied by the cough cloud is defined with a nondimensional viral39

10



load density of C∗ = 1. In contrast, the reference concentration can be defined based on the known viral1

load density of the cough cloud.2

A single cough from an infected host may release as many as 1.23 × 105 copies of SARS-CoV-2 viruses3

that can remain airborne after 10 seconds47; 94% of these can be effectively blocked by a surgical face4

mask23. The flow resistance of face masks also impedes the spread of the cough cloud from the infected5

individual into the surroundings48. The cough cloud released by the infected individual can be defined6

using an entrainment coefficient of α
′ = 0.2116 radians, downward coughing angle of θ = 23.9◦, and a7

circular mouth area of 3.4 cm2 10, with an extent of 70 cm for an unmasked cougher and 35 cm for a masked8

cougher24.9

4.5 Metric for Risk Assessment10

The risk of infection in the classroom can be quantified by the amount of virion particles inhaled by suscep-11

tible individuals at various locations within the classroom relative to that of the SARS-CoV-2 carrier. The12

number of virion particles drawn into the body with one inhalation breath can be calculated based on the13

following:14

N = C(t)× Vb (1)

where C(t) is the concentration of virion particles in the air being inhaled and Vb is the volume of one15

inhalation. The magnitude of Vb can be defined as 500 ml based on tidal breathing49.16

The total amount of inhaled virus-laden particles that are cumulatively inhaled at a position over a duration17

T can be calculated based on18

N =
∫ T

0
C(t)V̇b dt (2)

where V̇b is the continuous inhalation rate for humans with an average rate of 1.33 × 10−4m3/s, based on19

12 to 16 breaths per minute50.20

The total number of inhaled particles is computed over a duration of 15 minutes, which is the duration for21

one complete air change within the classroom due to mixing ventilation based on 4 ACH. The total amount22

of virion particles inhaled by a susceptible person (Equation (2)) can be computed from a scaled value of23

the cumulative sum of the viral load concentration across the various continuous time steps given by24

N ≈ ∑[C(t)V̇b ∆t] = V̇b × ∆t × ∑[C∗(t)]. (3)

Although the MID of SARS-CoV-2 is currently unknown, it is hypothesized to be approximately 50 based25

on a well-mixed room modeling of 20 super spreading events28. Hence, regions with contours of inhaled26

virion particles with a count greater than 50 would imply that susceptible individuals risk infection if their27

breathing organs (mouth or nose) reside within these regions. A horizontal slice of the contour for the28

inhaled particle count is taken at the height of 1.25m to evaluate the transmission risk of the seated occu-29

pants. This height corresponds to the location of the breathing organs of the mannequins (see Figure S.230

in Supplement). Based on this risk assessment metric, we can identify the regions where occupants can be31

susceptible to SARS-CoV-2 viral infection.32
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