
HAL Id: hal-03745751
https://hal.science/hal-03745751v1

Submitted on 4 Aug 2022 (v1), last revised 13 Oct 2023 (v2)

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

From microscopic droplets to macroscopic crowds:
Crossing the scales in models of short-range respiratory

disease transmission, with application to COVID-19
Simon Mendez, Willy Garcia, Alexandre Nicolas

To cite this version:
Simon Mendez, Willy Garcia, Alexandre Nicolas. From microscopic droplets to macroscopic crowds:
Crossing the scales in models of short-range respiratory disease transmission, with application
to COVID-19. Advanced Science, 2023, 10 (19), pp.2205255. �10.1002/advs.202205255�. �hal-
03745751v1�

https://hal.science/hal-03745751v1
https://hal.archives-ouvertes.fr


From microscopic droplets to macroscopic crowds: Crossing the scales in models of
short-range respiratory disease transmission, with application to COVID-19

Simon MENDEZ∗

IMAG, Univ. Montpellier, CNRS, Montpellier, F-34095, France

Willy GARCIA and Alexandre NICOLAS†

Institut Lumière Matière, CNRS, Univ. Claude Bernard Lyon 1, Villeurbanne, F-69622, France

(Dated: August 4, 2022)

Short-range exposure to airborne virus-laden respiratory droplets is now acknowledged as an
effective transmission route of respiratory diseases, as exemplified by COVID-19. In order to assess
the risks associated with this pathway in daily-life settings involving tens to hundreds of individuals,
the chasm needs to be bridged between fluid dynamical simulations of droplet propagation and
population-scale epidemiological models. We achieve this by coarse-graining microscopic droplet
trajectories (simulated in various ambient flows) into spatio-temporal maps of viral concentration
around the emitter and coupling these maps to field-data about pedestrian crowds in different
scenarios (streets, train stations, markets, queues, and street cafés). At the scale of an individual
pedestrian, our results highlight the paramount importance of the velocity of the ambient air flow
relative to the emitter’s motion. This aerodynamic effect, which disperses infectious aerosols and
thus mitigates short-range transmission risks, prevails over all other environmental variables. At the
crowd’s scale, the method yields a ranking of the scenarios by the risks of new infections that they
present, dominated by the street cafés and then the outdoor market. While the effect of light winds
on the qualitative ranking is fairly marginal, even the most modest ambient air flows dramatically
lower the quantitative rates of new infections. The proposed framework was here applied with
SARS-CoV-2 in mind, but its generalization to other airborne pathogens and to other (real or
hypothetical) crowd arrangements is straightforward.

I. INTRODUCTION

The theoretical combat against respiratory infections
stretches over a whole gamut of lengthscales: These dis-
eases are caused by viruses or bacteria, which measure
several tens of nanometers (10−8 m) and around one mi-
cron (10−6 m) of diameter, respectively; these germs are
(directly or indirectly) transmitted from person to per-
son, using as carriers respiratory droplets (ranging from
several hundred nanometers to several hundred microns
in diameter) that are mostly expelled through the centi-
metric (10−2 m) mouth gap and transported over some
10−1 ∼ 100 meters. The daunting fundamental challenge
of bridging so many scales to model the transmission of
these diseases has also become an imperious practical ne-
cessity since a new coronavirus, the ‘severe acute respi-
ratory syndrome coronavirus 2’ (SARS-CoV-2) was iden-
tified during a first epidemic outburst in Wuhan, China,
in December 2019. Since then, it has spread all over the
world and caused the COVID-19 pandemic, which is of-
ficially accountable for more than 550 million cases and
6.4 million deaths as of July 2022 [1].

Regarding the transmission pathways of respiratory dis-
eases, direct impact of droplets of respiratory fluids on
the nasal or oral mucosa of the susceptible individual as
well as contact with droplet-contaminated surfaces (the
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so-called fomites) have long been identified as possible
routes. The susceptible individual may also get infected
after inhaling pathogen-laden aerosols exhaled by a con-
tagious person, a mechanism termed airborne transmis-
sion [2, 3]. Here, the term aerosol refers, and will hence-
forth refer, to all respiratory droplets small enough to
dwell in the air for at least a few seconds and to be in-
haled by somebody through their nose or mouth. The
prevalence of this airborne transmission route has been
increasingly acknowledged [3–7], especially in crowded
indoor environments that led to well documented super-
spreading events [7–10]. The alarm has also been raised
with respect to crowded outdoor settings [11] (e.g., at
mass sports events), where accumulation of virus-laden
aerosols in the air is implausible but short-range expo-
sure can occur; nevertheless, the actual risks that they
present have been a bone of contention [12].

To assess how the disease may spread in crowds, mod-
eling the emission, transport, and inhalation of respira-
tory droplets is an appealing option and has been widely
used in COVID-19-related studies. However, modeling
transmission is a major challenge, owing to the sensitiv-
ity of droplet propagation to environmental factors such
as temperature, humidity and wind [13–15], as well as
the uncertainty about the sizes of emitted droplets [16]
or the person-to-person variability [17], among others.
Moreover, microscopic studies of droplet propagation,
supposed to describe the evolution of droplets most accu-
rately, are generally limited to static scenarios involving
two people facing each other. At the other extreme, most
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macroscopic models focusing on indoor transmission as-
sume a well-mixed environment [9, 18–20] and thus over-
look short-range exposure, which is the main source of
risks outdoors.

Here, we endeavor to bridge the gap between detailed
micro-environment studies and their macroscopic coun-
terparts, by building on the framework outlined in [21].
In this framework, field data about pedestrian behavior
(including the interpedestrian distances, interaction du-
rations, head orientations, etc.) are coupled to concentra-
tion maps of virus-laden particles exhaled by a (suppos-
edly contagious) individual in the crowd in order to as-
sess the number of susceptible people that this individual
would infect. Unfortunately, these concentrations maps
were so far largely ad hoc and rested on crude modeling
assumptions. In this paper, the connection with the mi-
croscale is fully established thanks to genuine computa-
tional fluid dynamical (CFD) simulations of droplet prop-
agation (performed using large-eddy computations to ac-
count for flow turbulence) and converted into concen-
trations maps via a transparent coarse-graining method.
A variety of ambient conditions, notably air flow veloc-
ities, are considered, which enables us to quantify the
effect of ambient air flows, the walking speed, as well as
the pedestrians’ activity (breathing or talking). Overall,
the framework provides an unprecedented means to as-
sess the risks of new infections via short-range exposure
in arbitrary (real or hypothetical) crowd settings. In-
cidentally, while we have here chosen model parameters
corresponding to SARS-CoV-2, the framework can easily
be generalized to any pathogen with airborne transmis-
sion.

In the next section, the scientific context of the work with
regard to airborne transmission is further clarified. Next,
Sec. III describes our methodology, from the macroscopic
model to assess the risk of new infections to the micro-
scopic simulations of droplet transport. Sec. IV then ex-
poses the risks of transmission from a single infected per-
son exhaling in different ambient flows and for different
walking speeds. Finally, Sec. V completes the connection
with the macroscopic crowd by assessing the risks of new
infections in real daily-life situations (on the street, at a
train station, at the market, at a café), with a focus on
the effect of the wind.

II. SCIENTIFIC CONTEXT OF THE STUDY

Whenever one breathes, talks, pants, coughs, or
sneezes, droplets of respiratory fluids possibly contain-
ing pathogens are expelled through one’s mouth and, to
a much lesser extent, nose [2, 3, 7, 22]. In the case of
COVID-19, the largest droplets thus produced had ini-
tially been thought to be liable for disease transmission.
However, airborne transmission by inhalation of their
smaller counterparts is now supported by robust evidence
and was acknowledged by the World Health Organiza-

tion (WHO) in Spring 2021, after months of controversy
[7, 23, 24]: SARS-CoV-2’s ability to be transmitted via
aerosols is now well established [5, 8–10]. It follows that
closed, poorly ventilated spaces are particularly propi-
tious for transmission [18, 25, 26], insofar as the smallest
aerosols, of less than a few microns, can linger in the
air for hours and accumulate in rooms. This opens the
door for long-range airborne transmission, which can-
not be avoided by social distancing. Nevertheless, air-
borne transmission may also occur at short distances,
when a susceptible person inhales infected aerosols close
to the emitter, where they are more concentrated. Large
aerosols, with diameters dp up to 100 microns accord-
ing to the recent literature [7, 10, 24, 27], may also be
inhaled before their sedimentation. The sedimentation
speed vg in quiescent air may be estimated by balancing
the gravity g and drag forces at low Reynolds numbers,
where the Stokes law involving the air viscosity η holds,
and neglecting the density of the air compared to that of
the droplet, ρp, viz,

vg ≈
D2ρpg

18η
.

A droplet of fixed diameter dp = 100µm thus sediments
at a speed vg ≈ 0.3 m · s−1 (it will thus hit the ground
in 5 s it it falls from a height of 1.5 m) [28]. To gauge
whether it can be lifted up by an inhaling flow, bear in
mind that the latter has a typical speed of a few tens of
centimeters per second around the nostrils (0.22 m · s−1

in [29]).

To what extent is the scenario of indoor transmission al-
tered by outdoor settings? The most obvious difference is
that aerosols are dispersed outdoors, which wards off the
risk of long-range airborne transmission [7] and ascertains
the mitigation efficiency of social distancing. On the
other hand, the risks due to short-range exposure persist:
one may inhale the small respiratory droplets emitted by
a sick person in one’s immediate vicinity, the definition
of which depends on the expiratory activity (for instance,
uncovered sneezes propel droplets several meters ahead of
the emitter [2, 13, 30, 31]). Besides, short-range exposure
outdoors may differ from indoors because, all variations
in temperature and humidity conditions left aside, it in-
volves stronger wind and air flows. Note, however, that
(moderate) air currents may also be worth considering
indoors, where they are also present [32]. In the con-
text of the COVID-19 pandemic, transport by the wind
has alternatively been thought to favor transmission by
extending the spatial reach of droplets and inhibit it by
quickly dispersing pathogens [14, 32, 33].

In practice, for prevention policies, the risks incurred in
crowded indoor environments have been highlighted by
famous superspreading events [7–10]. Outdoor infections
have also been documented [12, 34, 35], but very gen-
erally looked down upon as secondary. Still, crowded
outdoor settings are still listed among the risky configu-
rations, e.g., in WHO’s animation for public information
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(accessed in July 2022) [11]. In particular, mass out-
door events such as sports games have been suspected to
promote viral spread in periods of low viral prevalence
[36, 37], but the specific contribution of outdoor trans-
mission in these occurrences remains unclear [12, 38, 39],
notably because many such events mix indoor and out-
door settings [37, 40, 41]. In addition, retrospective stud-
ies may be biased towards an overestimation of the im-
pact of specific large events, which are more closely mon-
itored [42, 43]. Despite these difficulties, the question
of the regulation of these events is vested with special
interest, given their huge economic and social role; as-
sessing the transmission risks that they present is thus of
paramount importance to hit the right balance between
public safety and social impact [44].

To this end, some randomized controlled trials have been
conducted, in particular for indoor concerts [45, 46], but
general conclusions can hardly be reached from the small
pool of such studies. Numerical studies provide a means
to circumvent these limitations; indeed, their replica-
bility enables researchers to test assumptions, investi-
gate the effect of different parameters, relate behaviors
to transmission risks and build a mechanistic picture of
the risks in such contexts. The COVID-19 pandemic
has prompted an unprecedented effort from the fluid
mechanics community to probe the transport of respi-
ratory droplets after their emission, in particular using
CFD [13, 14, 30, 47–50], which has shed light on the
sensitivity of this propagation to the environment [13–
15]. Simulations have thus considered diverse environ-
mental settings, as well as diverse expiratory events, in-
cluding coughing [13, 49, 51], sneezing [15, 51], speaking
[14, 30, 49, 51] and breathing [30]. Coughs, in particular,
have received a lot of attention, but in this paper we put
the focus on talking and breathing through the mouth,
because we have deemed that direct exposure to coughs
(not covered by the emitter’s hand and directed towards
the receiver’s face) is fairly rare and, in addition, talking
for 1 minute produces approximately as many droplets
(i.e., a few thousand altogether) as one cough [52].

Risk assessment must also involve a model for inhalation.
In simulations, specific areas (nose, mouth, eyes) that
can be impacted or traversed by droplets may be marked
in the simulation domain, in order to gauge the relative
risks raised by droplet impact and inhalation [4, 47] or
to quantify the protective effect of the exhalation of the
susceptible person in a conversation [48, 50], for instance.
The inhalation volume of a passive scalar may also be
used to assess the risk [53]. Leaving aside inhalation, the
local concentration of virus in a region of interest may
be monitored, as a proxy for the infection risk [15]; the
need to simulate the susceptible person at each position
that they may occupy is thus bypassed. Time may be
involved by comparing the quantity of inhaled virus over
time to an infectious dose [14, 47, 48, 50, 54, 55] via
a dose-response model [56, 57]. This quantity can be
measured in absolute terms, as a number of viral copies,

which requires specifying the viral titer in the emitter’s
respiratory fluids and the minimal infectious dose, or in
terms of quanta of infection, if the number of emitted
virus is rescaled by the infectious dose [19]. In either
case, an additional step is required to bridge the gap
between such studies of very specific settings with CFD
and a risk assessment at a larger scale in a variety of
scenarios.

III. METHODS

Assessing the risks of viral spread via respiratory droplets
in a crowd requires connecting the macroscopic configura-
tion of the crowd and the activity of the attendants to the
microscopic dynamics of droplet propagation. Here, we
take up the method of our recent work [21] to derive the
number of new infections caused by an index patient on
the basis of field data about crowds and mesoscale models
of viral transmission (briefly recalled in Sec. III A), but
here we aim to fully bridge the scales by anchoring the
mesoscale models in a bona fide coarse-graining of mi-
croscopic simulations of droplet transport that take into
account of ambient air flows (see Sec. III C and III D),
instead of resorting to mostly ad hoc models. The full
algorithm is summarized in Appendix A.

A. Assess transmission risks in a crowd: general
principle

We will assess risks in a variety of crowd scenarios, each
corresponding to a video recording collected and ana-
lyzed by Garcia et al. [21]. For each scenario (streets, sta-
tions, markets and more static scenes such as queues and
street cafés), groups of pedestrians were tracked and, in
the non-static scenarios, the infection risks within groups
were discarded, assuming that a contagious individual is
more likely to have infected the people walking in their
company elsewhere.

For a given scene, one of the pedestrians, denoted by in-
dex i is supposed to be contagious and expel virus-laden
droplets. The algorithm is run once for each pedestrian
of the scene to gather statistics. Under the independent
action hypothesis [58, 59], each inhaled virus has the
same probability to cause an infection, independently of
the others. The transmission risks, expressed as a num-

ber C
(τi)
i of new cases that agent i transmitted to the

pedestrians j that crossed his/her path in the interval
[t0, t0+τi] during which he/she was filmed (his/her group
Gi excluded, except at the cafés; there were no groups in
the other static scenario, the waiting line at a screening
center), can then be calculated using a Wells-Riley-like
equation [56]:

C
(τi)
i =

∑
j /∈Gi

S0
j ·
(
1− e−Nij

)
, . (1)
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Here, Nij =
∫ t0+τi+τmax
t0

νij(t) dt is the cumulative trans-

mission risk [60], with νij(t) the instantaneous rate of
transmission between the infected person i and a sus-
ceptible person j. Manifestly, νij(t) is the key quantity
of the model and it will be the focus of the next para-
graphs. S0

j is the probability that j is susceptible (i.e.,
not already infected) at the beginning of the observation
interval. Assuming S0

j = 1 gives an upper bound on

C
(τi)
i ; prior interactions with i in the scenario may re-

duce S0
j below 1, but C

(τi)
i cannot become smaller than

a lower bound, in practice very close to the upper bound
[21]. Finally, note that droplets emitted in the interval
[t0, t0 + τi] may take some time to reach a susceptible
individual and be inhaled after the end of the interval;
in practice, a maximum delay τmax = 21 s is imposed
between emission and inhalation.

In order to compare different scenarios, C
(τi)
i is recast

into a rate of infections per hour: Ci=̂C
(∆T )
i = ∆T

τi
C

(τi)
i

with ∆T = 1 h, with the assumption that the recorded
videos are representative. Note that in static scenarios
(the cafés and waiting lines), the treatment is slightly
different to account for the fact that interactions occur
with a limited number of people, and always the same
during the recording. Eq. 1 is applied with S0

j = 1 (ev-
eryone except the infected person are susceptible) and
the hourly rate is directly computed by using Nij =
∆T
τi

∫ t0+τi
t0

νij(t) dt.

B. Instantaneous rate of transmission between two
individuals

Let us consider the droplets emitted by an infected per-
son i (the emitter E) and inhaled by another person j
(the receiver R). At time t, R may inhale droplets emit-
ted at different times. In the model, a double decompo-
sition in time is performed. The emission time interval
coincides with agent i’s observation period [t0, t0 + τi],
and for each emission at time te, droplets may be inhaled
or ‘received’ at time tr ∈ [te, te + τmax].

More precisely, the instantaneous transmission rate due
to droplets emitted at te and inhaled at tr > te is ex-
pressed as

ν(te, tr) = T−1
0 ν̃

[
r, θE(te), θR(tr), tr−te, ambient flows, activity(te)

]
(2)

where the characteristic time for infection T0 ∝ ninf/cv
is related to the specifics of the disease (namely, the viral
titer cv in the respiratory fluid and the minimal infec-
tious dose ninf), whereas the function ν̃ accounts for the
fluid dynamics of droplet emission and transport. r is
the horizontal distance between the individuals’ heads
and θE and θR are the orientations of the emitter’s and
receiver’s heads, respectively, relative to the direction of
the vector that connects them (see Fig. 1). While simple
ad hoc expressions for the function ν̃ were proposed in

FIG. 1. Snapshot of a single interaction filmed at a train
station, with an alleged emitter E and a receiver R. r is
the separation distance and θE and θR are the directions of
emission and inhalation with respect to the line of connection.

[21], here we strive to compute ν(te, tr) thanks to resolved
CFD.

To do so, we suppose that on each frame in which E is
visible he/she emits a small set of droplets, whose evo-
lution is then tracked for t ∈ [te; te + τmax], or equiva-
lently over time delay τ ∈ [0; τmax]. For τ ≤ τmax, the
spatio-temporal field of viral concentration that R may
inhale (depending on his/her position and head orienta-
tion) needs to be known; it will be expressed in the lab
frame centered on E’s position at the instant of emission
te, as a function of τ , r and θE . Of course, the concentra-
tion map depends on several parameters: some of them
can be extracted from the field measurements, such as
the emitter’s walking velocity vector ~vm and the orien-
tation of the emission (or equivalently the angle between
the head and the walking direction); others are unknown,
namely, the wind velocity ~vw (direction and magnitude)
and the characteristics of the exhalation, and will be left
as free parameters, whose effect will be assessed.

C. CFD database: Parametrization

Were our computational means truly unbounded, we
would run one computation for each set of the parameters
and each micro-environment, and construct a concentra-
tion map for each of these. This is not computationally
feasible in the real world. To circumvent this problem,
we build a finite database of CFD simulations and con-
centration maps in a limited number of situations, from
which the required maps will be derived through a suit-
able change of variables (under certain approximations)
or interpolated.

Let (x,y) be the earthbound frame centered on the emit-
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FIG. 2. Definition of orientations and velocities relative to the emitter, in the frame of the image (a,b) and in the co-moving
frame (c). Panel (b) illustrates the idealized case in which the the walking direction is made to align with the head orientation.

ter E at time te and let ~vm be E’s vectorial velocity
(walking) at that time te and ~vw be the wind velocity;
we denote ~em and ~ew the corresponding unit vectors (di-
rections). Note that the head direction ~eh does not nec-
essarily align with ~em in practice, for instance during a
conversation, as illustrated in Fig. 2(a). We make the
following assumptions:

1. The wind is uniform in space and constant in time
during the relevant delay after the emission; veloc-
ity gradients in the height direction are neglected.
As the relevant transport occurs at the height of
human heads, neglecting the boundary layer pro-
file is not expected to impact the results.

2. A walker’s motion is a plain translation in the walk-
ing direction, at constant speed; idiosyncrasies of
the human gait are neglected.

3. The walking direction is aligned with the head ori-
entation, so that ~vm = vm~eh, as represented in
Fig. 2(b).

Our empirical data show that this assumption is
inaccurate, but the associated angular differences
are fairly small, with a standard deviation of 26◦,
and, above all, dwindle with the walking speed (see
Fig. 8), so much so that they reach the experimen-
tal uncertainty (19◦) [21] for vm ≥ 1 m · s−1. Large
deviations are mostly observed for static people,
for which vm ≈ 0 and the assumption is theoreti-
cally justified. (We have checked that relaxing this
assumption of favor of the opposite one, namely,
aligning the emissions with the walking direction,
leads to similar results, except in the static scenar-
ios; see Fig. S11).

Under such assumptions, the wind ( ~vw) and the walk
( ~vm) play a symmetric role: as far as air flows are con-
cerned, walking at 1 m · s−1 is equivalent to facing a head
wind of 1 m · s−1. Accordingly, CFD simulations are per-
formed in the frame (x′, y′) attached to the emitter, lo-
cated at (x′, y′) = (0, 0), with the basis vector ~ex′ coincid-

ing with the head orientation ~e′h. This choice entails that

the co-moving frame is rotated by an angle θh = ( ~ex, ~eh)
and translated at a constant speed ~vm, with respect to the
lab frame. In the co-moving frame, sketched in Fig. 2(c),

the wind blows with a velocity ~v′w = ( ~vw − ~vm); it is
modeled by imposing a uniform velocity field ~v′w, par-
allel to the ground, as a boundary condition in the far
field. Note that ~v′w may result from the emitter’s mo-
tion, the wind, or from both of them. Finally, we denote
ϕ the angle between −~v′w and the direction of emission
~ex′ . Thus, v = ||~v′w|| and ϕ fully parameterize the CFD
database. For instance, in this database, the above situ-
ations in which an emitter walks at 1 m · s−1 in still air
and a static emitter faces a headwind blowing at 1 m · s−1

both correspond to ϕ = 0 and v = 1 m · s−1.

D. CFD database: simulation details

The CFD simulation protocol is detailed in Appendix B.
In short, a still-standing manikin mimics a man who is
breathing through the mouth, at a rate of 20 breaths of
1 L per minute, i.e., one breath every 3 seconds, with an
equal time for exhalation and inhalation. This signal was
originally designed to replicate the breathing flow rate of
a walking person, but also applies for speaking. Large-
eddy simulations are performed along the same lines as
[21, 30], using the incompressible version of the Navier-
Stokes equations, which was found to provide the best
compromise between cost and accuracy of the simula-
tions. Each simulation starts with 3 cycles to establish
the flow, followed by 4 cycles during which statistics are
collected.

Echoing Abkarian et al. [30], we remark that the un-
steady starting jets close to the mouth tend to form a
main jet whose characteristics far from the mouth resem-
ble those of a steady jet, with a limited influence of the
details of the exhalation signal. This is why we use the
same aerodynamic simulations to model mouth breath-
ing and speaking. However, the number and sizes of
emitted droplets will differ between breathing and speak-
ing.
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Overall, the database consists of 25 microscopic sim-
ulations for ambient relative velocity v (m · s−1) ∈
Sv=̂{0, 0.1 0.3, 1.0, 2.0 } and ϕ ∈ Sϕ=̂{0, π6 ,

π
3 ,

π
2 ,

3π
4 , π},

plus the case v = 0.0 m · s−1, for which ϕ is undeter-
mined (the simulations at v = 0.1 m · s−1 were used for
control exclusively). The simulation cost increases with
v. For v = 2.0 m · s−1, a simulation takes more than ≈ 80
hours on 5 AMD EPYC Rome 7H12 bi-sockets nodes
(640 cores) of the IRENE-AMD partition of Joliot-Curie
cluster (TGCC/CEA, France).

‘Test-particles’, i.e., droplets of diameters uniformly dis-
tributed in dp ∈ [0.1µm, 1 mm], are injected into the
airflow exhaled by the emitter. Importantly, the num-
ber of injected droplets (about 60,000 per breath) is not
intended to be consistent with the empirical data for
breathing [17, 61], but merely to collect sufficient statis-
tics in terms of particles behavior over a few cycles; since
these droplets have very weak mutual aerodynamic in-
teractions in the puff, at any reasonable concentration,
this statistical contrivance will play virtually no role in
the results.

Indeed, any actual distribution of emitted droplet sizes
can be obtained by suitably resampling the simulated dis-
tribution, that is, assigning appropriate weights to the
droplets depending on their size so as to match the de-
sired distribution. In practice, following [62], superposi-
tions of log-normal distributions of droplet diameters dp,
whose cumulative functions Ps obey

dPs(dp) ∝
1

ln(σ)
· e
− 1

2

(
ln(dp/D̄)

ln(σ)

)2

dlndp. (3)

Breathing features only one such mode, with D̄ = 0.8µm
and σ = 1.3, whereas vocalization (speech) features one
mode at D̄ = 0.8µm and σ = 1.3, multiplied by a coeffi-
cient 0.069, and one mode at D̄ = 1.2µm and σ = 1.66,
multiplied by a coefficient 0.085. The third mode as-
sociated with speech is peaked at D̄ = 217µm, with
σ = 1.795 and a coefficient 0.001; it thus corresponds to
large droplets unlikely to be inhaled (see Sec. IV E). The
coefficient associated with the breathing mode is found
by recalling that breathing produces approximately 20
times fewer droplets than normal speech [17].

Note that the foregoing sizes correspond to those mea-
sured by Johnson et al. [62] prior to the application of
their corrective factors, which notably account for evap-
oration. Indeed, small respiratory droplets are expected
to undergo quick partial evaporation, which makes it sen-
sible to consider their propagation with their evaporated
diameters; besides the (slight) effect on droplet trans-
port, we expect no further incidence of the application
of a constant corrective factor on the diameters, thanks
to our renormalization with the characteristic infection
time.

E. Coarse-grained dynamic maps of viral
concentration

Once resampled, the detailed configuration of the sim-
ulated droplets is coarse-grained into dynamic maps of
viral concentration c(r, θ, τ), where (r, θ) are polar coor-
dinates in the earthbound frame centered on the emitter’s
mouth at the instant of emission te and τ is the delay
since emission of the droplets. θ = 0 is the direction of
emission. These maps c(r, θ, τ) are obtained by binning
droplets in space and time, with a resolution δr = 20 cm
on r, δθ = π

12 on θ, and δτ = 0.2 s on the delays τ , i.e.,
the lifetimes of droplets, and then computing the total
volume of droplets in each spatiotemporal cell, within
a 40 cm-thick horizontal slice centered on the emitter’s
mouth (the yellow box displayed in Fig. 3), and dividing
it by the cell volume. This relies on the assumption that
viral copies are homogeneously distributed in respiratory
fluids and each raises the same risk of infection (regard-
less of the droplet size), which is classical in modeling
but possibly underestimates the viral load in small par-
ticles [7, 27]. The resulting maps are then symmetrized
with respect to the θ = 0 axis ( ~eh), if such a symmetry
is expected to hold, i.e., for head and tail winds. Fi-
nally, for any relative wind velocity ~v, the emitter can
be assigned a walking speed vm without additional CFD
simulations, by simply translating the origin of the con-
centration maps with the time delay τ at a speed vm in
the direction opposite to the emitter’s head orientation,
i.e., along − ~eh. Note that the question of the normaliza-
tion of the concentration maps, i.e., their scale, will be
circumvented by setting a characteristic infection time
T0 = 15 min for someone standing face-to-face, a dis-
tance rc = 50 cm away from a static speaking emitter. In
other words, the quantum is defined as the quantity of
virus inhaled in 15 minutes while standing 50 cm away
from a static speaking person, without wind; this vol-
ume of droplets is used to normalize the transmission
risks.

IV. RESULTS: TRANSMISSION RISKS
GENERATED BY AN EMITTER

In this section, we inspect the spatiotemporal pattern of
risks (i.e., virus-laden aerosols) emitted by an index pa-
tient, depending on the environmental conditions.

A. Propagation of the droplets simulated with
CFD

Figure 3 shows the propagation of an arbitrary number
of droplets of less than 10 microns in diameter, emitted
by the manikin in the CFD simulations, for distinct inci-
dent velocities (v = 0.0, 1.0 and 2.0 m · s−1) and angles ϕ.
Interestingly, both the relative wind (generated by walk-
ing) and the external wind have a dominant effect on the
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propagation, after a short first regime during which the
direction of emission prevails. This holds true even at
very low wind speeds, which would not even be qualified
as ‘light breeze’ (6-11 km/h) on the Beaufort scale. For
example, a wind of 1.0 m · s−1 (3.6 km/h) corresponds to
the air flow felt when walking in a still environment. To
illustrate the consistency of these numerical results, one
subject gave his consent to be photographed while smok-
ing an e-cigarette. This experiment consisted in several
exhalations indoors while walking or not, and outdoors
in the wind, whose speed was not measured. Thus, the
walking speed and the wind speed could not be matched
between the experiments and the simulations; the com-
parison mostly has an illustrative purpose. The whole
experiment lasted a few minutes and did not lead a sub-
stantial change in the subject’s consumption of his e-
cigarette.

Although qualitative, the comparison highlights the sin-
gularity of the case without relative wind (left), where a
long jet may develop without being perturbed. Another
observation is the similarity of the pictures/results ob-
tained while walking in still air (2nd column) or being
static in headwind (3nd column): the spatial extent of
the puff in front of the subject is substantially smaller
than in the static case without wind (4th column) and
the puff disperses behind the subject’s head. We observe
that the wind may transport droplets farther over shorter
periods of time, but we will need to turn to concentration
maps to concentration maps to determine if this height-
ens transmission risks.

B. Dynamic maps of viral concentration

Following the coarse-graining method exposed in
Sec. III E, the detailed output of the CFD simulations
is converted into dynamic maps of viral concentration,
that is, spatiotemporal diagrams of risks centered on the
emitter at the moment when droplets are shed.

We first comment on the maps obtained at zero walking
speed vm, shown in Fig. 4. The values displayed in these
diagrams, say at position (r, θ) and after a delay τ , for

a relative wind ~v′w, can naturally be interpreted as the
risks incurred by a non-moving receiver located at (r, θ)

relative to static emitter under an external wind ~v′w, up
to an inhalation coefficient, but let us mention that it
also describes the situation in which the emitter and the
receiver are walking at the same velocity ~vm when the

wind blows at ~vw = ~v′w+ ~vm. We notice, once again, that
in the first fractions of a second the puff tends to follow
the line of emission, but it is then steered by the wind,
while remaining fairly compact, and it is swept more than
2 m away from the emitter in a matter of seconds at any
finite wind speed (v > 0.3 m · s−1), compared to more
than a dozen seconds in windless conditions. This further
underlines the singularity of the windless case as far as
one is concerned with droplet transport.

Not surprisingly, maximal risks are incurred in the im-
mediate vicinity of the emitter in the time-cumulative
diagrams (where the peak for r > 20 cm away from the
emitter is shown as a small yellow dot), but the azimuthal
position is influenced by the relative wind. For example,
it lies behind the emitter for a head wind blowing at
1.0 m · s−1 [Fig. 4(bottom)].

Besides, it is now apparent that the major effect of the
wind, besides steering the puff, is to quickly disperse the
emitted droplets and thus to lower transmission risks.
We illustrate this in Fig. 5 in the case of a side wind
by plotting the radial decay of the maximum concentra-
tion of viral particles over all azimuthal directions for
different wind speeds. A wind speed as low as 0.3 m · s−1

reduces the peak value at 50-cm distance by a factor of 3,
roughly speaking. Even the slightest, almost impercepti-
ble draft, at vw = 0.1 m · s−1, has a significant effect on
the transmission risks. This demonstrates how singular
are the stagnant air conditions (vw = 0) often used to
model droplet transport. The local maximum observed
in the vw = 0 case is notably due to inhalation, which
removes the last droplets exhaled from the near-mouth
region. Such droplets are swept out in the presence of
wind.

Let us now make the emitter move while breathing or
speaking. Figure 6 shows that the air flow generated by
walking drags the puff forward, along the emitter’s path;
similarly to an external wind, this drag also tends to
sweep away the emitted droplets. Incidentally, recall that
the concentration maps are shown in the Earth’s frame,
and not in the walker’s co-moving frame, which can ex-
plain why no clear detachment transition of the puff is
observed as the walking speed increases [63].

C. Robustness to simulation details related to the
flow dynamics

In view of the many recent reports highlighting the sensi-
tivity of droplet transport to physical and numerical de-
tails, before proceeding with the assessment of risks, we
examine the influence of these details on our results (more
information in Appendix A, notably in Fig. S4):

(i) Moderate variations of droplet sizes have little impact
on droplet propagation. Indeed, the concentration maps
obtained for subsets of droplet sizes between 0.5µm and
20.0µm are qualitatively very similar; this is due to the
fact that results are gathered on regions of 40 cm height,
while sedimentation velocity of 20.0µm droplets is of the
order of the centimeter per second [28]. In addition, the
Stokes number remains small for such droplets, which
means that particles essentially follow the air flow.

(ii) Buoyancy effects, due to the different temperature of
the puff compared to the ambient air, have an impact,
but a moderate one, as we see when these effects are in-
troduced into CFD simulations. The buoyancy generated
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FIG. 3. Examples of the variation of the exhaled puffs with the wind and the walking speed. (Top row) Photographs. (Bottom
row) CFD simulations, displayed at time 0.75s of the 6th cycle, when the exhaled flow is close to its maximum. Droplets of less
than 10 microns in diameter are displayed to mimic tracer particles. They are colored in blue for those exhaled over the 6th
cycle (0.75 s before and less) and in red for those exhaled during cycles 1 to 5. The region with a yellow overlay materializes
the box within which droplets will be counted (see the main text).
First column: exhalation in still air. Second column: exhalation during walk (at 1.0 m · s−1 in the CFD) in still ambient
air. Third and fourth columns: exhalation in headwind and crosswind, respectively (at 2.0 m · s−1 in the CFD). Pictures are
illustrative, as walking speed and wind speed do not match, and exhalation has not been characterized.

by the thermal plume surrounding human bodies (which
are hotter than the environment) [64] has not been di-
rectly simulated. As stressed by Nielsen and Xu in a
recent review [65], the air inhaled indoors mainly comes
from the lower part of the body and is lifted to the nose by
the thermal plume. To quantify its effect, we have com-
pared the reference concentration maps with their coun-
terparts measured when the region of interest is shifted
downwards by 20 cm, with limited differences.

(iii) Evaporation does not affect the results much. Cru-
cial in this lack of incidence is the fact that, because of
their finite fraction c of non-water content, droplets do
not fully evaporate, but shrink into residues (also called

droplet nuclei), of final size of the order of c
1
3 times their

initial size [28, 66].

All these effects are already weak with no external wind,
but are even further reduced in the presence of wind,
which always ends up dominating transport far from the
mouth.

D. Interpolation of spatiotemporal diagrams

Given that the CFD database only contains a limited
number of cases (v, ϕ) ∈ Sv×Sϕ, interpolation is needed
to obtain the spatiotemporal diagram corresponding to
given relative wind conditions (v, ϕ) at a delay τ . We
select the two closest values ϕ1 and ϕ2 (ϕ1 6 ϕ 6 ϕ2) in
Sϕ and v1 and v2 (v1 6 v < v2) in Sv. Now, since ϕ con-
trols the rotation of the exhaled air puff under the wind
and v affects the propagation dynamics, a näıve linear
interpolation over ϕ and v would perform poorly.

Instead, noticing from Fig. 4 and its kin that the puff
is first transported in the direction of emission, and
then in the wind direction, we handle (very) short de-
lays τ 6 τ?(v)=̂0.12/v distinctly from longer delays
τ > τ?(v). For the former, the directions of emission are

already aligned with ~e′x in the spatiotemporal diagrams,
so no rotation is needed. For the latter, the diagrams
corresponding to ϕi, i = 1, 2, will be rotated by an angle
ϕ− ϕi prior to interpolation.

Turning to the speed variable v, noticing that (for a given
wind direction) increasing v has an effect somewhat com-
parable to ‘fast-forwarding the movie’, i.e., inspecting the
diagram at a shorter delay τ , the diagrams correspond-
ing to speeds vi, i = 1, 2, are probed at delays τi = τ v/vi
(if vi > 0; τ otherwise) and their values (which represent
the transmission risk over a fixed time interval δτ) are
rescaled by multiplication with vi/v.

To sum it up, for each vi, we interpolate linearly be-
tween the diagrams corresponding to ϕ1 and ϕ2, af-
ter suitably rotating them if τ > τ?, and linear inter-
polation between the resulting diagrams at v1 and v2

yields the final diagram. No interpolation is needed on
the walking speed vm because, from the CFD output
at (v, ϕ), we are able to generate and store dynamic
maps for a wide range of walking speeds (in practice,
vm = 0, 0.1, 0.2, . . . , 2 m · s−1). The example shown in
Fig. 7 (and Fig. S10), in which a genuine concentration
map computed for ϕ = π

4 is compared to its interpo-
lated counterpart, demonstrates that this method pro-
duces quite reasonable results.
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FIG. 4. Dynamic maps of viral concentration associated with talking : Effect of the external wind. (Top row) no wind, (middle
row) lateral wind blowing at 0.3 m · s−1, (bottom row) head wind blowing at 1 m · s−1. The emission is arbitrarily aligned along
the x-axis and the color bar saturates at the arbitrarily imposed top value.

E. Inhalation and the case of large oral droplets

Once respiratory droplets have been emitted, they must
be inhaled by a receiver to bring on a risk of transmis-
sion. So far the dynamic concentration maps have been
established irrespective of the receiver and her head ori-
entation. We now take care of the latter by inserting a
multiplicative factor νR accounting for inhalation in the
transmission rate function ν̃ in Eq. 2, on top of the con-
centration at the receiver’s location [65]. We consider
two possibilities; in the first one the incident puff can
be inhaled only if it ‘hits’ the side of the receiver’s head
containing the mouth and nose, hence

νR(θR) =

{
1 if θR ∈ [−π2 ,

π
2 ],

0 otherwise.
(4)

where θR was defined in Fig. 1. The second option,
isotropic inhalation, is inspired by the steady-flow sit-
uation in which the concentration becomes homogeneous

all around the head, including the ‘dead-waters’ zone lo-
cated downstream, so that

νR(θR) = 1. (5)

In doing so, we assume that the breathing activity of
the receiver has little incidence on the transport of the
droplets produced by the emitter. While it is true that
under specific face-to-face conditions the receiver’s expi-
ration can significantly perturb the emitter’s expiration
flow (and possibly act as a shield) [48], more generally,
this assumption sounds reasonable, especially during the
receiver’s inhalation, provided that the emitter is not too
close to the receiver.

Besides, the droplets must be small enough for inhala-
tion to be possible. This will always be the case for the
breathing and vocalizing modes in the micron range, but
the question is worth discussing for the third mode (‘oral’
mode), peaked at 217µm. Indeed, the typical sedimen-
tation speed for a droplet of diameter dp = 100µm (resp.
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FIG. 5. Radial decay of the maximum concentration of vi-
ral particles emitted by a static pedestrian over all azimuthal
directions, in the cumulative concentration maps associated
with speaking. An external wind is assumed to blow perpen-
dicularly to the head orientation (ϕ = π

2
), at the speed vw

indicated in the legend. The concentrations were normalized
to one at a distance rc = 50 cm in windless conditions. The
color scale is saturated to make the low levels of concentration
visible.

dp = 217µm) is vg ≈ 0.3 m · s−1 (resp. 1.5 m · s−1),
which is larger than the magnitude of inhalation veloc-
ity measured by Murakami [29], for instance. This is
confirmed by our own simulations of nose breathing pre-
sented in Appendix B (see Fig. S6 in particular). There-
fore, inhalation of the droplets of that mode is deemed
rather unlikely and in the following we will focus on the
smaller droplets. Nevertheless, in Appendix B the possi-
bility to inhale these larger droplets is restored and leads
to a distinct global picture.

V. RESULTS: RISKS OF NEW INFECTIONS AT
THE MACROSCALE

Moving on to macroscopic crowds, we now couple the
coarse-grained dynamic maps of viral concentration ob-
tained in the previous section with field data about
crowds in daily-life situations.

A. Empirical crowd dynamics

We begin with a presentation of the empirical scenar-
ios that will be used as test-cases in our macroscopic
risk assessments. They are listed in Tab. I and include
fairly busy streets (and riverbanks), metro and train sta-
tions, an outdoor market, and street cafés. All scenarios
are in outdoor settings or in large, well ventilated areas
and the data were collected in the metropolitan area of
Lyon, France, during the COVID-19 pandemic, between
July 2020 and January 2021. Note that these data are
openly available on the Zenodo platform [84]. More de-
tails about the data acquisition and pedestrian tracking

protocols can be found in Garcia et al. [21]. In short, the
pedestrians’ positions and head orientations are marked
on the videos every 0.5 s; the temporal resolution is then
increased to a point every 0.1 s through linear interpola-
tion. By double tracking pedestrians, the experimental
uncertainty on the absolute positions was estimated to
below or around 20 cm while the error on the head ori-
entations had a standard deviation of 19◦. The accuracy
of the angular data is well evidenced by our ability to
capture the tendency of pedestrians to look more and
more straight ahead as they walk faster, as reflected in
Fig. 8 by the variation of the standard deviation of δθ,
the angular difference between the head orientation and
the walking direction, with the walking speed.

Finally, to compensate for the narrow field of view and
the interactions thus missed, a reweighting process, based
on an estimation of the number of missed contacts, was
proven to effectively correct the bias towards shorter-
ranged interactions [21].

B. Different perspectives for the assessment of
risks

We now apply the methodology exposed in Sec. III to the
field data, recalling that the static scenarios (queue and
street cafés) are handled slightly differently from their
moving counterparts: People are assumed to keep inter-
acting with the same neighbors over the whole period
∆T = 1 h in the former, whereas in the latter they will
interact with new people. Moreover, in the moving sce-
narios, the risks of infecting one’s co-walkers are over-
looked, because we are interested in the supplemental
risks generated by the scenario under consideration and
the co-walkers probably interacted with the index pa-
tient in more risky places, such as enclosed settings; all
the other people are considered susceptible [85]. By con-
trast, no social groups are taken into account at street
cafés.

Besides, it should be underlined that risks are here quan-
tified by the number of new cases C̄(∆T ) expected in each
setting when an index patient is present on the premises
for a duration ∆T = 1 h, and not the total rate of new
infections in the scenario or the risks incurred by a typ-
ical attendant. We claim that this perspective, centered
on the infected person, is the relevant one at the collec-
tive scale, for policy-making: It enables the decider to
compare the infection potentials of the different activi-
ties in which an infected person would engage. In this
sense, and contrary to the total rate approach, a massive
gathering will be deemed to present higher risks than a
number of smaller gathering only if it leads to higher
C̄(∆T ) than in the smaller gatherings. Compared to the
perspective centered on the receiver, it is true that, if a
given fraction γ of the crowd is contagious (irrespective of
the scenario), the infecter-centered risk assessment also
reflects the average risk per hour incurred by an indi-
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FIG. 6. Dynamic maps of viral concentration associated with speaking (in the lab frame): Effect of the walking speed in
windless conditions. Walking speed vm = (top) 1.0 m · s−1, (bottom) 2.0 m · s−1

vidual in the crowd, γC̄(∆T ), but the two perspectives
may have very dissimilar distributions (for instance with
a low risk for a large number of people or a high risk
for a small number of people). We put the focus on the
infecter-centered risk assessment.

C. Rate of new infections in perfectly windless
conditions

Figure 9(a) shows the rates of new infections in windless
conditions for the different scenarios, when all pedestri-
ans are supposed to be constantly talking. cafés present
the highest risks by far, followed by the outdoor market
and, further down, the metro and train platforms and
halls (filmed in the midst of the pandemic), whereas the
risks raised by fairly busy streets are comparatively quite
low. Reassuringly, these trends are perfectly in line with
those found previously, on the basis of various ad hoc
models, which totally discarded the relative winds gen-
erated by walking, among other aspects. But, here, the
account is more quantitative, given that our transmission
models are rooted in fluid dynamical models; the only ad-
justable variable is the characteristic time of infection T0

(once rescaled by this time, the rates of infections vary
little with T0, within reasonable bounds).

Switching to breathing through the mouth instead of
talking does not affect the ranking in the slightest way,
which makes sense, given the relative insensitivity of
droplet transport to small variations in droplets sizes

(Fig. S4). But it dramatically lowers the risks, by a fac-
tor of order 100, consistently with the lower volume of
respiratory droplets produced in this case.

In reality, people will carry out a mix of respiratory ac-
tivities; the risks should then be computed by an average
of the risks raised for each type of activity, weighted by
the proportion of time spent for each activity; breath-
ing through the nose may be considered to raise no risks.
In practice, this weighting will further enhance the risks
associated with cafés, insofar as talking will probably oc-
cupy a larger fraction of time in this scenario than in the
other ones.

D. Effect of modest winds or ambient air flows

Introducing an external wind alters the foregoing pic-
ture to some extent (Fig. 9b-d). Most strikingly, the
absolute levels of risks are strongly depressed, e.g. by a
factor of 4 in the case of the market, for a wind speed
of vw = 1 m · s−1. This is in line with the dispersal
effect of wind established in Fig. 5. Besides, the risk
gap between street cafés and the outdoor market lessens
with increasing vw, so much so that the two scenarios
become about as risky under external winds blowing at
2 m · s−1, which is still calm air. (Recall however that
this comparison only holds if similar expiratory activities
are performed in all scenarios; otherwise, the activities
should be reweighted). This effect is easily understood
as the wind bends the particularly unfavorable propa-
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FIG. 7. Interpolation of dynamic concentration maps at for v = 0.8 m · s−1 and ϕ = π
4

. (Top) Coarse-grained map calculated
using a bona fide CFD simulation corresponding to these specific conditions. (Bottom) Concentration map obtained by inter-
polation.
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FIG. 8. Standard deviation of the difference between the head
orientation ~eh and the walking direction ~em, as a function of
walking speed.

gation of droplets in the case of face-to-face conversa-
tions, and favors transmission in isotropically dense set-
tings. The distribution of rates of new infectious caused
by the different individuals that were filmed is presented
in Fig. 11.

How robust are these results to variations in the simu-
lated conditions? In principle, at equal wind speed, the
wind direction is not expected to impact the results. This
is verified in most scenarios, but not all. Some effect is
observed for one of the street cafés and the queue at the
screening center: In these cases, the specific settings that
we filmed displayed preferential directions (whether it is

the alignment of the table or that of the queue), which
may couple with the wind direction.

Turning to the directional dependence of inhalation, the
anisotropic inhalation coefficient νR given by Eq. 4 was
used so far. Replacing it with a fully isotropic one, Eq. 5,
tends to enhance the risks, since it allows more directions
for inhalation. This is most acute in the windless queuing
scenario, where the face-to-back alignment of people in
the queue used to make inhalation inefficient.

E. A practical guide to assessing risks in real or
test scenarios

We close this section with a succinct summary of the
practical way in which risks of viral transmission can be
assessed using our framework:

• Collect or simulate the (x, y)-trajectories of peo-
ple in the scenario; the head orientations can be
measured or assumed to align with the walking di-
rection;

• If needed, interpolate between points in order to
increase the temporal resolution;

• Feed these trajectories into the Python scripts cou-
pling them to the dynamic concentration maps to
get the mean rates of new infections C̄(∆T ) for each
expiratory activity and wind velocity under study

• Estimate the fraction of time αt spent talking and
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FIG. 9. Estimated risks of infection associated with speaking in each scenario, for different wind speeds. Pay attention to the
widely different scales in each panel.

FIG. 10. Estimated mean risks of infection in each scenario under an external wind blowing at 1 m · s−1, for (a) speaking, (b)
speaking, with an isotropic inhalation coefficient, (c) breathing through the mouth. Pay attention to the widely different scales
in the panels.

the fraction of time αb spent breathing through the
mouth;

• Compute the rate of new infections as a weighted

average [86] of the C̄
(∆T )
α over the expiratory activ-

ities α (if talking is not negligible, then C̄(∆T ) '
C̄

(αt ∆T )
talking ) at the typical external wind speed vw,

or averaged over the distribution of different wind
speeds and wind directions.

VI. CONCLUSIONS

In summary, we have put forward and implemented a
methodological framework to assess the risks of viral
transmission via short-ranged exposure in crowds. It
provides an unprecedented connection between the fluid

dynamical propagation of respiratory droplets at the mi-
croscale and field-data about macroscopic crowds, using
spatio-temporal maps of viral concentration.

These concentration maps give insight into the trans-
mission risks in binary interactions, highlighting the
paramount effect of the respiratory activity, owing to the
much larger volume of respiratory droplets expelled while
talking, as compared to mouth-breathing; the effect of
(even very modest) winds or ambient air flows is also ap-
parent. The impact of air flows had been reported previ-
ously in case studies of specific (mostly indoor) settings
[32, 49, 51, 70–72]; its generality is underscored here. Our
study further shows how the walking velocity of pedestri-
ans also contributes to decreasing the risks, through the
same mechanism.

By coupling these binary transmission risks with pedes-



14

FIG. 11. Box plot of risks of new infections associated with
speaking under an external wind of 1.0 m · s−1 blowing to the
’North’. The dashed red lines represent mean values, solid
back lines are medians and open symbols are outliers.

trian trajectories, the rates of new infections generated
by a contagious individual wandering for one hour on the
premises was assessed. We put this to the test using field
data collected in diverse daily-life scenarios, which were
thus ranked by risks. Consistently with our previous find-
ings with much coarser models, street cafés present the
highest risks among the investigated scenarios in windless
conditions, due to the configuration of the crowd (even
if the larger fraction of time spent talking is left aside),
followed by the observed outdoor market and, further
down the list, train and metro stations (at the peak of
the pandemic). However, our finer models also stress the
dramatic quantitative effect of the wind on these results,
which strongly depresses transmission risks and tends to
reduce the gap between street cafés and the busy out-
door market. The work thus contributes to explaining
why overall outdoor settings appear to raise substantially
fewer risks of viral transmission than enclosed spaces, be-
sides the negligible risk of long-range air-borne transmis-
sion in non-confined settings.

Note that the critical influence of air currents even at low
speed also urges one to reconsider short-range transmis-
sion risks indoors. Indeed, indoor drafts have a typical
speed of a few tens of centimeters per second [73], which
implies that they can dominate droplet propagation af-
ter the exhaled puffs loose their initial momentum. This
should be taken into account in microscopic studies of

droplet transport, which are usually performed in stag-
nant air.

To conclude, on the bright side, it is worth noting the
generality of the proposed framework, whereby a diver-
sity of scenarios may be tested, e.g., to explore the ef-
ficiency of redesign strategies aimed at mitigating vi-
ral spread, in a stadium or at any other mass gather-
ing. Besides, it is on no account restricted to COVID-
19. On a less positive note, we must plainly acknowl-
edge that our approach, which provides a unique way
to span six orders of magnitude in lengthscales in or-
der to address transmission risks, rests on several se-
rious approximations. Relaxing them would overcome
some limitations of the model, possibly at the expense
of more costly simulations. First, the CFD simulations
could be refined to more accurately reflect the exoge-
nous turbulence of the wind (before it interacts with the
manikin’s body and the expiration flow). Along similar
lines, the influence of the receiver’s exhalation and in-
halation flow on the transport of droplets generated by
an emitter [48] could be taken into account, even though
this may require many more CFD simulations. Height
differences between people could also be incorporated,
and should be so if the crowd mixes standing and seated
people. To allow other researchers to contribute to these
prospective improvements and/or apply the proposed
approach, our main scripts have been made publicly
available on the GitHub repository https://github.
com/an363/InfectiousRisksAcrossScales; the other
scripts can be requested by email.
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ina, and O. Mitjà, “Association between two mass-
gathering outdoor events and incidence of SARS-CoV-2
infections during the fifth wave of COVID-19 in north-
east Spain: A population-based control-matched anal-
ysis,” The Lancet Regional Health - Europe, vol. 15,
p. 100337, 4 2022.

[43] O. Miron and K. H. Yu, “Outdoor mass gathering events
and SARS-CoV-2 infection in Catalonia (North-East
Spain),” The Lancet Regional Health - Europe, vol. 15,
p. 100350, 4 2022.

[44] M. Harris, J. Kreindler, A. El-Osta, T. Esko, A. Ma-
jeed, and M. Harris, “Safe management of full-capacity
live/mass events in COVID-19 will require mathematical,

epidemiological and economic modelling,” Journal of the
Royal Society of Medicine, vol. 114, 2021.

[45] J. M. Llibre, S. Videla, B. Clotet, and B. Revollo,
“Screening for SARS-CoV-2 antigen before a live indoor
music concert: An observational study,” Annals of Inter-
nal Medicine, vol. 174, pp. 1487–1488, 10 2021.

[46] C. Delaugerre, F. Foissac, H. Abdoul, G. Masson,
L. Choupeaux, E. Dufour, N. Gastli, S. M. Delarue, M. L.
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Appendix A: Algorithm for the calculation of
transmission risks

Algorithm 1 presents a pseudo-code for the risk assess-
ment from a series of images. One person is considered
as an index patient i in the scenario, then the risk is
calculated for each of the other people in the movie po-
tentially interacting with i. i is then varied for ensemble
averaging. The wind velocity ~vw is a free parameter that
has not been measured.

Algorithm 1: Algorithm to assess the
transmission risk associated with one contagious

person in a movie

Among the individuals in the movie, select i, the
assumed infected person

Set the wind velocity ~vw
Initialize C

(τi)
i = 0

for p:=1:Number of images do
if i is in image p then

Get tp, the time of image p
Get i’s walking speed ~vm
Get the orientation of i’s head ~eh
Calculate v and ϕ′ and interpolate the
concentration maps from the CFD database.

for j:=1:People in i’ environment do
Initialize the risk for j
for q:=p+1:Number of images do

if j is in image q then
Get the time of image q, tq
Calculate the delay τ = tq − tp.
if τ ≤ τmax then

Calculate the relative position
of j with respect to the
emission rj(tq) − ri(tp)

Get the concentration as a
function of rj(tq) − ri(tp) and
τ , for the relevant parameter
values ( ~vw, ~vm, ~eh).

Update the risk for j.
end

end

end

end

Update C
(τi)
i with j’s contribution.

end

end

Calculate C
(τi)
i .

Recast C
(τi)
i into an hourly rate of transmission Ci.

Appendix B: Numerical method and simulations
details

This appendix details the microscopic numerical simula-
tions used in the paper.

Physical model and flow solver

Three-dimensional numerical simulations are performed
in the idealized case of non-buoyant jets, neglecting tem-
perature effects. To account for turbulence, we use Large
Eddy Simulations (LES) as reported and described in
[30]. The fluid flow is governed by the incompressible ver-
sions of the filtered continuity and Navier-Stokes equa-
tions:

∂ūi
∂xi

= 0, (B1)

ρ
∂ūi
∂t

+ ρ
∂ūiūj
∂xj

= − ∂p̄

∂xi
+ µ

∂2ūi
∂xj∂xj

+
∂τij
∂xj

, (B2)

where ūi is the filtered fluid velocity component in the
ith direction, p̄ the filtered pressure, t the time, xi
the spatial coordinate in the ith direction, ρ the con-
stant air density and µ the constant dynamic viscosity.
τij = ρ(uiuj − ūiūj) is the residual stress-tensor com-
ing from the subgrid-scale unresolved contribution, for
which a closure needs to be provided. Here we use the
so-called sigma model [74] which has notably been built
to yield zero extra dissipation in laminar flows, so that it
is well adapted to situations at moderate Reynolds num-
bers where transition to turbulence occurs [75, 76], which
is the case here.

The considered fluid is assumed to represent air at con-
stant ambient temperature. The kinematic viscosity is
fixed at ν = µ/ρ = 1.5× 10−5 m2/s.

For the present work, we used the flow solver YALES2
[30, 76] [87]. The fluid equations are discretized using a
fourth-order finite-volume scheme, adapted to unstruc-
tured grids [78, 79].

Exhaled droplets are represented as spherical Lagrangian
particles, tracked individually with a point-particle La-
grangian approach. One-way coupling is used as the con-
centration of droplets is small (of the order of a few par-
ticles per liter [17]). The droplet motion is obtained by
advancing them along the flow

dxp
dt

= up, (B3)

where xp is the position of the droplet and up its veloc-
ity.

Conservation of momentum is given by Newton’s second
law:

d

dt
(mpup) = FGp + FAp , (B4)

where mp is the mass of the droplet, FGp is the buoyancy

force and FDp the drag force. The buoyancy force and
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drag force read:

FGp = (ρp − ρ)
π

6
d3
pg and FDp = mp

1

τp
(up − u) ,

(B5)
where ρp is the droplet density, ρ the local gas density, dp
the droplet diameter and g the gravitational acceleration.
τp is the characteristic drag time. It is modeled with the
empirical correlation of Schiller and Naumann [80] for
moderate values of the droplet Reynolds number. This
correlation tends to the Stokes law at low Reynolds num-
bers.

Computational domain and grid

The computational domain is a 3 m-high, 6-m long box in
the wind direction; its width is 4 meters. The manikin’s
head is oriented in the x′ direction and the ambient wind
blows in a variable direction as a function of the incident
angle ϕ (see Fig. 2).

The grid is initially refined around the head of the
manikin with a spatial resolution of 1 mm and coarsened
further away. A dynamic mesh adaptation algorithm is
used to refine the grid wherever needed. To do so, a pas-
sive scalar is injected at the mouth. Any location where
the concentration of this passive scalar is non-zero is iden-
tified as a meaningful region and the grid is subsequently
refined during the calculation, with a target grid size of
8 mm. Figures S1 and S2 prove that CFD simulations
with a finer grid size of 4 mm yield virtually identical
coarse-grained concentration maps.

Boundary conditions

The CFD database is parametrized by the incident air
speed v and the angle ϕ between minus the incident ve-
locity vector and the mouth direction (Fig. 2). The in-
flow boundary condition mimics an ambient wind, where
a uniform flow of ~v′w = (−v cosϕ, v sinϕ, 0) is imposed;
the outflow boundary condition is applied on the other
side of the domain, and slipping wall boundary conditions
are applied to the lateral boundaries.

The breathing flow is injected at the manikin’s mouth,
which was delimited by hand as the surface covered by
the lips of the manikin, whose mouth is initially closed.
This yields a non-planar surface of 4.7 cm2 on which a
uniform velocity is imposed, parallel to the ground and
in front of the manikin.

The time signal is periodic, with a period of 3.0 s, and
was designed to mimic a breathing signal [81] with a short
period typical of the breathing pace while walking. Each
breath is of 1 L of volume, so the breathing rate is 20
L·min−1.

Simulations

Simulations are first performed over 4 cycles to install the
flow. Then, 4 cycles are computed to collect the statistics
presented in Fig. 4 and the following maps. Solutions are
stored every 0.25 s (12 par cycle) for statistical accumu-
lation.

Alternative physical modeling

The typical speeds of expiratory droplets and ventilation
in conditions where there is a concern for contamina-
tion are well within the regime of incompressibility, i.e.,
low Mach numbers. However, thermal effects are present,
which cannot be modeled with the incompressible Navier-
Stokes equations presented in the previous sections. To
test the influence of these effects, we performed a limited
number of simulations with the variable density formu-
lation of the Navier-Stokes equations applicable at low
Mach number, as detailed in [82]. In these simulations,
the air is represented as a mixture of nitrogen, oxygen,
argon, carbon dioxide, and water, and its temperature is
set to 20◦C, with a relative humidity of 50%. The ex-
haled puff is warmer and more humid, with a temperature
set to 35◦C and a relative humidity of 90%. The second
row of Fig. S4 illustrates the (moderate) impact of these
thermal effects: In comparison with the incompressible
model,incompressible model, droplets evade the region of
interest somewhat closer to the point of emission, under
windless conditions, because of buoyancy.

Next, the evaporation of droplets during their propaga-
tion was also introduced in the model. For that pur-
pose, droplets were considered to be composed of pure
water, until they shrunk to a diameter of one third of
the original diameter, at which point evaporation was
halted, to reflect the presence of a non-water content in
the droplet [28, 66]. The model for evaporation follows
the approach developed by Spalding [83], similar to the
one described by Bale et al. [14]. The impact of evapo-
ration on the concentration maps, as compared to those
with thermal effects only, is barely noticeable (Fig. S4).
It should be noted that finer models for the evapora-
tion of droplets of respiratory fluids (instead of water)
are available in the literature [66], but were not imple-
mented in our tests. They would certainly further restrict
the effect of evaporation by slowing down the decrease of
diameter in time.

Finally, the thermal plume due to the receiver’s body
heat may lift droplets upwards and was claimed to facil-
itate the airborne transmission of the virus in enclosed
spaces [64]. Our dynamic concentration maps are oblivi-
ous to the presence of a receiver, but we investigated the
possible impact of these ascending flows by shifting the
region of interest downwards by 20 cm (to compensate
for these potentially overlooked ascending flows). Fig-
ure S4(bottom row) ascertains that this shift only has a
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FIG. S1. Comparison of the dynamic concentration maps generated at distinct time delays τ for a static pedestrian in
windless conditions, by coarse-graining CFD simulations performed with (top row) the original meshgrid, (bottom row) a
refined meshgrid.

moderate effect on the concentration maps.

So far, the effects of these physical details of the CFD
simulations were assessed in windless conditions and
found to be modest. As soon as an external wind is
added, these effects become slighter [Fig. S4(right)], as
the droplets are swept away by the wind.

TRANSMISSION VIA LARGE DROPLETS

Inhalation of large droplets

In the main text, the focus was put on micron-sized res-
piratory droplets, which are much more easily inhaled
than their larger counterparts (> 50µm after evapora-
tion) originating from the oral cavity and lips [62].

Indeed, an inhalation flow speed of around 0.3 m · s−1 in
the vertical direction is needed to overcome the sedimen-
tation of a ∼ 100µm-droplet. A dedicated simulation has
been performed to delineate the region in space where
the vertical flow velocity exceeds 0.3 m · s−1 during in-
halation. A flow rate of 0.55L s−1 is imposed, which is
a rather high value for calm breathing [81]. Even so,
Fig. S6 shows that such a vertical speed of 0.3 m · s−1 is
only reached extremely close to the nostrils, which makes
them less plausible candidates for inhalation than smaller
droplets.

Dynamic maps of concentration

Nevertheless, we computed the dynamic maps of viral
concentration associated with the emission of these large
droplets, the so-called oral mode; they are shown in
Fig. S7. Clearly, these maps differ from those obtained
for smaller aerosols: In windless conditions, they are
transported over less than one meter before sedimenting.
The walking motion drags these droplets farther ahead,
whereas the external wind impacts them diversely: it
hardly affects the mostly ballistic motion of the heaviest
ones, while others are carried away by the wind. It follows
that the interpolation method proposed in Sec. IV D does
not work quite as well on this broad class of droplet sizes,
but tests show that this interpolation still yields reason-
able concentration maps; it will thus be retained.

Rates of new infections via large droplets

The inclusion of the oral mode substantially alters the
ranking of transmission risks across the scenarios under
study, with street cafés that become outshadowed by the
observed outdoor market. This can be ascribed to the
short range of propagation of the large droplets when
they are emitted by a static person (see Fig. S7), as com-
pared to a moving pedestrian. In parallel, owing to their
larger sizes, droplets follow a more ballistic trajectory
and are less sensitive to the wind, as reflected by the
limited effect of the external wind on the rate of new
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FIG. S2. Comparison of the dynamic concentration maps generated at distinct time delays τ for a static pedestrian in a head
wind blowing at 0.3 m · s−1, by coarse-graining CFD simulations performed with (top row) the original meshgrid, (bottom row)
a refined meshgrid.

FIG. S3. Flow rate imposed at the mouth of the manikin at
each cycle of duration 3.0 s.

infections in the different scenarios.

Appendix C: Additional figures
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Scenario / Location #ped mean density (m−2)

Pedestrian banks of the RhÃŽne river, close to the Morand Bridge 164 0.042

Plaza in front of Perrache hub (Hall - Level 1) 1021 0.038

Part-Dieu train station - Ground level/passage area (indoors) 875 0.22

Busy street - Under the Passerelle Bouchut 800 0.05

Bellecour subway station - Platform of Line D (indoors) 849 0.26

Croix-Rousse boulevard - street cafés 13 /

Grande rue de la Croix Rousse (shopping street) 420 0.06

Saint-Jean street in the Old Town of Lyon 481 0.11

Place des Terreaux - Bar/Restaurant terraces 30 /

Croix-Rousse - Main market alley 183 0.46

COVID-19 testing site 66 /

TABLE I. Scenarios under study; #ped denotes the number of tracked pedestrians. All sites are in the metropolitan area of
Lyon, France; most are outdoors.
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FIG. S4. Comparison of the viral concentration maps obtained under different CFD modeling assumptions, for two wind speeds.
The first row presents the reference simulations without thermal effects or evaporation in the puff; thermal effects are included
in the second row, along with evaporation in the third one. Finally, the last row shows the result if the region of interest is
shifted downwards by 20 cm, to compensate for the overlooked buoyancy effect due to the receiver’s thermal plume.
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FIG. S5. Comparison of the viral concentration maps corresponding to different ranges of droplet sizes, for two wind speeds.

FIG. S6. Region of the simulation domain where the ver-
tical air flow during inhalation reaches a speed of at least
0.3 m · s−1, as required to compensate the downward sedimen-
tation of droplets of diameter about 100µm. The inhaling
flow rate is 0.55L s−1.
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FIG. S7. Dynamic concentration maps associated with the oral mode (large droplets) emitted while speaking, in windless
conditions. (Top row) static emitter, (bottom row) walking emitter.

FIG. S8. Transmission risks associated with the oral mode (large droplets, assumed to be inhalable here) emitted while speaking,
in the different scenarios under study.
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FIG. S9. Dynamic maps of viral concentration associated with breathing through the mouth : Effect of the external wind.
(Top row) no wind, (middle row) lateral wind at 0.3 m · s−1, (bottom row) head wind at 1.0 m · s−1. Note the very different
scale, as compared to the maps associated with speaking.
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FIG. S10. Interpolation of dynamic concentration maps at for v = 1.2 m · s−1 and ϕ = 115◦. (Top) Coarse-grained map
calculated using a bona fide CFD simulation corresponding to these specific conditions. (Bottom) Concentration map obtained
by interpolation.

FIG. S11. Variation of the transmission risks associated with speaking in the different scenarios under study for two distinct
wind conditions, depending on the modeling assumptions regarding emission: Either (i) the head orientation governs the
directions of emission and walking, or (ii) the direction of emission is supposed to align with the walking direction. The
estimated risks are fairly similar under both assumptions, except in scenarios where many people are at a halt (street cafés,
waiting line) and the walking direction in (ii) is thus ill-defined.
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