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ABSTRACT 
Since its introduction in December of 2019, SARS-CoV-2, the virus that causes COVID-19 disease, has rapidly spread 
across the world. Whilst vaccines are being rolled out, non-pharmaceutical interventions remain the most important 
tools for mitigating the spread of SARS-CoV-2. Quantifying the impact of these measures as well as determining what 
settings are prone to instigating (super)spreading events is important for informed and safe reopening of spaces and 
the targeting of interventions. Mathematical models can help decipher the complex interactions that underlie virus 
transmission. Currently, most mathematical models developed during the COVID-19 epidemic evaluate interventions 
at national or subnational levels. Smaller scales of transmission, such as at the level of indoor spaces, have received 
less attention, despite the central role they play in both transmission and control. Models that do act on this scale 
use simplified descriptions of human behavior, impeding a valid quantitative analysis of the impact of interventions 
on transmission in indoor spaces, particularly those that aim for physical distancing. To more accurately predict the 
transmission of SARS-CoV-2 through a pedestrian environment, we introduce a  model that links pedestrian 
movement and choice dynamics with SARS-CoV-2 spreading models.  

The objective of this paper is to investigate the spread of SARS-CoV-2 in indoor spaces as it arises from 
human interactions and assess the relative impact of non-pharmaceutical interventions thereon. We developed a 
world-wide unique combined Pedestrian Dynamics - Virus Spread model (PeDViS model), which combines insights 
from pedestrian modelling, epidemiology, and IT-design. In particular, an expert-driven activity assignment model is 
coupled with the microscopic simulation model (Nomad) and a virus spread model (QVEmod). 

We first describe the non-linear relationships between the risks of exposure to the virus and the duration,  
distance, and context of human interactions. We compared virus exposure relative to a benchmark contact 
(1.5meters for 15 minutes): a threshold often used by public health agencies to determine ‘at risk’ contacts. We 
discuss circumstances under which individuals that adhere to common distancing measures may nevertheless be at 
risk. Specifically, we illustrate the stark increase in exposure at shorter distances, as well as longer contact durations. 
These risks increase when the infected individual was present in the space before the interaction occurred, as a result 
of buildup of virus in the environment. The latter is particularly true in poorly ventilated spaces and highlights the 
importance of good ventilation to prevent potential virus exposure through indirect transmission routes. Combining 
intervention tools that target different routes of transmission can aid in accumulating impact. We use face masks as 
an example, which are particularly effective at reducing virus spread that is not affected by ventilation. We then 
demonstrate the use of PeDViS using a simple restaurant case study, focussing on transmission between guests. In 
this setting the exposure risk to individuals that are not seated at the same table is limited, but guests seated at 
nearby tables are estimated to experience exposure risks that surpass that of the benchmark contact. These risks are 
larger in low ventilation scenarios. Lastly, we illustrate that the impact of intervention measures on the number of 
new infections heavily depends on the relative efficiency of the direct and indirect transmission routes considered. 
This uncertainty should be considered when assessing the risks of transmission upon different types of human 
interactions in indoor spaces.  

The PeDViS case study shows the multi-dimensionality of SARS-CoV-2 that emerges from the interplay of 
human behaviour and the spread of respiratory viruses in indoor spaces. A modelling strategy that incorporates this 
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in risk assessments can be an important tool to inform policy makers and citizens. It can empower them to make 
better design and policy decisions pertaining to the most effective use of measures to limit the spread of SARS-CoV-
2 and safely open up indoor spaces. 

 
1. INTRODUCTION 
Since its introduction in December of 2019, SARS-CoV-2, the virus that causes COVID-19 disease, has rapidly spread 
across the world. With over 98,794,942 registered cases and 2,124,193 reported deaths worldwide as of 25th 
January  2021, the impact of this virus is unprecedented (WHO, 2021). In the absence of effective therapeutics and 
vaccines, control has largely relied on far reaching non-pharmaceutical interventions (NPI’s). Many of these 
restrictions aim to limit interactions in indoor spaces, where most infection events occur (CDC (2020), RIVM (2021), 
WHO (2021), Fouda et al., (2021)). Schools and higher educational facilities have been closed, restaurants and cafes 
shut down, and visits to previously busy public spaces (e.g. theaters and shopping malls) discouraged and/or 
restricted.  

NPIs are currently the most important tools for mitigating the spread of SARS-CoV-2. These include physical 
distancing (i.e., keeping 1-2 meters distance from individuals from another household or infected household 
contacts), the use of face masks in public spaces, cough-, hand- and environmental hygiene measures, and limiting 
crowding (CDC (2020), RIVM (2021), WHO (2021), Fouda et al., (2021)). While effective at reducing transmission in 
many settings (Flaxman et al. (2020), Delikhoon et al. (2021)), the contributions of each non-pharmaceutical measure 
vary as a result of i) contextual variables, such as poor ventilation, crowding, prolonged durations of stay (Tang et 
al., 2020), ii) environmental conditions (temperature, humidity), iii) individual variation in infection kinetics, and 
human behaviours, including singing, shouting, iv) and imperfect adherence to distancing measures and self-
isolation methods (Barreda et al., 2020). Understanding how these factors interact and affect the outcomes of 
NPI’s is important for informed and safe reopening of spaces and a more targeted implementation of 
interventions.  

Mathematical models can help decipher these complex interactions that underlie virus transmission. 
Currently, most mathematical models developed during the COVID-19 pandemic evaluate interventions at national 
or subnational levels (Giordano et al. (2020), Prem et al. (2020), Tuite et al. (2020)). Fewer efforts focus on smaller 
scale transmission (Evans et al., 2020). Indoor spaces have received little attention for this and other respiratory 
illnesses (Arav et al. (2020), Gao et al. (2016), Qian et al. (2009)), despite the central role they play in transmission 
and the fact that most control strategies are targeted at these settings. In addition, with 80% of new cases being 
caused by 10% of infected individuals, individual-level variation is an important driver of the transmission of SARS-
CoV-2 (Endo et al., 2020). This is likely to be driven by a combination of individual-level differences in the 
infectiousness of individuals, as well as the individual behaviours that affect the level and amount of close contacts 
they encounter. Lastly, the settings where these encounters take place can greatly affect transmission risks, which 
may be affected by temperature, humidity, ventilation, and airflows.  

Yet, despite the recognized importance of the duration and types of interactions that are made in indoor 
spaces, many models use simplified descriptions of human behaviour (Giordano et al. (2020), Zhang et al. (2020)), 
impeding quantitative analysis of the impact of changes in human behaviour and the impact of interventions on 
transmission in indoor spaces. Various simplified adapted pedestrian models have been used to identify the number 
of potential infections in certain spaces (Xiao et al. (2020), Xu & Chraibi (2020)), where all interactions at a distance 
of less than 1.5 meters (and longer than 10 minutes) are counted as newly infected or exposed individuals. Even 
though incorporating pedestrian dynamics make the movement dynamics more realistic, this oversimplified use of 
pedestrian simulation models potentially over or underestimates the number of potential infections within a certain 
time frame within a space. Consequently, to more accurately predict the transmission of SARS-CoV-2 in indoor 
spaces, a combined model is required that links pedestrian movement and choice dynamics and detailed SARS-CoV-
2 spreading models that incorporate both direct (large droplets) and indirect (small airborne droplets and 
contaminated surfaces) transmission routes. 
  The objective of this paper is to examine SARS-CoV-2 transmission risks in indoor environments and the 
relative impact of non-pharmaceutical interventions that are targeted at such settings. To do so we developed a 
world-wide unique combined Pedestrian Dynamics - Virus Spread model (PeDViS model). Recent insights from 
pedestrian modelling, virology, epidemiology, and IT-design are combined to develop an open-access software 
package to model the transmission of SARS-CoV-2 in indoor spaces. In particular, a data-driven activity assignment 
model is coupled with a force-base microscopic simulation model (Nomad) and a virus spread model (Model for 
Quantifying Viruses in Environments, QVEmod). 
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The following sections will elaborate on these endeavours. Section 2 discusses the state-of-the-art 
pertaining pedestrian choice & movement modelling, virus spread, and attempts to combine insights from both 
disciplines. Subsequently, section 3 details the PeDViS model, and introduces the three models that form its 
foundation. Section 4 briefly introduces the user-interface designed to allow facility managers and public health 
decision makers to use the PeDViS model. Afterwards, section 5 illustrates the usage of the PeDViS model by means 
of a case study in which the relative impact of several interventions on virus spread and transmission are compared. 
We investigate the relative contribution of different transmission routes and illustrate how uncertainty surrounding 
these estimates affects our ability to predict the relative impact of NPIs. This paper finishes with a brief recap of the 
most important findings and a discussion pertaining to the necessary future developments of the PeDViS model.  
 
2. BACKGROUND 
The objective mentioned in the previous section can be solved by combining three types of models, namely a model 
that determines the choices of individuals, a model that simulates the resulting movements of those individuals, and 
a model that quantifies the virus transmission risk as a result of individuals’ choices, movements, infection status, 
and environmental factors and fluid dynamics. The following section describes the existing work on these three types 
of models. The first section (2.1) discusses the state-of-the-art pertaining pedestrian strategic and tactical choice 
models for indoor environments. Section 2.2 continues with an elaboration on simulation models for operational 
movement behaviour. Section 2.3 reviews existing models that simulate the spread of respiratory viruses in indoor 
spaces. This section ends with an overview of the attempts to use pedestrian simulation models and virus spread 
models to determine SARS-CoV-2 transmission risks (section 2.4). 
 
2.1. Modelling pedestrian strategic and tactical choice behaviours 
The movements of individuals are governed by choices at three levels, namely strategic (activity, activity location, 
departure time choice), tactical (mode and route choice) and operational choices. In particular, this section will focus 
on the state-of-the-art of activity and route choice behaviour literature because these two choices are influential in 
the case of individuals movement behaviour in indoor spaces. More specifically, we will focus on models that 
determine the order of individuals’ activities and their routing.  
 
2.1.1. Activity scheduling and location choice modelling 
Most studies focussed on activity choice modelling feature the movements of pedestrians across city-scale networks. 
Borgers and Timmermans (2010) were one of the first to develop a set of three connected models that jointly identify 
pedestrian movements in shopping areas. Dijkstra and Jessurum (2016) simulate visitor’s activity scheduling in 
shopping areas. Clifton et al. (2016) and Oyama & Hato (2018) determine pedestrian destination choices in a city-
network. Vukadinovic et al. (2011) developed an activity simulation model for another leisure activity, namely theme 
parks. Danalet et al. (2014) and Danelet & Bierlaire (2014) adopted discrete choice models to identify the restaurant 
choices and activity patterns of students and staff of the university.  

More recently, several studies featured activity choice modelling inside buildings. Hoogendoorn & Bovy 
(2004), for instance, developed a continuous utility maximization framework that makes a trade-off between activity 
performance and the waiting and walking costs. This model is often applied in real-life cases, where the parameters 
of the activity utility were estimated using data of a benchmark situation. Ton et al. (2015) established a set of single- 
and multi-factor MNL models to identify the activity schedules of travellers inside train stations. Kalakou et al. (2014) 
applies the same approach to model activity schedules at airports. Liu et al. (2014) used a nested logit model to 
predict activity travel patterns for airport travellers. Shelat et al. (2020) developed a markov-chain model to simulate 
the activity scheduling of individuals working in an office building. The transition probabilities were derived from 
movement data inside the building. 

What all of these activity location & scheduling modelling approaches have in common is that they require 
large amounts of data to be correctly estimated and that they are often difficult to generalize. Yet, for indoor 
scenarios, and specifically restaurants, little data is available regarding individuals’ activity scheduling. Thus, the 
modelling approaches presented above are difficult to use. Yet, the literature also shows that if one can estimate 
the transition probabilities between activities, the resulting activity scheduling behaviour is relatively realistic. Thus, 
in this first, pragmatic attempt to model activity choices in restaurants, an expert-driven approach is adopted. For 
more information, see section 3.2. 

 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted April 19, 2021. ; https://doi.org/10.1101/2021.04.12.21255349doi: medRxiv preprint 

https://doi.org/10.1101/2021.04.12.21255349
http://creativecommons.org/licenses/by-nc/4.0/


 
The multi-dimensional challenges of controlling SARS-CoV-2 transmission in indoor spaces 

 
 

4 

2.1.2 Route choice modelling   
Early works on pedestrian route choice modelling, such as Hill (1984), indicate that route choice selection strategies 
are largely subconscious, but that directness is the most commonly identified reason for choosing a particular route. 
Various studies have afterwards identified the impact of the built environment on pedestrian route choices in city-
scale networks (e.g. Borgers & Timmermans (2005), Guo et al. (2013), Lue & Miller (2019), Shatu et al. (2019)). Often 
discrete choice models, such as the path size logic model and the multinomial probit models, are estimated.  Some, 
more data-driven approaches directly infer the likelihood of a given path based on a large set of realized traces and 
their characteristics, such as speed distribution and nearby WiFi spots (e.g. Chen & Bierlaire (2015).   

Yet, with respect to indoor route choice behaviour, most works empirically studied indoor navigation, see 
Kalakou & Moura (2014) for an overview. Additionally, some utility-based route choice models have been developed 
for specific contexts (e.g. Cheung & Lam (1998), Hughes (2000), Hoogendoorn & Bovy (2005) and Daamen et al. 
(2005). Yet, given that the models are difficult to generalize and/or estimate due to their high data requirement. 
Consequently, the shortest route towards one's destination is frequently adopted in simulation approaches. Often 
local biases or forces are introduced to account for crowding at the scene (e.g., Campanella et al. (2009), Usher et 
al. (2010)). The adoption of the shortest-distance path can, however, lead to unrealistic ‘suboptimal’ pedestrian 
choice behaviour. Asano et al. (2010), Kretz et al. (2011) and Stubenschrott et al. (2014) developed more 
sophisticated route choice models that determine the shortest path dynamically, thus improving local route choice. 

Even though dynamic route choice models are most sophisticated, their computational effort is relatively 
high. Moreover, in case of low demand locations (due to physical distancing restrictions), we expect the adverse 
effects of suboptimal routing to be limited. Thus, because we favour fast computation times and expect limited 
routing issues, this study will apply the utility-based routing approach presented by Hoogendoorn & Bovy (2004), 
also coined Nomad, to globally route pedestrians between activity locations.  
 
2.2. Modelling individuals’ operational movement dynamics 
Over the years various pedestrian movement models have been presented. The level of details pertaining to the 
spatial representation of the environment, agents’ choice behaviour and agents’ movement behaviour differs 
greatly. Six distinctive types of models can be identified, namely i) Graph-based models, ii) Continuous models, iii) 
Cellular Automata models, iv) Force-base models, v) Velocity-based models and vi) discrete choice models. All model 
types are discussed below, for a more in-depth discussion of the (dis)advantages of all model types the reader is 
referred to Duives et al. (2013). 

The first two types both make use of a macroscopic representation of pedestrian flows, using the 
fundamental relation between density and walking speed (P-FD) to determine the flow of pedestrians across 
boundaries. Graph-based models simulate the movements of pedestrians along a simplified graph (e.g. Chalmet et 
al. (1982), Hanseler et al. (2017)) consisting of vertices and nodes. Continuous pedestrian simulation models 
discretize pedestrian spaces in cells along 2 dimensions, but still make use of a continuous representation of 
pedestrian flows (Hughes (2000; 2002), Treuille et al. (2006)). Few macroscopic models can cope with heterogeneous 
crowds and multi-directional traffic, amongst which Hoogendoorn et al. (2014), Tordeux et al. (2018)).Continuous 
macroscopic models are best used for scenarios where large crowds move through relatively confined simply-shaped 
spaces.  

Besides that, four major streams of microscopic pedestrian simulation models have been developed in the 
last four decades. These models all simulate the movements of discrete pedestrians. Cellular automata models were 
first developed by Blue & Adler (1998), and have been further specialized ever since (e.g. Song et al. (2005), 
Schadschneider (2002), Sarmady (2010), Bandini et al (2011)). The environment is often spatially discretized in a 
regular grid, which can limit CA’s validity in high-density situations and small or oddly shaped spaces. Force-based 
models have been on the rise since the seminal paper of Helbing et al. (1995). This second model type determines 
the next position of a pedestrian as the result of its current movement direction and force-based interactions with 
other agents, its destination and its surrounding. This popular model type has seen many extensions, amongst which 
other force-interpretations (e.g. Hoogendoorn & Bovy (2004)), interaction biases (e.g. Parisi et al. (2009), Chen et al. 
(2020)), stairway behaviour (e.g. Qu et al. (2014)), corner rounding behaviour (e.g. Chen et al. (2020), Dias et al. 
(2019)), travel time (Kretz et al., 2011). Velocity-based models determine the next speed of an agent as the result of 
the agent’s destination, kinetic energy dispensal, and collision-risk (Karamouzas & Overmars (2010), Mousssaid et 
al. (2011), Paris et al. (2007)). Interactions directly influence the velocity of agent’s, which tends to make agents’ 
movements fairly unstable. The last type of microscopic model, i.e. discrete choice models, simulate pedestrians’ 
operational movements as an optimization of its choice utility (e.g. Antonini et al. (2004), Robin et al. (2009)), which 
are the weighted sum of various elements of the potential next positions. This model type is not often applied, as it 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted April 19, 2021. ; https://doi.org/10.1101/2021.04.12.21255349doi: medRxiv preprint 

https://doi.org/10.1101/2021.04.12.21255349
http://creativecommons.org/licenses/by-nc/4.0/


 
The multi-dimensional challenges of controlling SARS-CoV-2 transmission in indoor spaces 

 
 

5 

is very difficult to create a flexible ‘simple’ movement model that can cope with the general interaction complexity 
of public spaces.  

For the modelling of virus transmission, a detailed description of pedestrians’ movements is essential. Thus, 
a microscopic model is better suited to simulate the necessary movements. Additionally, most SARS-CoV-2 
transmissions occur in indoor spaces, where a multitude of complex interaction behaviours occur. This vouches for 
a microscopic model for which many specialist behaviours have already been implemented (e.g. force-base or 
velocity-based). At the same time, the current physical distancing rules require the model to correctly simulate 
complex social interactions at a distance (no physical forces). A force-based model is better equipped to handle 
social interactions at a distance due to its setup. Thus, a generalization of a force-base model will be used to simulate 
the pedestrian choice and movement dynamics in indoor spaces, in particular Nomad (Hoogendoorn & Bovy (2004)) 
in the implementation of Campanella et al. (2014)) 
 
2.3. Modelling indoor transmission of respiratory viruses  
Indoor transmission models have been developed to better understand transmission of respiratory viruses and 
assess the effectiveness of non-pharmaceutical interventions (NPIs) (Kriegel et al. (2020), Gao et al. (2020)). Models 
differ in the types and extent of heterogeneity that is taken into account. In general, three main aspects are 
considered, namely i) the virus distribution in the environment, which can be assumed well-mixed or distributed in 
space according to underlying biophysical mechanisms, individual homogeneity or heterogeneity in terms of ii) 
infectiousness and/or susceptibility, and iii) in terms of human movement. What model is best suited, depends on 
objectives of the research. In this section, we discuss the pros and cons of each model type.   

In the most simple family of airborne transmission models, the Well-Riley models, one assumes that 
infectious particles are well mixed and the quantities are in steady-state. It uses an analytical expression, known as 
the Well-Riley equation, to relate the number of infected and susceptible individuals in an indoor space, the 
ventilation rate and the amount of infectious particles in the air to the predicted number of new cases over a certain 
time period. Wells (1955) used a hypothetical infectious dose unit “quantum of infection” to describe how much 
infectious particles an infected individual emits. A quantum unit is defined as the number of infectious particles 
required to cause 63% of people getting infected, and is usually back- calculated using data on numbers of individuals 
infected in well-defined indoor outbreaks. The Well-Riley model has been extensively used for predicting the number 
of infections expected to arise at large gatherings and assessing the effect of interventions such as capping the 
maximum of occupancy and reducing the total event duration (Bazant & Bush (2020), Kriegel et al. (2020)). It is often 
used for quick risk assessments of large events. However, since every individual has the same risk of infection, the 
Well-Riley models do not allow for assessing the role of individual behaviours on transmission risks.  

Aerosol infectious dose-response models allow individual heterogeneity in infectiousness and respiratory 
activities. These models model the risk of getting infected from being exposed to different amounts of a specific 
airborne  pathogen. This exposure dose, the amount of pathogen that reaches the susceptible individuals, depends 
on the infectious people’s emission rates, the room volume, the recipients’ pulmonary ventilation rate (i.e. the 
amount of air inhaled per unit time), and the exposure duration. Like the Well-Riley model, these models assume 
infectious particles to be distributed homogeneously with the virions concentration equal to the ratio between the 
emitted infectious particles and the room volume. The probability of infection occurring given exposure to a certain 
dose can be modelled by mathematical functions, such as exponential dose-response relationship (Sze To & Chao, 
2010). This approach is more flexible than Well-Riley models since it allows individual-level heterogeneity in terms 
of infectiousness, respiratory activities, and exposure time, and can be used to calculate individuals’ infection risk 
(Lelieveld et al., 2020). This approach can be used to compare the relative exposure risk of common indoors such as 
classroom and office (Jones et al., 2021). However, the assumed homogeneous spatial distribution of infectious 
particles has the consequence that the distance between susceptible and infectious individuals does not affect 
exposure to the virus. Therefore, just as with the Well-Riley models,  the impact of physical distancing cannot be 
evaluated with this family of models.  

Recently, more detailed infectious dose models have been developed that allow for spatial variation of the 
pathogen’s distribution in the environment as well as multiple transmission routes (Gao et al., (2020)). In addition 
to airborne transmission, which was implicitly assumed in models mentioned above, these models consider 
transmission via droplets (i.e., larger respiratory particles that do not remain airborne) and fomites (i.e. 
contaminated objects). The inclusion of different transmission routes allows for increased granularity of the spatial 
and temporal dynamics of respiratory disease pathogens in their environments. In an early example of this model 
family, Nicas and Sun model virus-laden aerosols to be evenly distributed in a room, while viruses in droplets only 
distribute near the infectious individual in their respiratory cone puff (Mark Nicas & Sun, 2006). The distribution of 
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virus on fomites in turn depends on the deposition of these viral-laden droplets and may accumulate in time 
depending on the duration of stay of the infectious individual. This framework is formulated by discrete events and 
can be expanded on the details of the various processes involved, such as pathogens emission, pathogens survival 
in the environment, recipients’ uptake and causation of infection (i.e. Atkinson & Wein (2008), Li et al. (2009), and 
Spicknall et al. (2010)). Several event-based multiple routes infectious dose models have been built for COVID-19 
(Arav et al. (2020), Gao et al. (2020)), which shed lights on how dominant routes depend on the duration and distance 
of infectious contacts. However, transmission is modelled as a static event between infected and susceptible 
individuals and ignores the dynamic nature of human interactions and its impact on exposure. Combining detailed 
pedestrian models with viral transmission models could counter this issue.  
 
2.4. Simultaneous modelling of individuals movement behaviour and SARS-CoV-2 transmission  
Pedestrian movement models have been integrated with viral transmission models before. Sallah et al. (2017) built 
a mathematical model that combines a graphic based mobility model and a SIR model to predict the spread of 
cholera in Haiti. While this model simulated the spread on (sub)national levels, other models are focussed on small-
scale transmission, such as in indoor spaces. Harweg et al. (2020), Xiao et al. (2020), Fang et al. (2020), Romero et 
al. (2020), Ronchi et al. (2020) and Xu & Chraibi (2020) developed hybrid models that combine microscopic force-
based models for simulating pedestrian dynamics with viral transmission models. Most often, the distance and 
duration of, what is considered an infectious contact,  is predefined.  The first group of hybrid models estimate the 
exposure time, as it relates to different definitions of ‘risky contacts’. In the case of Xiao et al. (2020) a force based 
model was built to model pedestrian movement and the total duration of risky contacts was calculated to assess the 
impact of interventions such as shortening opening hours. Similarly to Fang et al. (2020), the duration of risky 
contacts is calculated based on cut-off distance, although different cut-off distances were assumed for breathing 
and coughing (one meter and two and a half meters respectively). Ronchi et al. (2020) classified exposure into five 
types with different distances which reflect different transmission mechanisms. The exposure time for each type of 
exposure was calculated to show the general exposure risk in the same indoor space. 
The second group of hybrid models estimates infection probabilities, either by defining a probability per risky contact 
or assuming infection probabilities to be linearly related to exposure time. Fang et al. (2020) applied an infection 
probability curve that increases with the duration of the contact and assumed that people can get infected only 
when they have close contact with infectious individuals (less than one meter), while Bouchnita & Jebrane (2020) 
assumed a cut-off distance of two meters. The total exposure time is calculated based on cut-off distance and 
compared to a confirmed duration within which close contact will definitely cause infection. The relation between 
exposure and infection is however hard to calibrate against epidemiological data and often not done explicitly.  

Most hybrid models presented above predominantly assume contact transmission and ignore indirect 
transmission routes such as via aerosols and fomites. We will add to the state-of-the-art by developing an individual 
based model that combines a pedestrian movement model and a multi-route transmission model. By allowing for 
spatial and temporal heterogeneity in both human behaviour and viral spread, we aim to better understand the 
impact of human behaviours on transmission risks. 
 
3. Modelling methodology 
This section presents the modelling methodology. First, the overall modelling philosophy is elaborated upon in 
section 3.1. Accordingly, section 3.2 details the high-level pedestrian activity choice behaviour models, which 
comprise of an activity, destination, and departure choice assignment models. Section 3.3 continues with a 
description of the operational movement model, in particular Nomad. The last section (3.4) provides an overview of 
the epidemiological model that forms the last part of the modelling chain. 
  
3.1. Combining choice behaviour, movement dynamics and virus spread 
Section 2 indicates that a combined pedestrian movement dynamics - epidemiological model is required to model 
the transmission of SARS-CoV-2 in more detail. This research has designed and implemented a combined model 
coined PeDViS. This model chains an expert-driven strategic choice model with an existing microscopic pedestrian 
simulation model (i.e. Nomad) and an epidemiological model for Quantifying Viruses in Environments (i.e.,  
QVEmod), see figure 1.  
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Figure 1. Model chain to simulate SARS-CoV-2 transmission in indoor spaces 

 
The first model in the modelling chain transforms user input regarding the context, spatial layout, population, and 
demand into a set of personalized activity schedules. The strategic choice model consists of multiple sub-models, 
which jointly determine the activity choices, destination choices, and departure time choices of each pedestrian in 
the simulation model. In order to derive the personal schedules, the strategic choice model also assigns personal 
characteristics to each agent. Here, user-specified measures to limit SARS-CoV-2 transmission that impact activity 
choices are taken into account, for example the availability of toilets and paying at the table. 

The second model uses the set of activity schedules and the list of personalized characteristics to determine 
the operational movement behaviour of each individual. The operational movement behaviour features two sub-
models, which for each activity in a pedestrian’s activity schedule determine the (best) route towards each 
destination and their walking dynamics (i.e. walking velocity and acceleration) along the route. Both route and 
operational walking dynamics models take user-specified measures to limit SARS-CoV-2 transmission in their indoor 
spaces into account which impact the operational walking dynamics, for example the impact of physical distancing 
on collision avoidance behaviour and larger distances between queuing pedestrians. The result of the second model 
is a set of fully detailed trajectory for each of the individuals within the space. 

The third model (i.e., QVEmodl) uses these trajectories, combined with epidemiological attributes of the 
individuals (most notably the infectious status of individuals), to simulate the spread of the virus in the environment 
and the extent to which susceptible individuals in the same space get exposed to it. How SARS-CoV-2 is distributed 
over time and in space is modelled as the accumulation of the virus in the environment, both in the air and on 
surfaces. This is informed by empirical data on the stability of both the virus and the airborne particles (i.e., droplets 
or aerosols) that carry it. Susceptible individuals may get exposed to the virus by inhaling or touching contaminated 
surfaces (see section 3.4). The result of this last modelling step is the virus load at any location in the indoor space 
at each moment in time and every individual‘s exposure to the virus via three transmission routes.  

This spatial and temporal distribution of SARS-CoV-2 is accordingly used by the risk assessment model. This 
model identifies the risk of becoming infected with SARS-CoV-2 for each individual based on the total amount of 
SARS-CoV-2 they came into contact with during their stay in the space. This module further determines various other 
indicators that are helpful to space managers to identify the overall potential for SARS-CoV-2 transmission in their 
spaces. Two examples thereof are the number and location of interactions that are associated with relatively high 
virus exposure. The latter depends on both the duration and the proximity of a contact, as well as the time an 
infectious person has been present in the space before the contact took place. How these three determinants of 
infection risk relate to each other is described in the results section.     
 
3.2 Description activity scheduler 
The background section identified that there is limited work featuring the generic modelling of activity choice 
behaviour in buildings. Most activity assignment models are very specialized for certain types of buildings, 
predominantly offices. Thus, the authors have decided to develop a new pragmatic data-driven activity assignment 
model. Here, data-driven refers to the fact that the user has to enter the details of their specific scenario in order to 
start the assignment model. This data-driven route has been adopted in order to allow model users as much 
flexibility as possible regarding the specification of the dynamics that take place in their particular indoor space. 

Figure 2 displays the functioning of the generic activity assignment model. This model comprises four parts, 
namely the generation of the groups, the visit characteristics, the person characteristics and the activity schedule. 
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Each consecutive step further specifies the behaviour of the agents. Below these four elements of the activity 
scheduler have been further detailed. 

 

 
Figure 2. Illustration of the activity generation module  

 
3.2.1. Visit characteristics  
The activity duration and start time are dependent on the context. Under physical distancing restrictions, many 
venues control the number of individuals in the venue by means of reservations. As a result, the venue owners have 
detailed information on which (groups of) individuals will be present in the venue at what moment in time. In order 
to correctly model the overall demand, the user is requested his knowledge regarding the demand and average visit 
characteristics. In particular, they identify the opening times of the venue, the average duration of all visits, and the 
estimated demand per hour in which the restaurant is open. Accordingly, the demand generator determines at each 
time step whether new individuals need to be created. Here, new individuals are generated if P(draw) < timestep 
simulation / time period demand * demand per hour. Consequently, the entrance demand is equally spread across 
each of the time periods for which the demand has been specified. Afterwards, each individual is assigned a similar 
visit duration. More sophistication is possible, by also drawing the visit duration from a probability distribution. 
 
3.2.2. Person characteristics 
Nomad is a microscopic simulation model that allows for the modelling of heterogeneous crowds. Often distributions 
of the most essential movement characteristics are assumed to model heterogeneous crowds. At entrance of the 
simulation, the characteristics of each individual are drawn from a gaussian distribution per characteristic. Here, no 
correlation between personal characteristics is accounted for. One can for instance vary walking speed, the size of 
individuals, reaction time and compliance to regulation. In this paper, we are only varying the walking speed slightly. 
The other characteristics are all statically assigned (compliance = 1, size = 0.4 m, reaction time = 0.4 seconds). Also 
here, more sophistication is possible, by also drawing the other characteristics from a distribution. 
 
3.2.3. Activity scheduler 
The exact main activity of individuals is very dependent on the context. Yet, in many contexts, a pedestrian will have 
one location at which the pedestrian is located for an elongated period of time (e.g. office, restaurant table, theater 
seat). Because of the long duration of a pedestrian’s stay at this location, this location is often person specific for a 
certain period of time. Other individuals  will not sit at this location while the individual of focus is in the building. 
For simplicity, we do not (yet) assume that individuals at the main activity location occupy their seats at 
approximately the same moment in time. The activity location is randomly drawn from the set of available seats at 
the moment in time that an individual is created at one of the entrances of the simulation. 

In many contexts, pedestrians visit various functional spaces whilst they are moving towards their main 
activity, stay at their main activity and are moving towards the exit. In restaurants, individuals put their coat on the 
coat rack, visit the toilet, and pay at the register. These intermediate activities are typically less important and are 
partly governed by the main activity location and visit characteristics. The user provides information regarding the 
available intermediate destinations and also identifies how often these are frequented during the visit.  

For now, no limitations have been implemented in the assignment of main and intermediate destinations. 
Future research will further implement dependencies in the selection and ordering of activities. 
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3.3. Description routing and movement dynamics model - Nomad 
Nomad is a microscopic simulation model that simulates the operational movement dynamics of individuals. In 
particular, the walker model is implemented in PeDViS (see equations 1 - 6). The result of Nomad is a set of 
trajectories pertaining the coordinates and velocity of each individual in the simulation at each timestep of the 
simulation.  
 
3.3.1 Routing model - Nomad 
The routing model of Nomad is utility-based and developed by Hoogendoorn and Bovy (2004) and makes use of the 
minimum walking cost principle. In essence, individuals balance their desire to move towards their destination with 
other needs, for instance travel time, physical effort, closeness to attractive sights. In this implementation of Nomad, 
only the need to avoid static obstacles in their surroundings is accounted for. Using a floor field approach, the walking 
costs are computed for the complete walkable area of the pedestrian infrastructure. In particular, a grid of 
rectangular cells (0.1x0.1m) is adopted, each of which contains a cost value. Based on the static cost map, the desired 
direction of an individual in the centre point of each cell can be determined using the steepest descent method. 
Here, individuals are walking orthogonal to the equi-cost lines. A continuous representation of the desired direction 
can accordingly be calculated on the fly by means of linear interpolation between the actual location of an individual 
and the four nearest locations for which the desired direction was already computed. See Figure 3 for an illustration 
of three trajectories that could be the result of this routing model.  

 
Figure 3. Floorfield Nomad with three resulting trajectories (Floorfield image from Campanella et al. (2009)) 

 
3.3.1. Operational dynamics Nomad 
Underneath, the main elements of this model are briefly introduced. For an in-depth discussion of the walker model 
and its calibration one is referred to Campanella (2016). 
  

           (1) 

           (2) 
        (3) 

        (4) 
 

        (5) 
 

        (6) 

     (7) 
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Within Nomad, the movement of pedestrians is assumed to be due accelerations that are caused by signals and 
forces that pedestrians are subjected to. These accelerations are partly controlled  and partly uncontrolled 

. A noise term  comprises the last part of the accelerations, which simulates the natural fluctuations of 
pedestrian movements. Together these three acceleration  reactions shape the acceleration of an individual.   

The controlled reaction   is the result of the individual's desire for a certain velocity  (i.e. speed and 
direction), the physical interaction with other pedestrians, and surrounding objects. Here,  represents the path 
straying component,   the pedestrian interaction component and  represents the obstacle interaction 
component (see eq. 4-7). , , , and  represent parameters that respectively determine the strength of the 
pedestrian interaction and obstacle interaction forces. Please note, the parameters of Nomad do not influence the 
movement dynamics of the simulated crowd to a similar extent, since not all forces are always present. Forces with 
respect to obstacles and pedestrians are only significant if the pedestrian resides within range of obstacles or 
pedestrians.   

 
Path straying 
When walking, individuals have a desired velocity (combination of speed and direction) that is aligned along the 
optimal route and speed towards the destination of the pedestrian. Nomad assumes that deviations from the 
optimal speed and/or direction incur increasing costs. Therefore, pedestrians always attempt to return to their 
optimal velocity . Tau represents the relaxation term, which identifies the desire of pedestrians to keep moving  
towards their goal along their intended global path. The smaller , the longer the time that individuals require to 
alter their speed and direction.  
 
Interaction with other pedestrians 
Nomad models the collision avoidance behaviour by means of a non-cooperative game theory strategy 
(Hoogendoorn & Bovy, 2002). Pedestrians minimize walking costs by anticipating the movement of others and 
themselves. Besides that, Nomad’s reaction to other pedestrians is anisotropic. That is, pedestrians have a limited 
ellipse area in which they interact with other pedestrians and obstacles. The interaction costs of an interaction 
between two individuals is the inverse of their heart-to-heart distance. Thus,  the closer individuals are, the larger 
the collision avoidance forces, which are pointing in the direction opposite of the interaction. Here,  identifies the 
interaction strength,  interaction distance,  the anticipated distance and  the unit vector pointing in the 
direction of the other pedestrian.  
 
Interactions with obstacles 
The strength of the interaction with obstacles is dependent on the distance to the obstacle , the interaction 
strength of objects in general  and the direction of the nearest obstacle . Here, a step-based approach is used, 
where obstacles nearby have a very large influence and obstacles outside a range of influence  not influence 
individuals’ movement dynamics at all. Two distance thresholds (  and ) are used to govern the gradual linear 
decline of the obstacle avoidance force. As a result of the formulation, agents within Nomad only react to obstacles 
when they are really close to the obstacle. This is an advantage in case of the modelling of indoor spaces, where lots 
of obstacles are present. 
 
3.4. Description virus spread model (QVEmod) 
A spatially explicit agent based model was developed that simulates the emission of viruses by infectious individuals, 
how these subsequently spread in space and time through the environment, and eventually may get taken up by 
susceptible individuals. The model consists of seven steps (Figure 4):  
 

i. The infectious individual emits virus into the air through virus-laden aerosols and virus-laden droplets 
(further referred to as aerosols and droplets, depending on their size)  

ii. Droplets deposit onto surfaces.  
iii. Viruses lose infectivity at a rate that depends on its state in the environment (airborne or on surfaces). 
iv. Viruses in the droplets and aerosols travel and diffuse.  
v. Susceptible individuals can get exposed to viruses through inhaling air with viral-laden droplets and aerosols.  

vi. The infectious individual contaminates surfaces by touching objects in the space (e.g., tables, chairs, and 
menus). 
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vii. Susceptible individuals can be exposed by touching contaminated surfaces (fomites).  
 
A description of the state variables and initialization processes is provided in sections 3.4.1-3.4.2. Subsequently, the 
submodels associated with the seven core steps are described in detail below in sections 3.4.3.1-3.4.3.7. The 
parameterisation of the model is described in 3.4.4.  
 

 
 

Figure 4. Schematic of sub-models of epidemiological model  
 

3.4.1 State variables and scales 
QVEmod has two classes, the agents (individuals) and the environment. Both classes acquire virus over the course 
of a simulation. Individuals have 4 variables:  virus contamination on hands ( ), and exposure to aerosols, 
droplets, and fomites ( , , ).The environment is composed of two air layers and one surface 
layer, all of which are two dimensional grids. Each layer has a coordinate variable and a variable to record the virus 
contamination in space ( , , ), in which  may relate to high-touch surfaces  

 and low-touch surfaces  .The seven model steps are evaluated each time step, which is 
defaulted at one minute (configurable). One-minute time steps provide enough accrued time for virus spread and 
other modeled behaviours to occur without reaching computational limitations. The environment is divided into 
equally sized grid cells, the size of which is set to 0.25 m2: a proximate of the space occupied by a single person. This 
too can be altered to meet the needs of the user.   
 
3.4.2 Input and initialization 
QVEmod needs input for  individuals’ identifiers, and movement scripts, both of which are generated by the activity 
scheduler and Nomad model. The latter contain the whereabouts and actions of each individual at each simulated 
time step, hence containing the duration of stay for each individual. In addition, the individuals’ infectiousness scaler 
is generated randomly. Under the default setting only one infected individual enters in a simulation with an 
infectiousness scaler set to unity. Super shedders can be included as well, through the generation of a higher 
infectiousness scaler. In the default, an individual’s emission rate is based on breathing induced emission rates. Other 
respiratory activities can be incorporated through the activity infectiousness scaler (Table 1). For environments, the 
size of the indoor space (width and length), the location, size, and material of objects in the environment, and for 
each surface whether it is high-touch or low-touch. In addition, interventions such as wearing masks, cleaning 
surfaces, and 1.5 meter physical distancing can be included as input to the model, which incurs changes in the activity 
scheduler, environment variables or NOMAD model parameters respectively.  (See more details in 4.2).  
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 All state variables are initialized at zero, both for the environment ( ) and for 
individuals’ exposure to the virus through either of the three transmission routes ( ). 
Susceptible individuals are initialized with a virus contamination of zero on their hands ( ), whereas this 
parameter is set to one for infectious individuals.  
 
3.4.3. Submodels  
Here, we describe the details of each of the seven sub-models (Figure 4). All seven events in Figure 4 are continuous 
processes and modelled in small time step simulation. Hence the equations below require time steps of simulation 
( ) to be small (1 minute as the default compared to per hour as the units of parameters). 
 
1. Infectious individuals emit virus into the air 
Infectious individuals emit viral-laden particles by speaking, coughing, or sneezing. The total amount of virus emitted 
and the partition of aerosols and droplets varies by respiratory activity. Infectious individuals are initially assumed 
to emit virus at a constant rate. The activity scaler scales the emission rate relative to the emission rate under 
breathing condition. In addition, the infectiousness scaler scales different infectiousness of individuals relative to a 
typical emitter. The unit of viral quantities used in this model therefore follows from the typical emission of one 
typical infectious individual per time unit (default: hour). The total viruses that infectious individuals shed into the 
air are distributed over aerosols and droplets (eq. 8):  
                       

,                          (8) 
 

where  denotes the transmission route aerosols or droplets and  represent viruses in the aerosols and droplets 
at time .  represents the rate at which a typical infectious individual emits virus, and is scaled to 1 per hour.  
represents the activity infectiousness scaler for scaling the heterogeneity in emission rates during different 
respiratory activities, which may be weighted based on the proportion of time an individual engages in a specific 
behavior.  represents the individual infectiousness scaler for scaling the individual heterogeneity in emission rates. 

 represent the proportion of viruses emitted in the form of aerosols and droplets. The two proportions ( 
) add up to 1.  represent the filter efficiency of face masks against droplets or aerosols.  

 
2. Viral-laden droplets fall onto surfaces  
Viral-laden droplets can fall onto surfaces through sedimentation. The resulting contaminated surfaces are called 
fomites. We assume only high-touch surfaces acquire viruses from droplets, while low-touch surfaces only act as 
vectors and acquire viruses only when being touched by contaminated hands. Viruses are assumed stationary and 
evenly distributed within the grid cells. The process of viruses transfer from droplets onto fomites is modelled as in 
eq. 9, where  represents the deposition rate of viral-laden droplets:  

 
.     (9) 

 
3. Virus decay in the air and on surfaces  
Decay rates of SARS-CoV-2 vary in aerosols and on different surface materials. Viruses undergo an exponential decay 
in the environment. Viruses-laden aerosols lose infectivity with a constant rate while floating in the air. In addition, 
higher air change rate (ACH) indoors can increase the reduction of the virus in the aerosol. Conversely, viruses-laden 
droplets deposit rapidly, which justifies the inactivation of viruses while airborne in droplets to be neglected. Decay 
in the droplet layer is therefore driven by the deposition rates. On the fomites, viruses decay with a constant rate 
which depends on the fomite's material. The aerosols, droplets, and fomites decay equations are identified by eq. 
10-12, where , ,  represent decay rate of viruses in aerosols, the deposition rate of viral-
laden droplets, and decay rate of virus on fomites respectively:  
 

,             (10) 
   ,            (11) 
   .           (12) 
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4. Diffusion  
We solve a diffusion equation for the number of virions . To do so, we assume that all particles are well mixed 
in the volume of the grid cell, after which the aerosols start to diffuse in  directions (see eq. 13).  and  
represent the length unit of the cell (both 0.5m in the default). Here,  is the diffusion coefficient per cell size 
(0.25m2) per time step:  
 

 (13) 
 
5. Susceptible individuals inhale air with viral-laden droplets and aerosols  
Human exposure to the virus from aerosols and droplets at each time step is represented by people inhaling a 
portion of airborne viruses from the cell where they are. We calculated the inhaled viruses per time step and 
deducted the inhaled viruses from the environment. The inhalation of virus in the forms of aerosols and droplets is 
the ratio of human tidal volume per time step over the cell volume (L). In this process, exposures to viruses from 
aerosols and droplets are calculated by eq. 14, where  represent recipients’ exposure to the virus from route  
during  timestep.  denotes the transmission routes via aerosols or droplets.  represents the inhalation 
rate.  represents the filter efficiency of face masks against aerosols or droplets.  
 

 .        (14) 
 
6. Infectious individuals contaminate surfaces 
Infectious persons can contaminate surfaces by interacting with them. Virus on people’s hands can be transferred 
to surfaces (Winther et al., 2007). High-touch surfaces, such as tables, countertops, are initially assumed to be 
touched by proximate individuals at a constant rate, while low-touch surfaces, such as menus, ketchup are modelled 
as being touched specifically when needed (see the list of high touch surfaces in (CDC, 2021)). For high touch 
surfaces, the frequency of touching surfaces , transfer efficiency , and the ratio of finger pads surface relative to 
the contaminated area  determines the transfer load in a time step (eq. 15). 
 

   (15) 
 

However, for low-touch surfaces such as menu, cutleries, the touching behaviour is modelled specifically in the 
NOMAD model, hence the touching frequency is not needed in eq. 16.  
 

      (16) 
 
where ,  represent the virus on high-touch surfaces and low-touch surfaces, and   
represents the virus on hands at time .  
 
7.  Susceptible individuals touch virus on the surfaces      
Human exposure to the virus from fomites is the amount of virus on fomites being picked up. The virus transfer from 
surfaces to hands occurs when people touch surfaces. Similarly, to hands contaminating surfaces, the virus transfer 
from surfaces to hands also varies over two types of surfaces (i.e.high-touch: eq. 17 and low-touch: eq. 18). 
  

          (17) 
            (18) 

 
where   represents susceptible individuals exposure to virus from fomites during  timestep.  
 
3.4.4 Estimating infection risks 
QVEmod calculates individuals’ exposure via three routes. The relationship between the number of viral particles 
someone is exposed to, and the risk of acquiring infection is likely to differ between transmission routes, because of 
different deposition locations (hands, lower and upper respiratory tract) and the viability of the virus, among others 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted April 19, 2021. ; https://doi.org/10.1101/2021.04.12.21255349doi: medRxiv preprint 

https://doi.org/10.1101/2021.04.12.21255349
http://creativecommons.org/licenses/by-nc/4.0/


 
The multi-dimensional challenges of controlling SARS-CoV-2 transmission in indoor spaces 

 
 

14 

(Deng et al., 2020). We modeled the relationship between exposure and infection risk using an exponential dose-
response relationship (Nicas (1996))  
 

        (19) 
 
where P represents an individual’s probability of getting infected,  the individual's 
accumulated exposure via the three transmission routes and , ,  the route specific exposure 
at which individuals have 63% chance of getting infected. The latter depends on the infectious dose , for which 
we consider recent estimates of the founding virus population size required to cause infection in a recipient host 
(Popa et al. 2020), the number of emitted by an average infectious individual per hour ( /  ), and finally, 
the proportion of viral particles someone is exposed to that reach the respiratory tract cells ( ) and thus 
contribute to the founding population. 
 

                  (20) 
 
Here,  is an unknown parameter and particularly hard to estimate. We therefore explore a range of different 
options in section 5.6.  
 We then used the estimates for individual exposures to estimate the number of infections that occurred 
during a specific event: From each individual’s cumulative exposure, the dose-response model provides an estimate 
of the probability that that individual acquired an infection during their stay in the indoor space. The total number 
of new infections that occurred during a specific scenario was estimated by drawing, for each individual in the 
simulation, a random number from a uniform distribution [0,1]. We compared this number to the individual’s 
infection probability and assumed an infection if the individual’s infection probability was larger than the number 
drawn. We repeated this 10,000 times to obtain a distribution of the number of infections that may have occurred. 
The mean of this distribution can be regarded as the event-specific reproduction number R: the average number of 
new infections that arose from one specific event with an infectious individual present.  
 
3.4.5 QVEmod parameter settings 
The parameter settings adopted for QVEmod are depicted in table 1. These reflect most recent insights pertaining 
to SARS-CoV-2 characteristics, and will be updated as new information comes available. For a detailed description 
of the parameterization, the reader is referred to appendix 1.  
 
3.5 Sensitivity of QVEmod 
The model assesses individuals’ exposure over time and distinguishes the relative contribution of transmission 
routes to overall exposure in different settings as they arise from human interactions. To disentangle the interplay 
between the several factors that affect virus transmission, we will first illustrate the working of QVEmod for various 
types of static contacts. For this, one infectious individual is placed in a space with one susceptible individual. The 
cumulative exposure of the susceptible individual is recorded by route. Underneath, the impact of the three main 
factors of QVEmod is studied, namely the impact of i) the intensity  of a contact (i.e., as determined by duration, 
distance, and time the infectious individual has spent indoors prior to the contact) (section 3.5.1), ii) respiratory 
activities (section 3.5.2), and iii) interventions implemented in the PeDViS model (section 3.5.3).  
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Table 1. Parameters for the transmission model 

Attribute parameters Value  Range Source 

Emission rate ( ) Scaled to 1 unit per hour (Typical 
infectious individual, breathing) 
 

  

Emission rate by an average 
infectious individual ( ) 

106 RNA copies per hour (used for 
informing dose-response 
relationships) 

 Leung et al. (2020) and Ma 
et al. (2020) 

Activity infectiousness 
scaler ( ) 

25 (singing relative to breathing) 
3.6 (talking relative to breathing) 

 Chen et al. (2020) 

Individual Infectiousness 
scaler ( )  

1 (A typical infectious individual) 
0 (Susceptible individual) 
1000 (super-shedder) 
 

 Chen et al. (2020) 

Proportion of viruses 
emitted in the form of 
aerosols (               )  

0.252 (Breathing) 
0.344 (Singing)  
0.434 (Talking) 

 Chen et al. (2020) 

Transfer efficiency ( ) 0.23 per touch  Julian et al. (2010) 

Ratio of finger pads size to 
the cell size ( ) 

0.1  Gao et al. (2020) and Nicas 
& Jones (2009) 

Frequency of touching 
surfaces( ) 

Tables: 15 touch per hour  Lei et al. (2020) 

Decay rate of viruses in 
aerosols ()  

1.51 per hour  van Doremalen et al. (2020) 

Deposition rate of droplets (
) 

18.18 per hour  Vuorinen et al. (2020) and 
Xie et al. (2007) 

Diffusion coefficient of 
aerosol (D) 

0.05 m2/s  Vuorinen et al. (2020) and 
Gorbunov (2020) 

Decay rate of viruses on 
surfaces ( ) 

Wood: 0.969 per hour, 
Cloth: 0.275 per hour, 
Plastic: 0.193 per hour, 
Steel: 0.180 per hour, 
Glass: 0.149 per hour, 
Paper: 1.1 per hour, 
Copper: 0.323 per hour, 
Cardboard: 0.119 per hour 

 Chin et al. (2020), Liu et al. 
(2021) and Van Doremalen 
et al. (2020) 

Inhalation rate( ) 288 L per hour (breathing, 
talking) 

 Hallett & Ashurst (2020) 
and Bernardi et al. (2017) 
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432 L per hour (singing) 

Volume of a cell (L) 125 L   

Infectious dose ( ) 1000 RNA copies  Popa et al. (2020) 

The proportion of virions 
reaching respiratory cells  

, ,  

10% (aerosols) 
10% (droplets)  
1% (fomites) 

[1% - 100%] Zuo et al. (2020), Hinds 
(1999), Kraay et al. (n.d.), 
Adam et al. (2020). 

Air change rate (ACH) Air in a room is replaced 3 times 
per hour  

[0 - 24] CIRES (2020) 

Face mask filter efficiency 
aerosols ( ) 

40%  
 

[0% - 90%] Pan et al. (2020) and Ueki et 
al. (2020) 

Face mask filter efficiency 
droplets ( ) 

10% of  
 

 Pan et al. (2020) and Ueki et 
al. (2020) 

 
3.5.1 The impact of contact intensity on exposure 
First, we examine the impact of contact intensity on virus exposure resulting from a static contact and assuming the 
default parameterization (Table 1). As described in 3.4.4, the relationship between exposure and infection risk is 
likely to be non-linear and different between routes. Relative differences in exposure should therefore not be 
interpreted as proportion to relative differences in infection risks. We examine three determinants of contact 
intensity, namely duration, distance, and the time an infectious individual spent in the space prior to the start of the 
contact. We compared exposure relative to a benchmark contact at a distance of 1.5 meters for 15 minutes, which 
is broadly used as an indicator of ‘a risky contact’ (RIVM, 2021). Both infectious and susceptible individuals are 
assumed to be silent (akin an interaction in a waiting room for instance), thus emission and inhalation result from 
regular breathing. We distinguish the exposure to three routes, where droplet transmission is considered a direct 
route, whereas aerosols and fomites are considered indirect: The buildup of these in the environment can potentially 
contribute to exposure after the infectious individual has left. The extent to which this plays a role in exposure 
patterns depends on the relative emission and decay rates.  Contacts at shorter distance than 1.5m result in 
substantially larger exposures with a 5-fold increase at 1 meter (26-fold at 0.5 meter). Exposure at these distances 
is dominated by droplet transmission routes, although short range aerosolized virus may also contribute to overall 
exposure. Exposure at longer distances decays quickly, with exposure at 2 meters being 4-fold lower than the 
benchmark of 1.5m. At 1.5m distance, 50% of exposure is expected to be attributable to aerosolized virus (Figure 
5.A ). Prolonged contacts are associated with an increase in exposure. A static contact at 1.5 meters for 1 hour is 
expected to result in exposure 14-fold higher relative to a 15 minute contact (Figure 5.B). The contribution of indirect 
transmission routes increases with contact duration, highlighting the impact of virus buildup in environments. A 
similar effect is seen when the infectious individual has spent time in the space preceding the contact. In such a 
scenario, exposure following a benchmark contact would be 5-fold higher than in our default scenario. This increase 
is largely driven by a buildup of virus (aerosolized or on fomites) in the environment. These particles make up 80% 
of the expected exposure versus 50% under the baseline scenario (Figure 5.C & 5.D). These first analyses with the 
QVEmod illustrate that keeping distance and shortening contact duration can reduce the exposure. The current RIVM 
guidelines, i.e. 1.5 meter distance and less than 15 minutes of exposure, provide good guidance to minimize 
exposure risks, provided individuals have not convened in the same space for an extended period of time.  
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Figure 5. Effect of contact intensity on exposure and the relative contribution to exposure of transmission 
routes,with A) exposure for 15 minutes at increasing distance, B) exposure at 1.5 meters for an increasing 
duration, C and D) as A and B but when the infectious individual was present 3 hours prior to the contact 

occurring, allowing for a buildup of virus in the environment. Red dashed lines show the contact with 1.5 meters 
and 15 mins. Exposure is shown relative to this benchmark, in a scenario of concurrent arrival of the infectious 

and susceptible individual (as shown in A and B). For instance, a relative exposure of 50 means that overall  
exposure is 50 times that of the exposure of a benchmark contact.  

 
3.5.2 The impact of respiratory activities on exposure  
Compared to breathing, active respiratory activities, such as singing and talking loudly, are associated with increased 
emission and subsequent exposure to viral particles by proximate susceptible individuals (Hamner et al., 2020). 
Moreover, active respiratory activities result in higher tidal volume (inhalation rate) which can further increase virus 
exposure. We used estimates from a systematic literature review by Chen et al. (2020) to parametrize emission, 
particle composition, and inhalation upon different respiratory activities (Table 1) and simulated exposure upon the 
benchmark contact (1.5m for 15 minutes) following 15 minutes of the respective activity.  Relative to breathing, 
exposure upon 15 minutes of talking was four times higher than upon breathing (Figure 6.A). The impact of singing 
is, with a near 40-fold increase in exposure, more extreme, mostly owing to the additive effect of both increased 
emission (25-fold  higher than breathing, Table 1) and increased inhalation (1.5-fold higher). Notably, the 
contribution of aerosols to the overall exposure is higher upon active respiratory activities (Figure 6.B). However, 
due to different measuring methods and equipment, the quantity and partition of aerosols and droplets generated 
during different respiratory activities are still inconsistent among studies (Wilson et al. (2021), Hamilton et al. (2021)) 
and may well differ between individuals of different age and gender (Mürbe et al. (2020), Edwards et al. (2021)).  
 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted April 19, 2021. ; https://doi.org/10.1101/2021.04.12.21255349doi: medRxiv preprint 

https://doi.org/10.1101/2021.04.12.21255349
http://creativecommons.org/licenses/by-nc/4.0/


 
The multi-dimensional challenges of controlling SARS-CoV-2 transmission in indoor spaces 

 
 

18 

 
 

 
Figure 6. Effect of different respiratory activities on exposure. A) The relative exposure during talking and singing 
continuously for 15 mins at 1.5m distance, relative to breathing. B) The relative contribution to exposure of three 

transmission routes in the individuals' exposure while breathing, talking and singing activities. Both the 
infectious and susceptible individual are assumed to perform the respective respiratory activity.  

 
3.5.3. The impact of interventions on exposure  
Better ventilation and face masks have been suggested as interventions for indoor spaces. Here, we simulated the 
impact of these two interventions on exposure upon a static benchmark contact, in a manner similar to that of 
sections 3.5.1 and 3.5.2. We examined the impact of both intervention measures across a range of possible 
efficacies.  

Ventilation was modeled assuming a constant, spatially homogeneous renewal of air. This is reflected by 
the air change rate per hour (ACH) which, when considering the air is uniform across the space,  is a measure of how 
many times the air in a defined space is replaced per hour. For reference, the ACH in Dutch residential dwellings is 
roughly 0.1~ 1.9 (Van Ginkel & Hasselaar, 2006) versus 3 in most indoor settings such as class rooms and 
supermarkets (CIRES, 2020). The recommended ACH in home and business is 6 (Arboportaal (2020) and RIVM 
(2020)). Increased ventilation is specifically proposed as an intervention measure for those crowded settings with 
poor ventilation, as these are particularly associated with superspreading events (Lu et al. (2020), Jiang et al. (2021), 
Kwon et al. (2021), Swadi et al. (2021), Chau et al. (2021), Hwang et al. (2020), Shen (2020)). Exposure through 
aerosols may play a role in these, as environmental contamination may accumulate particularly in low ventilation 
settings. Indeed, increasing ventilation affects the amount of viral-laden aerosols someone can get exposed to, with 
a maximum reduction of overall exposure of about 30% in this static example (Figure 7.A). The biggest gains can be 
made in poorly ventilated settings. Increasing from the ACH common to Dutch indoor places (3 ACH, red line in 
Figure 7.A) (CIRES, 2020) to the recommended 6 ACH causes more moderate effects and would reduce the exposure 
by aerosols by 20%  (with the total exposure reduced from 71% to 51%).  

We then simulated a benchmark contact with both infectious and susceptible individuals wearing a mask. 
Face masks can vary in their filter efficiency (FE, the proportion of particles filtered out)(Bezek et al. (2021), Drewnick 
et al. (2021)). This depends on the materials used, among others, and can range from as low as 20% for thin acrylic 
to more than 95% for N95 masks or vacuum bags (Pan et al., 2020). Mask fit is also an important indicator of FE 
(Darby et al., 2021). Under the assumption that face masks block most of the droplets (i.e., ten times higher FE than 
that of aerosols) (Asadi et al., 2020), the aerosols route becomes the dominant source of virus exposure (99%), even 
at low FE (Figure 7.B). Assuming 40% filter efficiency for aerosols (96% efficiency against droplets) (Ueki et al., 2020), 
masks reduce the overall exposure to 20% of what exposure without masks would have been. The near perfect 
protection at highest FE (>75%) can be attributed to the additive effect resulting from both mask wearing by both 
infectious and susceptible individuals, provided the masks are well used and fitted (Clapman et al. (2021),  Ueki et 
al. (2020)). Effectiveness may vary upon longer exposure or in settings with poorer ventilation, for instance.  
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How these intervention induced reductions in exposure relate to infection risks is not straightforward and 
critically depends on the dose-response relationships of the several transmission routes. This will be further explored 
in a sensitivity analysis in section 5.6.   
 
 
 

 

 
Figure 7. The impact of  ventilation and mask wearing on exposure after 15 minutes at a 1.5 meter distance. A) 

The impact of ventilation (ACH) on exposure. The red dashed line shows the baseline ACH =3 per hour indoors. B) 
The impact of mask wearing by both infectious and susceptible individuals on virus exposure. The default filter 
efficiency is assumed to be 40% for aerosols (red dashed line). The exposure load for a contact at 1.5m and 15 

min without mask and with poor ventilation (ACH=0) is standardized to 1.  
 
4. CASE STUDY PeDViS: SIMULATING VIRUS TRANSMISSION AT RESTAURANTS 
PeDViS is put to the test by means of a case study, namely the simulation of virus spread and exposure in a restaurant 
setting. The following section will provide an introduction to the case study. First, the SamenSlimOpen project is 
introduced. Next, a description of the case study is presented in section 4.2. Accordingly, section 4.3 presents a 
functional description of the user-friendly graphical user interface. For the results and a discussion thereof, the 
reader is referred to section 5. 
 
4.1. Introducing SamenSlimOpen 
The development of PeDViS is part of a research project that develops tools for practitioners to help them to optimize 
measures to limit SARS-CoV-2 transmission inside their venues. The easier it is for practitioners to use the simulation 
model, the more likely their adoption of the tool will be. Therefore, an open-access web-based simulation 
environment was created, named the SamenSlimOpen App (SSO app). The PeDViS model is at the core of this app. 

The first version of the tool is specialized for the layout impact assessment of restaurants (see Figure 8). 
Here, Figure 8.A-8.D are visualizations of the web-based interface via which users can model a restaurant. Users are 
asked to make a simplified representation of their venue in an accessible manner. The users can select a scenario or 
make one themselves which determines the length of the simulation and the occupancy over time. After setting up 
their restaurant the users start the simulation. The output of the simulation is a heatmap of the cumulative virus 
exposures that occurred over the course of the simulation, as well as summary statistics of the simulation.  

The goal for the SamenSlimOpen project is not only to inform users about the virus exposure risks of their 
current setup but also to encourage them to optimize their venue and protocols to limit SARS-CoV-2 transmission. 
As such, the SSO app allows users to try different configurations and compare results. Users can change their 
restaurant layout or change the scenario, how long are guests allowed to stay or what measures are taken.  
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In order for the SSO app to simulate, the user input for the PeDVis model is collected in the graphical user 
interface. The user first identifies the layout of the restaurant. Here, the location of all objects and functional spaces 
(e.g., toilet, coat rack, cash register) are determined. All objects can be scaled and rotated to best resemble the 
layout of a real restaurant. The number of tables and chairs placed in the restaurant constrain the number and sizes 
of groups that can be accommodated in the restaurant. Moreover, their placement and size affects the walking 
routes of the simulated individuals. Accordingly, the user indicates the actual maximum occupancy, the average 
duration of stay in the restaurant, and the time slots at which groups are expected to arrive at the restaurant. Lastly, 
the user can indicate whether to use intervention measures, including the wearing of face masks when walking (table 
2).  

In the following case study the SSO app (see SamenSlimOpen.nl for the latest release), and as such PeDViS 
model, is used to simulate and compare the impact of various measures to limit SARS-CoV-2 spread in restaurants. 
 

 
A - Landing page 

 
B - Scenario selection 

 
C - Scenario modelling 

 
D - Demand input 

Figure 8. Screenshots of the SamenSlimOpen app, A) introduction screen, B) scene selection screen, C) 
scene development screen, D) developed scenario. 
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Table 2. Implemented measures in the SSO app to limit SARS-CoV-2 transmission 

Measure Option A Option B 

Face masks Guests don’t wear masks Guests wear masks when they walk 

Payment At the register At the table 

Coats On the coat rack Taken to the table 

Filling Tables are used multiple times per evening Tables are used once per evening 

Air change rate A continuous slider which sets the times of air change per hour  

Cleaning tables A continuous slider which sets the interval time of tables being cleaned 

 
4.2. Case study description 
For the first case study of PeDVis a small imaginary restaurant is adopted (Figure 9). This restaurant’s dimensions 
are 10 x 9 meters. It contains four tables, which are distributed over the space in a way that the space between 
tables and chairs is maximized. Each table has four chairs, all of which can be simultaneously occupied by visitors. 
The restaurant also has a bar, with four stools positioned next to it. The restaurant's capacity is determined by the 
number of chairs in the restaurant, so twenty visitors can be simultaneously present. The main entrance and exit of 
the restaurant are on the northern side of the restaurant, with a coat rack next to the entrance. The cash register is 
on the left side of the bar and two toilets are located on the southern side of the restaurant. The material of the 
chairs, tables, and bar is assumed to be wood. The objects in the room are disinfected one time before the restaurant 
opens, and not cleaned again during the following four hour shift. 

  
Figure 9. The case study restaurant layout, where the green rectangles and round brown circles identify the 

seats, the green arrows the entrances, the blue toilets the entrance to the toilets and the brown rectangles the 
tables. 

 
At the restaurant, the main activity of all individuals is sitting on a chair. When individuals are sitting on a chair, they 
are physically taken out of the Nomad simulation in order to ensure that the movement dynamics of other individuals 
are not hampered by their presence. They can however still contribute to the spread and uptake of virus, as modelled 
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by QVEmod. Besides that, individuals can perform one of three intermediate activities. They can hang their coat on 
the coat rack, go to the toilet, or pay at the cash register. There is a 0.6 probability that an individual will visit the 
toilet. The timing to go to the toilet is random, and the time spent there is drawn from a normal gaussian distribution 
with a mean of 120 seconds and a standard deviation of 60 seconds, with a maximum of 240 seconds. The time spent 
at the cash register and coat rack is set to 0. Consequently, individuals move to these two locations, and are directly 
sent back to their main activity location. 

The simulated walking behaviour of the population is homogeneous in all aspects, except for the desired 
walking speed. For each individual, the desired walking speed is drawn from a normal gaussian distribution with a 
mean speed of 0.9 m/s and a standard deviation of 0.2 m/s. The maximum speed is set to 1.4 m/s. Their compliance 
to the 1.5 meter distancing rules is set to 0, which means they will use all available space to move. As the researchers 
most often observe that individuals in confined indoor spaces have difficulty complying to these rules, we are 
confident that the current settings are more in line with reality than full compliance. 

The simulation lasts for 4 hours of service at a restaurant, in which all tables are used one time. Thus, one 
complete simulation run, twenty individuals have entered the simulation. At the end of the simulation, some 
individuals might still be present in the restaurant, depending on the user-specified settings.  

Only one infectious individual will enter the simulation during its runtime, which is randomly assigned at 
the moment of entrance. All other characteristics are similar to that of other individuals and are randomly drawn at 
the entrance of the simulation.  

 
5. RESULTS OF PEDVIS SIMULATION OF RESTAURANT CASE STUDY  
A case study in a restaurant was provided to show how human interactions drive transmission outcomes. The model 
predicted virus exposure of individuals in the restaurant and the impacts of face masks and ventilation thereon. In a 
sensitivity analysis we explore different relative dose-response relationships to estimate the number of infections 
that occurred in this case study and the relative contribution of transmission routes. First the pedestrian movement 
dynamics are briefly discussed in section 5.1. Section 5.2. discusses the virus spreading through the restaurant’s 
environment. Section 5.3. continues with a discussion of the resulting exposure to the virus for each of the individuals 
that were present in the restaurant. A sensitivity analysis on infection risk estimation in relation to virus exposure is 
presented in section 5.4. Section 5.5 presents and discusses the impact of interventions in the restaurant. Finally, 
section 5.6 discussed how estimates of the impact of interventions on reducing infections depend on the relative 
dose-response relationships assumed.   
 
5.1 Pedestrian movement dynamics in a restaurant setting 
To examine how human movement influences the exposure and transmission indoors, PeDVis was used to simulate 
a real life scenario. The individual trajectories of one run with PeDVis are shown in Figure 10. Due to the stochastic 
activity scheduler and randomly drawn characteristics of the individuals, each run with PeDViS is different. In order 
to fully comprehend the impact of infectious pedestrians in one space, one has to consider multiple runs with 
PeDViS, the exact number depending on the setting, occupancy, and the amount of distinct activities individuals 
engage in.  

In the particular case visualized in Figure 10, the infectious individual (Individual 19) entered and sat next 
to the bar for 70 mins together with individuals 16, 17, 18. Subsequently, individual 19 went to the toilet for 4 mins 
and went back to their seat. Fourty minutes later, individual 19 left the restaurant. As one can see, the trajectories 
of Individual 19 are relatively straightforward and direct. Individual 19 has spent most of its time sitting or standing 
at static locations. 

The other individuals walked into the space before individual 19 and spent part of their time in the same 
room as Individual 19. The trajectories of the other individuals are fairly diverse. Except for the corners, most 
locations inside the restaurant have been visited by one or more individuals. The main corridor between the 
entrance and the toilet is highly frequented, as is the route between the table on the right and the toilet. Other than 
the others at the bar, most other individuals have not come into close vicinity for an elongated period of time with 
Individual 19 during their stay.  
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Figure 10. The trajectory of individuals in one simulation and the seats location.(A) the trajectory of the 
infectious individual. (B) the trajectories of other 19 individuals. 

 
5.2 Viral spread 
The infectious individual’s whereabouts determines the virus distribution in the air and on fomites (Figure 11). Here, 
the virus spread is determined for the case presented in Figure 9. The cumulative contamination values in heatmaps 
represent the accrued virus contamination relative to the amount of virus that an average infectious individual emits 
per hour (Table 1). The three maps illustrate that the contamination is highest near the chair where the infectious 
individual spends most of its time. This pattern is more clear in droplets (Figure 11.B) and fomites (Figure 11.C) 
heatmaps because the virus does not travel far in droplets, while viral-laden aerosols can diffuse. While the changes 
in the concentration of virus in droplets over time is tightly linked to the presence of the infectious individual, 
aerosols and fomites can build up in their environment and may persist after the infectious person has left (see 
snapshot heatmaps in Figure S1).  

 
 
 
 

 
Figure 11. Cumulative virus contamination in the environment in (A) aerosols, (B) droplets, and (C) on fomites. 

Contamination is expressed as the virion quantity relative to an average infectious individual’s hourly emission.  
 
5.3 Individuals’ exposure to virus  
The cumulative exposure of susceptible individuals is simulated  based on their interaction with their environment 
(inhalation, touching surfaces) and the virus concentration in that environment. Figure 12.A presents the cumulative 
exposure to aerosols, droplets, and fomites of each of the individuals in the case study, where the red dashed line 
depicts the cumulative exposure that would be experienced upon a benchmark contact (15 min at 1.5m). The 
cumulative exposure of five individuals (i.e. Individual 9, 10, 16, 17, 18) surpassed that of the benchmark contact, 
despite the fact that two of those individuals (9,10) were never within 1.5m of the infectious individual. These five 
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individuals either sat at the bar together with the infectious individual (16-18) or sat close to the infectious individual 
and overlapped sufficiently in time to get exposed to the virus (9, 10). Only the nearest neighbour (16) was exposed 
through droplet spread. Others were predominantly exposed through indirect routes, mainly aerosols. Fomites do 
not play a meaningful role in this scenario, in part because the table where the infectious person spent most of his 
time was only occupied once. As a consequence, the neighboring individual was the only one exposed to fomites.  
 

 
Figure 12. Susceptible individuals’ exposure load. Exposure load  is expressed as the virion quantity relative to an 

average infectious individual’s hourly emission and is partitioned by transmission route. The exposure of 
susceptible individuals with the red dashed line showing the exposure for a benchmark contact of 1.5m for 

15min.  
 
5.4 Risks of infection  
An individual’s cumulative virus exposure is indicative of someone’s risk of becoming infected, although the exact 
relation and how this differs by exposure route is uncertain. We applied exponential dose-response models, where 
k determines the number of virions someone is exposed to that results in a 63% probability of getting infected (see 
section 3.4.8). The value of k varies between transmission routes due to different deposition location (eg. upper and 
lower respiratory tract) and deposition efficiency (Samet et al., 2021). It is generally difficult to quantify k by 
experiments (Watanabe et al., (2010), US Department of Homeland Security (2021), Callaway (2020)). Recent 
molecular epidemiological studies estimated bottleneck estimates to be around 1000 ( ). We treat this as a lower 
limit for k (Popa et al., 2020), considering that virions that contribute to an individual’s exposure load, still need to 
overcome several barriers prior to reaching the cells of the respiratory tract ( ). We performed a sensitivity 
analysis by assessing the number of infected individuals expected to arise in this case study, assuming a range of 
proportional differences between the three routes ( , , ), and assuming an average infectious 
person to emit 106 viral particles per hour ( ). The median number of infected individuals varies from 3 with    
at 100% to 0 when is 1% (Table 3). The value for has little impact on the number of infections under 
this specific case study due to limited sharing of surfaces between individuals. We considered a median of 1 
infections as a default, plausible scenario, in agreement with data on restaurant clusters (Adam et al., 2020): Of 
those pairs that resulted in one of more infections, about half resulted in just one infection. More than 80% of 
investigated pairs resulted in zero or one secondary infections (under the assumption that pairs  with no setting 
reported were proportionally distributed over the settings) (Adam et al., 2020). The best agreement with these 
empirical outcomes is achieved when the most efficient exposure route has a  of no larger than 10%. We further 
adopt =10%, = 10%, = 1%  as our default for comparing the impact of interventions in this 
case. This is based on the biological underpinning that virus on contaminated hands (i.e. picked up through fomite 
exposure) has to overcome more barriers prior to reaching the respiratory tract target cells than virus particles that 
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are inhaled (droplets and aerosols). Given the uncertainty surrounding these estimates, several scenarios are 
considered in the following sections.     
 

Table 3. Sensitivity analysis on the impact of route specific dose-response relationships on the number of 
infected individuals (default in bold) 

  
 

 

5th percentile median 95th percentile 

1,000 100%: 100% :100% 
100%: 100% : 10% 
100% : 10% : 100% 
10%: 100% : 100% 
10%:  100% : 10% 
100%: 10%:  10% 
10%: 10%: 100 % 

1 
1 
1 
1 
1 
1 
0 

3 
3 
3 
2 
2 
3 
1 

5 
5 
5 
3 
3 
5 
2 

 10%:10%10% 
10%: 10%: 1% 
10%: 1% : 10% 
1%: 10%: 10% 
1% : 10%: 1% 
1%: 1% :10% 
10%: 1%: 1% 

0 
0 
0 
0 
0 
0 
0 

1 
1 
1 
0 
0 
0 
0 

2 
2 
2 
1 
1 
1 
1 

 1%: 1%: 1%  
1%: 1%: 0.1%  
1% : 0.1% : 1%  
0.1%: 1%: 1%  

0 
0 
0 
0 

0 
0 
0 
0 

1 
1 
1 
0 

 
5.5 Impact of interventions on exposure and infections 
We investigated how interventions can reduce the distribution of virus in indoor spaces, the exposure of susceptible 
individuals, and ultimately the number of infections. We compared five scenarios: i) a ‘worst case’ scenario in which 
no interventions are applied and ventilation is poor (ACH=0), ii) a baseline scenario like i) but with ventilation typical 
for indoor settings in the Netherlands, including restaurants (ACH=3), iii) like ii) but with ventilation increased to 
recommended levels (ACH=6) (RIVM, 2019), iv) like ii) but with individuals wearing face masks when walking into 
and through the restaurant, and v) like iv) but with increased ventilation (ACH=6).   

In a poorly ventilated restaurant (ACH=0), the virus-laden aerosol concentration is higher than the baseline 
scenario (ACH=3) (Figure 13 Aa). Virus concentrations in droplets and fomites do not differ between a poorly and 
averagely ventilated setting. The increased aerosol concentration is sufficient to expose more people to the virus: 
three additional individuals had exposures higher than that of a benchmark contact (IDs 8, 11, 18). The mean number 
of infected individuals in a poorly ventilated indoor space is estimated to be 68.8% higher than in our baseline 
scenario (1.31 vs 0.77) with a 80% chance that at least one individual gets infected (Figure 14 Ba,Bb).  Increasing 
ventilation to Dutch government recommendations (ACH=6), the virus-laden aerosol distribution is reduced as 
compared to the baseline scenario (Figure 13 Ca). Assuming our default dose-response relationship ( =10%, 
, 10%, =1% ),  this would result in an estimated 24% reduction of the mean number of infected 
individuals (0.59 vs 0.77) (Figure 14 Bc, Bb). There is a 45% chance of zero individuals getting  infected, compared to 
38% under the baseline scenario.  

The impact of face masks is only notable in the walkways and near the counter and bathroom, and 
particularly for droplet spread (Figure 13 Bb, Db). This is due to the assumption that face masks are only worn while 
walking, conforming to the guidelines in the Netherlands. The individuals that were at highest risk of exposure in the 
baseline scenario, were typically exposed while seated at the same or a close  table. The face masks therefore had 
little impact on their exposure (Figure 13 Bd, Dd). Under our default assumptions, the estimated mean number of 
infections was only reduced by 6.7%. (0.73 versus 0.77 under baseline). Including face masks to a scenario with 
increased ventilation has a similar effect, with an estimated 7.1% reduction in the estimated mean number of 
infections. Indeed, the impact of both interventions is compounded, owing to the different pathways that ventilation 
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and face masks act on (aerosol vs droplet spread respectively). While the impact of face masks is limited in this 
scenario, the relative impact of such measures will differ across scenarios. Particularly in settings where individuals 
have contacts with more individuals, as is likely be true for the restaurant personnel, face masks would play a larger 
role.  
 

 
 

Figure 13. The impact of face masks and better ventilation in the case study for (A,B,C) a scenario where 
individuals do not wear face masks and an ACH is 0 (A), 3 (B), and 6 (C) per hour in the restaurant, (D, E) a 

scenario where people wear face masks when moving and an ACH of 3 (D) and 6 (E). Within each scenario, the 
impact of interventions is assessed by several aspects:  (a, b, c) show virus concentration in the aerosols, 

droplets, and fomites respectively. (d) Shows the individuals’ exposure load. The dashed red line indicates the 
expected exposure of a benchmark contact of 1.5m for 15 minutes. 

 
 
5.6 The impact of dose-response relationships on the impact of interventions  
Intervention measures are distinct in the transmission routes that they predominantly target. For instance, while 
ventilation mostly affects concentrations of small aerosolized particles, face masks are particularly effective in 
reducing emission and inhalation of larger droplets and, by extension, can reduce exposure through fomites. How 
these and other measures impact the infection risks depends on the setting, the types of interactions people have, 
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and on the relative impact each of the three transmission routes have on transmission risks. The latter is affected by 
the dose-response curves of each route. Here we examine the impact of different assumptions on these dose-
response curves on the impact of interventions. Specifically, we considered the infectious dose ( ) and its relation 
to the average emission load known and vary the proportion of virions someone is exposed to reaching the cells of 
the respiratory tract target cells (Figure 14). We consider four scenarios: i) virions have equal probability of reaching 
the respiratory tract target cells ( ), irrespective of the exposure route, ii) like i but virions that someone is 
exposed to through fomites have lower c because they have yet to be transferred to the facial mucous layers, iii) like 
ii but with droplets having a lower c than aerosols, and iv) like ii but with aerosols having a lower c than droplets. 
We examined the mean number of infections that may have arisen from the described case study, accounting for 
the stochasticity involved with acquiring infection once exposed to the virus.  

Considering the default setting of no intervention (i.e., no face masks) and average ventilation (ACH=3), the 
mean number of infections ranges from 0.8 to 0.4, depending on assumptions on the relative dose-response 
relationships (Figure 14A-Db). Infection estimates are lowest when aerosol spread is assumed less efficient (mean = 
0.4, 50% reduction relative to the default of ( =10%, , 10%, =1% ) (Figure 14 Db). Assuming 
less efficient transmission through droplet exposure results in a lesser reduction (mean = 0.6, 25% reduction relative 
to the default) (Figure 14Cb). Due to the wider spatial distribution of aerosols, more individuals get exposed to this 
route. The total number of infections is therefore more sensitive to the aerosol specific dose-response relationship. 
Whereas aerosols (short and long range) would be accountable for two-thirds of infections under the default 
assumption ( = 10%) (Figure 15Bb), this is reduced to as little as 16% if aerosol transmission is assumed less 
efficient (  = 1%) (Figure 15 Db). The number of infections is not affected by an increased efficiency of fomite 
transmission (Figure 14Ab). The only individual that shares surfaces considerably with the infectious individual 
(ID=16) is also heavily exposed to virus through other routes (Figure 12). This person is likely to get infected, 
irrespective of the assumptions on fomite transmission. Scenarios in which tables are reoccupied are likely to be 
more sensitive to assumptions on fomite transmission.  
 The sensitivity on the assumed dose-response relationship further becomes apparent when comparing the 
impact of ventilation on the estimated number of infections. Whereas a poorly ventilated place (ACH=0) would be 
associated with a 68.8% increase in the number of infections (Figure 14Ba), a 100% increase would be expected if 
aerosols constitute the most efficient route (Figure 14Ca). If virions in aerosols were assumed to infect less efficiently 
than those in droplets, one would expect little difference (a 17% increase) in the number of infections between 
poorly and averagely ventilated places (Figure 14Da and b). The contribution of aerosolized virions to the number of 
infections would be higher in a poorly ventilated setting than in those with average ventilation (30%  vs 16%) (Figure 
15Da and b). Similar patterns are seen when ACH is increased to 6 (Figures 14Dc and 15Dc). 

Since the use of face masks while walking was not found to substantially affect individuals’ virus exposure, 
the total number of infections averted is less sensitive to assumptions on the dose-response relationships. The 
largest impact is seen in a scenario in which droplet spread is the most efficient route of transmission (Figures 14 
and 15 Db and d).   

 
  
 
 

 . CC-BY-NC 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprintthis version posted April 19, 2021. ; https://doi.org/10.1101/2021.04.12.21255349doi: medRxiv preprint 

https://doi.org/10.1101/2021.04.12.21255349
http://creativecommons.org/licenses/by-nc/4.0/


 
The multi-dimensional challenges of controlling SARS-CoV-2 transmission in indoor spaces 

 
 

28 

Figure 14. The estimated density distributions of the expected number of secondary infections occurring in the 
case study. Each row shows a parameters setting for : (A)  is the same for all routes (  

 is 10%:10%:10%). (B)  is smaller for fomites (   is 10%:10%:1%). (C)  is 
smaller for fomites and droplets (   is1%:10%:1%). (D)  is smaller for fomites and 
aerosols (  is 10%:1%:1%). Each column shows an intervention  scenario: (a) poor 
ventilation scenario, ACH = 0, (b) baseline scenario, ACH =3, (c) scenario with recommended ventilation, ACH =6, 
(d) baseline scenario with face masks worn while moving, (e) scenario with recommended ventilation and with 
face masks worn while moving.The red dashed line indicates the mean value of the infected number in the baseline 
scenario and the blue solid lines show the mean value corresponding to each respective intervention scenario. 
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Figure 15. The relative contribution of transmission routes in the case study. Each row shows a parameters setting 
for  (A)  is the same for all routes (   is 10%:10%:10%). (B)  is smaller for 
fomites (   is 10%:10%:1%). (C)  is smaller for fomites and droplets ( 

  is1%:10%:1%). (D)  is smaller for fomites and aerosols (  is 
10%:1%:1%). Each column shows an intervention  scenario: (a) poor ventilation scenario, ACH = 0, (b) baseline 
scenario, ACH =3, (c) scenario with recommended ventilation, ACH =6, (d) baseline scenario with face masks worn 
while moving, (e) scenario with recommended ventilation and with face masks worn while moving.  
 
6. CONCLUSIONS & FUTURE WORKS 
Since its recognition in December of 2019, SARS-CoV-2 has rapidly spread across the world. Non-pharmaceutical 
interventions (NPIs) are currently the most important tools for mitigating the spread of SARS-CoV-2. Evaluating the 
effect of these interventions is complicated by confounding factors and the dynamic nature of epidemics. 
Mathematical models can aid in disentangling observed patterns and have been used to assess the impact of NPIs 
on a population level (Giordano et al.(2020), Prem et al. (2020), Tuite et al. (2020)). However, less has been done to 
assess their effects at the level that they are implemented and have the biggest impact: indoor spaces. A better 
understanding is needed of the mechanisms of transmission in indoor spaces, how these relate to human 
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interactions and the biology of the virus, and ultimately, how the spread of the virus in these spaces can be 
controlled. Here, we developed a new hybrid simulation model (PeDViS) that simulates the complex interplay 
between pedestrian’s choice and movement dynamics, in the specific context of indoor spaces, and the spread of 
respiratory viruses. In particular, an expert-driven activity scheduling model is linked to a microscopic simulation 
model (Nomad) and a virus spread model (QVEmod). Here, we introduced this new model framework and 
demonstrated its use in identifying where and when contacts occur in real life scenarios in indoor spaces, what types 
of contacts lead to most virus exposure. We illustrate how this information can be used to inform intervention 
measures, and demonstrate that the impact of the interventions on preventing infections crucially depends on the 
efficiency of different transmission routes. The latter is extremely hard to quantify and subject of ongoing, 
interdisciplinary research (Richard et al., 2020).  

Previous hybrid models of this kind have predominantly determined direct contact transmission risks using 
simple transmission rules  (i.e. a 100% probability of infection when within 1.5 meters for more than 15 minutes or 
infection risks linearly declining with distance). PeDViS illustrates that an explicit modelling of the spatial 
distributions of virions in the environment can help reveal how virus exposure relates to the duration and distance 
of a potentially infectious contact. Specifically, we illustrated an exponential decay in virus exposure over distance, 
with little exposure beyond the commonly used benchmark of 1.5m, provided the contact is of short durations. 
Longer contact durations may be associated with buildup of virus in the environment, increasing virus exposure, also 
beyond 1.5m. The buildup of virus in environments can further contribute to elevated virus exposure when an 
infectious person has spent a substantial amount of time in a space, before the contact takes place.   

As a consequence, counting benchmark contacts (here within 1.5m for at least 15 minutes) to assess the 
risks associated with congregations in indoor spaces, will not always yield representative results. We used PeDViS to 
assess virus exposure in specific contexts and mapped the potential locations and actions with a high virus exposure 
risk. The case study shows that the cumulative exposure of five individuals may have surpassed that of a benchmark 
contact. Two of those had never been within 1.5m of the infectious individual but their visits had overlapped 
sufficiently in time with the infectious individual to accrue virus that had built up and was distributed in the 
environment. This emphasizes the importance of incorporating detailed human behaviour for understanding and 
controlling virus spread in indoor spaces. Modelling efforts, such as the ones performed by PeDViS, can help assess 
the added risks associated with indirect exposure routes (aerosols and fomites) by accounting for the impact of 
individuals sharing spaces, even if not (entirely) concurrent in time.     

Intervention measures typically target specific transmission routes. For instance, face masks predominantly 
reduce droplet spread and fomites whereas ventilation reduces the buildup of aerosols in the environment. We 
examined the relative reductions in virus exposure that results from different intervention measures and showed 
that the impact of these measures may well be context specific. While in poorly ventilated spaces, by increasing 
ventilation to an average level, great reductions in virus exposure can be achieved, increasing ventilation beyond 
this level has a smaller accrued effect. Similarly, face masks by the guests likely have little impact if not worn while 
seated, as this is when longer, static contacts occur.  Face masks worn by personnel may however have a much larger 
impact on virus exposure. 

How the route specific exposure to the virus relates to infection risks remains an open question (US 
Department of Homeland Security (2021), Callaway (2020)). Beyond the challenges of estimating and validating the 
emission and spread of viruses in environments, empirically measuring the rates at which virus is inhaled and/or 
picked up and subsequently reach the respiratory tract target cells typically relies on indirect estimations (Azimi, 
2021; Evan, 2020). Subsequently, as different target cells present different populations of receptors (Hou et al., 
2020), the infection success of a virion may well depend on where in the respiratory tract it deposits. The mucous 
layer also likely differs in terms of permeability and clearance mechanisms across the respiratory tract (Thomas, 
2013). We captured these different levels of uncertainty in a single parameter c, which determines what proportion 
of virions, after exposure, successfully reaches the respiratory tract target cells (Popa et al. (2020), Zwart & Elena 
(2015)). The order of magnitude was scaled such that the distribution of cases matches that of a large infector-pair 
study in restaurant settings (Adam et al., 2020). While this was not intended as a formal calibration, it should result 
in a rough ballpark estimation that harbours realistic numbers of infections. The main purpose of this effort, 
examining the relative impact of intervention measures, is particularly sensitive to the assumed magnitudes and 
differences in transmission efficiency between routes (Figure 15). In particular the uncertainties in the efficiency of 
aerosol transmission affect the impact of interventions. As aerosols can both disperse and accumulate over time, 
they may contribute to transmission over distances longer than 1.5m, especially if the infectious person is present 
in the space for a prolonged duration. Superspreading events associated with poorly ventilated spaces are indicative 
of a role for aerosols in transmission (Lu et al. (2020), Jiang et al. (2021), Kwon et al. (2021), Swadi et al. (2021), Chau 
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et al.(2021), Hwang et al. (2020)). The extent to which aerosols contribute to transmission in spaces with adequate 
ventilation depends on the efficiency of this route (Figure 15) and will differ between settings (Gao et al. (2020), 
Azimi et al. (2021)). Similarly, while the case study examined did not present a large contribution of fomites to 
transmission, other scenarios with conditions more favourable to fomite transmission should be examined to better 
understand the potential for contribution by this route. For instance, in the case study, individuals sit relatively short 
at their table and they are not succeeded by other guests. A larger range of settings and scenarios will be explored 
in further studies (Meyerowitz et al. (2021), Mondelli et al. (2020)). 

There are limitations to this study. Some parameters are hard to quantify empirically or may be setting 
specific, whereas for others data are too sparse to draw strong conclusions. The model presents what we believe to 
be the currently available empirical evidence and shall be updated whenever new, valuable data become available. 
While many of the model parameters may affect the absolute virus exposure, estimates pertaining to the relative 
impact of measures were robust to changes in the parameters explored. Specifically, the division of droplets and 
aerosols can be regarded as somewhat arbitrary (National Academies of Sciences, 2020). We used the conventional 
discrete cut-off size to classify droplets and aerosols (10um), in an effort to align with the definitions in public health 
guidance. In addition, airflows are modelled to be homogeneous across the spaces. This simplification is intentional 
and aims to provide more generic results. This model is, however, being paired with more detailed airflow models. 
We will therefore be able to model specific cases of indoor spaces with space specific airflows. Moreover, the data-
driven activity choice model has limited functionality, predominantly focussed on restaurant visits. Future efforts 
will enhance the current activity choice, routing and operational movement behaviour in order to allow the 
modelling of more complex indoor spaces (e.g. theaters, stadiums, bars). Lastly, we assessed a single iteration of our 
case study restaurant. This was done for illustrative purposes and to ensure the tractability of the simulation, which 
is just one of many different resulting movement patterns the underlying stochastic pedestrian choice and 
movement models generate. The model and accompanying application are set up to readily expand the types and 
configurations of restaurants, and can be used to compare findings over large sets of iterations.  

To gain a better understanding of transmission in indoor spaces and the impact of human interactions 
therein, we will further develop and expand the model. Heterogeneity in infectiousness and respiratory activities 
will be examined to better understand the potential for supershedders and superspreading events. Similarly, in 
current simulations, only guests to the restaurant are simulated. This resulted in a relatively easy, tangible example 
in which the index case is among guests, which are mostly stationary. The numerous short range contacts and 
movements made by potentially infected personnel will result in different dynamics of spread and consequently a 
different set of interventions. They may further spend more time in the space, thereby increasing the potential for 
viruses to build up in the environment. Next iterations of the model will aim to answer these questions.   

Moreover, the case study shows that the relative comparison between scenarios can already produce 
actionable information. In particular, measures regarding the limitation of infection risks by changing the spatial 
layout of venues, the measures that are applied, and the general routing through spaces can be compared. Based 
on the model results we conclude that, keeping 1.5 m distance, reducing contact duration to 15 mins and having 
contact in a clean environment (i.e. an indoor place that has not yet been occupied) has relatively the lowest 
exposure risk. These findings are in line with the current policies in the Netherlands.  

This model provides a tool to assess virus exposure that emerges from human interactions in indoor spaces. 
It can be used to characterize the infection risks in any indoor space and with any specific human movement and 
behaviour. While the uncertainties surrounding many of the model parameters limits the ability to estimate actual 
numbers of infections arising from a scenario, estimating relative changes in response to interventions is more 
robust  and is what the model is designed for. More human movement data under the pandemic situation will be 
collected to further calibrate the pedestrian model. In particular, a combination of superspreading event analysis 
and cluster analyses are adopted to validate the parameters controlling the transmission of SARS-CoV-2. Moreover, 
pedestrian field studies are underway to empirically assess the changes in movement behaviour, route choice 
behaviour, and activity scheduling behaviour as a result of the physical distancing rules. Nonetheless, we are 
confident that the SSO app can already provide much needed insights into SARS-CoV-2 spreading in indoor spaces 
and help practitioners decrease SARS-CoV-2 spreading in their venues when they open up shop again. 
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APPENDIX 1. PARAMETER DESCRIPTION IN QVE-MOD 
 
Emission rate ( ) represents the viral load of an infector emitting per hour while breathing. In the case study,  is 
scaled to 1 per hour for a typical infectious person. For other respiratory activities, the emission rate is calculated 
based on the relative difference of particle volume associated with different respiratory activities. This is represented 
by the activity scaler . For example, singing emits 25 units per hour and talking emits 3.6 units per hour  (P. Z. Chen 
et al., 2020). The infectious scaler ( ) is used to scale individual infectiousness. 0 represents a susceptible individual 
who cannot emit the virus and 1 represents a “typical infectious” individual. This number roughly represents 106 
copies per hour  ( ), which is used to compare exposure to infectious dose estimates from literature (Leung et al. 
(2020), Ma et al. (2020)). Values of  that are greatly larger than one reflect super-shedding individuals.  

,  determine how emitted virus is partitioned in aerosols and droplets respectively. These 
were parameterized based on three factors: i) a predetermined cut-off size between aerosols and droplets, ii) the 
relative amounts of aerosols and droplets expelled by humans, and iii) the difference in viral copies carried by aerosol 
and droplet particles. In this study, we defined aerosol particles as having a dry size of < 10um.  

Decay rates of virus in aerosols and on different surface materials were investigated in studies about the 
stability of SARS-CoV-2 in the environment (Chin et al. (2020), Liu et al. (2021), Van Doremalen et al. (2020)). The 
virus loses infectiousness at decay rates ( ) that depend on the surface material. These were represented by 
regression models fitted to experimental data from persistence studies.  

The decay rate of viruses in droplets ( ) can be regarded as the sedimentation rate of droplets in 
static air (Xie et al., 2007). When height is 1.625m and under the gravity of 9.8m s-2, particles with size 10 um settle 
down in 8 minutes. This would take approximately 2 minutes for 20um particles (Vuorinen et al., 2020). The settling 
time is proportional to (1/d-2), with d denoting the particle size. The droplets are particles with dry size > 10um. The 
original size is larger than 10um but the particles evaporate when deposited. Taking this evaporation into account 
results into an estimated deposition time of droplets of 3.3 mins (Vuorinen et al., 2020). 
              Both droplets and aerosols can disperse to their surroundings. We adapted a model from Vuorinen et al. 
(2020), who investigated aerosol transport in indoor spaces and built a Monte-Carlo model to incorporate spatial-
temporal aerosol dispersion. Here, aerosols diffuse over time in x, y directions . We modeled this  the 
diffusion according to ∂C/∂t=D∆c+S, where  is the diffusion coefficient (diffusivity) and  is the source. The 
diffusivity coefficient was  = 0.05 m2/s. Contrary to Vuorinen et al, we did not include ventilation here since 
ventilation was considered in the virus decay submodel. 

Pickup rates of virus from the air ( ) are defined as the ratio of human tidal volume over the cell volume 
per timestep (here hour). The tidal volume is defined as the amount of air that moves in or out of the lungs with 
each respiratory cycle and measures on average 0.4 L for an adult (Hallett et al., 2020). The respiratory rate per 
minute is on average 12 times (Hallett et al., 2020). Thus, the human ventilation volume is calculated as 0.4*12 = 
4.8L per minute or 288L per hour. Individuals are thus assumed to inhale 2.304 times the cell volume (125L) each 
hour. The human ventilation volume increases 1.5 times while singing (Bernardi et al. (2017)), hence  is 432L per 
hour if an individual were to be singing continuously for one hour. 

Lastly, there are three parameters that determine the transfer of viruses between hands and surfaces. The 
ratio of finger pads size over cell size ratio ( ) is calculated as 10cm2 over the 10*10cm2, which is 0.1 (Gao et al., 
2020). The transfer efficiency ( ) depends on materials. Julian et al. (2010) conducted an experiment on transfer of 
virus between hands and glass in both directions and found the mean transfer efficiency is 0.23. The frequency of 
touching surface ( ) in a restaurant is estimated as 0.25 per minute (Lei et al., 2020). Monitoring data are currently 
being collected to get a more thorough and empirical understanding of this parameter in various settings and 
between individuals.  
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APPENDIX 2: THE SNAPSHOT HEATMAPS IN THE CASE STUDY

 
Figure S1. Snapshot of heatmaps. Virus contamination in the environment in aerosols, droplets, and on fomites 

over time in minutes. Contamination is expressed as the virion quantity relative to an average infectious 
individual’s hourly emission.  
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