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Abstract 

The design of indoor airflow environments can significantly reduce the risk of respiratory 
epidemic infections indoors. Some studies have successfully developed theoretical models for 
calculating the effect of airflow fields on infection rates. However, up until now, studies have 

primarily focused on simulating and calculating the distribution of viral infection rates in current 
building scenarios. Due to the lack of a direct influence model for the design parameters and 
infection rate calculation, the present studies lack a quantitative analysis of the design parameters. 

This paper investigates the building openings design approach in a medium-sized kindergarten in 
Germany, intending to explore passive-based design solutions to improve the building’s ability to 
prevent the virus’ spread. We calculate the infection rate distribution in space by CFD combined 

with the Wells-Riley model. And then, use the Grasshopper platform to build an optimization 
model with the design parameters of building openings and infection rate values to discuss the 
relationship between geometric parameters and infection rate variation. The results show that the 

building openings’ design parameters in transition spaces significantly affect the indoor infection 
rate under the condition that the input wind speed at the building openings is stable. We can see 
that optimizing building openings significantly reduces the average infection rate in space. The 

infection rate in the area with the largest decrease can be reduced by 18.41%. The distribution of 
infection rate in space is much more uniform, and the excess area is significantly reduced. This 
study has implications for future research and practice in designing public buildings under the 

influence of long-standing and cyclical outbreaks of epidemics. 
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1 Introduction 

The recent global COVID-19 pandemic has shown that the 
spread of respiratory diseases in public places poses a severe 
threat to world public health security (Wu et al. 2020; Zhou 
et al. 2020). Due to social and productive human activity laws, 
the risk of epidemic transmission is much higher in indoor 
spaces of public buildings than in outdoor areas (Chen et al. 
2020). The pattern of global respiratory epidemic outbreaks 
over the past 150 years shows a significant shortening of 
the interval between disease cycles (Chan-Yeung and Xu 

2003; Mills et al. 2004; Valleron et al. 2010), the time interval 
between a pandemic of H1N1 influenza and a pandemic of 
COVID-19 is only about ten years (Chan-Yeung and Xu 2003; 
Chen et al. 2020). The shortening of the pandemic interval 
will have a more frequent impact on public buildings. The 
average lifespan of buildings varies worldwide (Balaras et al. 
2005); in the case of China, where the average building is only 
50 years old (Hu and Zheng 2015), a building will experience 
at least two or more three severe global respiratory epidemics 
during its lifetime.  

In the context of the regular impact of the epidemic on 
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the use of public buildings, new strategies for building 
operations and design are expected to play a major role 
in reducing the risk of transmission in the use of public 
buildings (Pavón et al. 2020). Many studies have shown that 
respiratory disease transmission pathways are directly related 
to indoor airflow (Xie et al. 2007; Wei and Li 2015). The 
planning and design of an indoor airflow environment can 
reduce the accumulation of exhaled pollutants and effectively 
reduce the risk of cross-infection of viruses in indoor air 
(Qian et al. 2009; Zhang 2020). The research questions in this 
study are: (1) How does the design of building openings 
impact the rate of virus infection indoor? (2) What are the 
best solutions in architectural design to reduce the rate   
of virus infection indoor? In order to effectively explore 
these issues, more needs to be known about the changing 
relationships between building design parameters, indoor 
airflow environment, and virus infection rate calculations. 
To assess whether optimization for design parameters can 
deterministically reduce indoor virus infection rates, we 
used digital methods to develop an optimization model and 
tested the dynamic association between building opening 
parameters and indoor virus infection rates. 

In early studies of calculating indoor viral infection rates, 
scholars developed the Wells-Riley equation to predict the 
risk of airborne infection using the concept of quantitative 
infection (Wells 1955; Riley et al. 1978). Subsequent researchers 
have proposed various improvements to the underlying 
model, adding effects on filtration, particle deposition (Fisk 
et al. 2003), and respirators (Fennelly and Nardell 1998), as 
well as non-stationary states (Rudnick and Milton 2003). 
The Wells-Riley equation can only be calculated for infection 
rates in a single confined space and assumes that the droplet 
nuclei with the virus are uniformly distributed in space. 
However, existing studies on airborne diseases show that, in 
reality, particles with viruses are unevenly distributed in space, 
depending on factors such as the location of patients and 
susceptibles and the airflow patterns in space (Olsen et al. 2003; 
Wong et al. 2004; Yu et al. 2005; Noakes and Sleigh 2009). To 
calculate the infection rate of indoor viruses more realistically, 
scholars have tried to apply the hydrodynamic model to 
the infection rate calculation model and conducted a lot 
of research and experiments, including indoor monitoring 
experiments (Bjørn and Nielsen 2002; Qian et al. 2004; Qian 
et al. 2008; Lai and Wong 2010; Nielsen et al. 2014), numerical 
simulations (Qian et al. 2008; Srebric et al. 2008; Mui et al. 
2009; Ji et al. 2018), and analytical models (Xie et al. 2007; 
Redrow et al. 2011; Wei and Li 2015; Liu et al. 2019). The CFD 
numerical simulation method has been widely studied for 
the calculation of the distribution of particulate pollutants 
(Qian et al. 2009; Chavez et al. 2011). 

However, up until now, activity modeling has largely 
focused on simulating and calculating the distribution of viral 

infection rates in current building scenarios. While attempts 
have been made to further influence indoor ventilation 
patterns and alter the indoor airflow environment to reduce 
indoor infection rates (Qian et al. 2008; Qian et al. 2009; 
Chavez et al. 2011), current research models still have serious 
limitations when discussing optimization regarding design 
solutions. An extension of these models was later supported 
by digital technology. The proposed extensions include 
exploring the impact of building vent design on indoor 
infection rate calculations, but the original models used for 
simulation calculations remain unchanged (Du et al. 2020). 
Recognizing the limitations of simulation models for building 
design optimization, scholars have begun to discuss the 
relationship between design form and infection rates in more 
depth. Experiments investigating the effect of different airflow 
layers on the dispersion of spatial pollutants (Du et al. 2020) 
and experiments investigating the impact of individualized 
ventilation design on the risk of airborne transmission of 
COVID-19 viruses (Xu et al. 2020) have demonstrated the 
effectiveness of building design optimization in reducing 
indoor virus infection rates. However, due to the lack of a 
direct influence model for the design parameters and infection 
rate calculation, the current studies lack a quantitative analysis 
of the design parameters. The results of these studies do not 
directly guide the practice of building design and design 
renovation. 

This paper would like to develop a parametric model 
that links a geometric optimization model to a viral infection 
rate calculation model based on previous research results. 
It can directly reflect the relationship between the influence 
of geometric parameters and the rate of virus infection. It can 
be used to quantify and discuss the degree of influence of 
both. The paper is structured as follows. Section 2 describes 
the modeling principles and methods of the parametric 
infection rate optimization model. Section 3 details the 
parametric model simulation and optimization experiments 
carried out based on a real public building case. Section 4 
presents the computational results before and after the design 
optimization of openings for an actual public building. 
Section 5 details the analysis and discussion of the experimental 
data presented in this paper. Finally, we conclude by discussing 
the potential of the approach introduced in this paper, its 
shortcomings, and potential for improvement. 

2 Mathematical model 

2.1 Wells-Riley model for integration with CFD 

The original Wells-Riley equation is based on the concept 
of quantal infection (Wells 1955). The equation can be 
written as: 



Dong et al. / Building Simulation / Vol. 15, No. 5 

 

873

/1 e Iqpt QCP
S

-= = -                                                                 (1) 

where P is the probability of infection (risk), S is the total 
number of susceptible individuals, and C is the number of 
cases to develop an infection in the first outbreak. I is the 
number of source patients (infected); p is the pulmonary 
ventilation rate per minute in a susceptible (m3/h); Q is the 
room ventilation rate (m3/h); q is the quanta produced by an 
infected individual (quanta/h), and t is the exposure time (h). 

A susceptible person’s risk of acquiring the disease 
through the air is related to the dose of pathogens (quanta) 
he/she inhales. The amount of virus inhaled by a susceptible 
person is related to the amount of pulmonary ventilation, 
the duration of exposure, and the concentration of virus- 
bearing particles in inhaled air. Calculation of viral infection 
rates using Eq. (1) requires the ideal prerequisites of a single 
confined space and a uniform distribution of viral particles 
in that space. Thus, the concentration of viral particles in the 
inhalation air of a susceptible person can be defined as: 

W
IqN
Q

=                                                                                   (2) 

where the concentration of virus-carrying particles NW 
(concentration of quanta) in the space is determined only by 
the total number of virus particles (total number of quanta) 
produced by the theoretical source patient in the confined 
space and the overall ventilation (ignoring the effect of the 
indoor airflow field on the distribution of virus particles). 
Thus the Wells-Riley equation can only quantify the rate of 
viral infection in a space under exceptional circumstances and 
does not allow for an in-depth discussion of the distribution 
of infection rates in the space. 

However, in reality, the spatial distribution of particles 
with viruses is not homogeneous. The quanta concentration 
at different locations depends on the patient’s location, the 
virus’s viability in the air, and the airflow pattern. The viability 
of airborne organisms varies under different environmental 
conditions, such as temperature, humidity, ultraviolet radiation 
(UV), etc. Under certain conditions, the death rate of 
microorganisms can be considered proportional to the 
number of living cells present in (Brundrett 1992) to facilitate 
the calculation of virus particle concentrations. The viability 
of the airborne organisms in a closed space may be written 
as (Brundrett 1992): 

d
d
NkN
t

- =                                                                               (3) 

Airborne organisms can attach to the tiny particles 
or droplet nuclei (Wells 1934; Brundrett 1992) and move 
through the air under the influence of air currents. Therefore, 

assuming that the distribution of airborne organisms is 
similar to the distribution of airborne particles (Holmberg 
and Li 1998), the control equation for the transport of 
airborne organisms in the air can be written as follows: 

( ) eff
d

( ) ( )
N

ρN μρ V V N N kρN S
t σ

¶
+⋅ + =⋅  - +

¶ ( )
 

  (4) 

where V


 and dV


 are the velocity vector and settling 
velocity vector, respectively, and ρ is the air density. The 
effect of particles on air density is ignored here and μeff/σN 
is the particles’ diffusion coefficient (which can be set as   
a constant Γ). The settling velocity Vd is calculated by 
Stokes’ law using the density and size of the particles. S is 
the source term. k is the constant death rate of airborne 
organisms in the air and is influenced by several factors. 
Only the effects of relative humidity and air temperature 
are considered and can be determined as constants. In 
the progress of CFD calculation, the indoor flow field 
and temperature field are solved firstly using the RNG k-ε 
turbulence model, including buoyancy effect plus standard 
wall function. After the convergence is reached, Eq. (4) is 
solved solely based on the one-way coupling assumption 
(Holmberg and Li 1998; Gao and Niu 2007; Qian et al. 
2009). Finally, we can obtain a more scientific distribution 
of N: the quanta concentration (quanta/m3). 

According to the Wells-Riley equation, the escape 
probability PE for one susceptible who inhales a particle 
concentration of N for t hours can be written as: 

E e NptP -=                                                                                  (5) 

Ignoring the fact that susceptible individuals are active 
in environments with different concentrations of virus quanta, 
the risk of infection P can be calculated as: 

1 e NPTP -= -                                                                             (6) 

2.2 Model of the effect of building opening parameters 
on infection rates 

Equations (4) and (6) allow us to calculate the distribution 
of quanta concentration (N) in space by bringing in the 
wind velocity (V) at each point in space and then calculate 
the risk of virus infection and its distribution indoors. Based 
on this study, we would like to explore further how to control 
the indoor vector wind speed (V) by design means, thus 
directly controlling the risk of virus infection. Geometric 
parameters essentially control the pattern and distribution 
of building openings in space. Four basic geometric 
parameters are extracted here: the number of building 
openings (Pn), the width of openings (Pw), the height/length 
of openings (Ph/Pl), and the offset distance (Pd) between the 
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center of the openings and the center of the grid to which 
they belong. To exclude the effect of invalid samples on the 
experimental results, we qualified the functional relationship 
between the groups of variables as follows: 

1 2

3 4

2
2

/
/

/ 2 / 2
/ 2 / 2

n w

n h

w w

h h

dw w w

dh h h
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                                                    (7) 

In Eq. (7), W is the width of the interface, H is the 
height or length of the interface, D1 is the distance between 
openings in the w direction, D2 is the distance between 
openings to the interface boundary, D3 is the distance 
between openings in the h direction, and D4 is the distance 
between openings to the interface boundary. We divide the 
grid in the interface enclosed in the w and h directions. The 
nw is the number of grids in the w direction in the interface, 
and nh is the number of grids in the h direction in the 
interface. Pdw is the offset distance in the w direction from 
the center of the building openings in the interface to 
which it belongs to the grid center, and Pdh is the offset 
distance in the h direction from the center of the building 
openings in the interface to which it belongs to the grid 
center. 

A review of the preceding equations leads to two 
operational models, one for the optimization model of design 

parameters on the airflow environment. The other one is the 
calculation model for virus infection rate. We calculate the 
indoor vector wind speed as an interface between the above 
two models and fuse them to create a theoretical model that 
reflects the direct influence of geometric variables on virus 
infection rates. With the Grasshopper platform, the above- 
mentioned theoretical models are parameter-programmed 
to create operational models that can be used for simulation 
calculations. A genetic algorithm program was then used to 
create an optimization channel for the geometric variables 
to discuss the relationship between the combinations of the 
variables on the virus infection rate (Figure 1). The model 
developed in this paper is based on parametric programming 
techniques to interface and integrate the Wells-Riley model, 
the CFD model, and the evolutionary algorithm. The results 
of previous validation studies of each individual model can 
indirectly demonstrate the feasibility and accuracy of this 
comprehensive model (Qian et al. 2009; Chavez et al. 2011; 
Ercan and Elias-Ozkan 2015). 

3 Simulation experiment based on Wismar 
kindergarten 

According to the study, kindergarten buildings are under 
enormous pressure during the epidemic, which will have a 
profoundly negative impact on children all over the world 
(Huang 2020). According to the federal data, 450,000 children 
will miss this grade in Germany in 2021 (Valerie 2021). In 
most areas during the epidemic, kindergarten buildings were 

 
Fig. 1 Optimized model of building openings design parameters 
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one of the first types of public buildings to be brought back 
into use due to social and productive needs and were at 
higher risk of infection (BBC News 2020). 

The case of study is a medium-sized kindergarten 
building located in Wismar, Mecklenburg-Vorpommern, in 
the northern German region. The kindergarten building was 
chosen as the case study because we hope that the findings 
of this paper will help kindergarten buildings cope with the 
persistent epidemic situation. Next, we measured the building’s 
design parameters and used the case data to create an 
introductory scenario for the simulation experiment. 

3.1 Experimental parameter design 

Based on the investigation of building usage, the building’s 
transition spaces were divided into four specific regions 
(Figure 2), where the total number of existing building 
openings was 37 (23 window openings and 14 skylight 
openings). By measuring the wind velocity at the test points 
at the building openings (Figures 3 and 4), we were able to 
determine the primary location information for the air 
inlets and outlets at the building openings between August 
and October (when the school is in session in the fall) and 

the natural ventilation conditions at the building openings 
during the hours of use (7:00 to 17:00). After determining 
the average value of the input wind speed at the building’s 
window openings during natural ventilation, the active 
replacement ventilation device was used to stabilize the 
wind speed in a range close to the average value of the natural 
ventilation wind speed. The values of the input wind speed 
at the building openings in this paper were 1.0–2.3 m/s 
(August), 0.7–1.8 m/s (September), and 1.6–2.5 m/s (October). 
Such values ensure a stable wind field environment in the 
space while using natural ventilation to organize the indoor 
airflow field for as long as possible during the hours of use 
and minimize active practices on ventilation. 

Based on the basic information of the case building 
(Figure 2), we constructed a parametric simulation model 
(Figure 4). By measuring and organizing the building’s 
current design indicators, the initial values and ranges of 
the building openings design’s geometric parameters were 
determined for each of the four regions. According to the 
actual situation, the geometric variables were brought into 
the simulation and calculation model of the infection rate 
after a detailed description of the influence relationship 
and constraints between the different parameters (Table 1). 

 
Fig. 2 Constructing a simulation scenario with case parameters 

 
Fig. 3 Wind speed measurement sensor and real-time wind speed monitoring 
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Table 1 Building openings design geometry 

Name Description Unit Initial value

Pna Number of window openings  23 

Pnb Number of skylight openings  14 

Pwa Window openings width m 2.5 

Pwb Skylight openings width m 2.2 

Ph Window openings height m 1.25 

Pl Skylight openings length m 2.5 

W Interface width m 8 

H Interface height m 5.8 

L Interface length m 22 

Pdx x-direction offset distance (window openings) m 0 

Pdz z-direction offset distance (window openings) m 0 

Pdxb x-direction offset distance (skylight openings) m 0 

Pdy y-direction offset distance (skylight openings) m 0 

Note: The area and position of indoor openings are calculated as constant. 

3.2 Conducting simulated experiments 

In the simulation experiment, we focused on standard 
scenarios (not health care settings for COVID-19 patients); 
thus, we assumed I = 1. p is the pulmonary ventilation rate 
of each susceptible per hour (m3/h), p = 0.3 m3/h when 

people are sitting or doing light activity indoors. Available 
reports and studies have shown that COVID-19 is consistent 
with respiratory infectious diseases’ primary transmission 
mechanism (WHO 2020; Wu et al. 2020; Zhou et al. 2020); this 
infectious disease’s quanta value has not been conclusively 
established at this stage. The quanta generation rate of 
COVID-19 has been obtained as 14-48 h−1 by Dai and Zhao 
(2020). In this study, the quanta generation rate was taken 
as 48 h−1 and brought into the experiment. The filtration 
efficiency of ordinary medical surgical masks on virus- 
laden aerosols is about 60% (Hui et al. 2012), which can be 
set as 50% considering the influence of air leakage (Davies 
et al. 2013). The total number of susceptible people in the 
space was set at 30, and the indoor air temperature was set 
at 21.5–23 °C. The indoor relative humidity was set at 
42%–55% by monitoring the environment in combination 
with the case building. 

Based on available medical case report data (Wells 1934; 
Brundrett 1992; Fennelly and Nardell 1998), values were 
assigned to factors such as the number of susceptibles in 
the space, filtration efficiency, the exposure time, the value 
of virus quanta (COVID-19), and the virus survival rate in 
the air (related to the air environment and active antivirus 
measures), which were brought into the infection rate 
distribution model (Table 2). The vector airflow field effect 

 
Fig. 4 Parameter design of the simulation experiment 
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on the virus infection rate distribution under the influence 
of different building opening parameters is investigated by 
fixing multiple sets of variables. In this paper, we have 
replaced the variables used to calculate the infection rate in 
Table 2 with a constant value, which can impact the accuracy 
of the infection rate calculation. In real-life situations, these 
variables are constantly changing dynamically. An in-depth 
discussion of personnel activity information, personnel 
protection behavior against viruses, and virus survival rates 
could lead to more accurate infection rate calculations. 
However, the results of the experiments in this paper are 
designed to explore the changing trend of infection rates, not 
the true infection rates which are used for medical prediction, 
so these variables have been simplified in the experimental 
design, and this simplification would not affect the changing 

trend of virus infection rates. 
Firstly, the case building’s opening parameters (initial 

values) are brought into the infection rate distribution model. 
Then we perform simulation experiments using the simulation 
scenario program built by Grasshopper technology. Since 
the experimental case is a kindergarten building that serves 
the population of children, we place the plane for testing the 
concentration of virus-carrying particles at a horizontal 
height of 1 m and set up 6583 test points to monitor the quanta 
concentration. In the experiment, under the condition that the 
input and output openings were fixed, the wind speed values 
at the input openings were limited to 1.0–2.3 m/s (August), 
0.7–1.8 m/s (September), and 1.6–2.5 m/s (October). Then we 
simulated and calculated the distribution of infection 
rates in the room under the three conditions (Figure 5). 

Table 2 Predefined experimental conditions based on medical data 

Region No. of susceptible Filtration efficiency Exposure period(h) −kN p (m3/h) q (h−1)

a 12 0/0.5 1.0 0.3 48 

b 10 0/0.5 1.0 0.3 48 

c 4 0/0.5 1.0 0.3 48 

d 4 0/0.5 1.0 

dN/dt 

0.3 48 
 

 
Fig. 5 Infection rate distribution of building openings design parameters under initial value
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4 Results 

4.1 Results of the distribution of infection rates before 
optimization 

Based on the simulation results, we can obtain an overall 
quantified average wind speed of the building transition 
spaces in three different months of 0.61 m/s (August),  
0.53 m/s (September), and 0.81 m/s (October). The 
concentration of virus-carrying particles in the space was 
10.05 quanta/m3 (August), 11.81 quanta/m3 (September), 
and 6.62 quanta/m3 (October). The average infection rate 
in space was 8.10% (August), 9.34% (September), and 7.33% 
(October). We found that Regions c and d have a higher 
infection rate because they have only one opening directly 
connected to the building exterior. The airflow field in space 
is mainly formed by building openings connected to other 
regions, and the vector wind velocity is low. Regions a and 
b, on the other hand, are more open on the spatial scale, with 
27 openings directly connected to the exterior of the building 
(15 window openings and 12 skylight openings). The average 
value of the infection rate in this region is lower than in 
Regions c and d. Regions a and b have to consider the 
function of children’s indoor activities, and the number of 
susceptible persons is 22, so the airflow environment in this 
region is very demanding. Based on the simulation results, 
it was found that the distribution of infection rates in the 
area is uneven, and there are several areas with high and 

low infection rates, ranging from 83.99% to 0.63%, which 
increases the risk of infection in the space. 

In summary, the current rate of indoor infection in 
buildings shows three characteristics. Firstly, the infection 
rate is much higher in the narrower corridor spaces than in 
the atrium spaces of the building. Secondly, the average 
infection rate in the building’s traffic spaces is high; even in 
October, when outdoor wind speeds are high, the infection 
rate can still be up to 7.33%. Thirdly, there is an uneven 
distribution of infection rates in the indoor spaces, as we 
can see in Figure 5, which shows that there are areas where 
the infection rate is much higher than the average. We 
believe that the distribution of infection rates has a more 
significant impact on the risk of infection indoors than the 
average value of infection rates. Such a distribution of infection 
rates in current buildings actually poses a very high risk of 
infection. 

4.2 Results of the distribution of infection rates after 
optimization 

Optimization experiments on building openings design 
were carried out using the Grasshopper program and the 
Genetic Algorithm program. Setting the openings’ geometric 
parameters as the optimization variables (Table 3) to reduce 
the average concentration of virus-carrying particles on the 
test plane allows multiple sets of variables to be optimally 
combined within the range of values taken. 

Table 3 Optimized openings geometry of the building 

Name Unit Range Influence relation Limitation Optimized value Variations 

Pna  15 to 36   32 +11 

Pnb  14   14 0 

Pwa m 2.0 to 2.5  3 × Pwa < 8.0 2.5 0 

Pwb m 2.2  2 × Pwb < 8.0 2.2 0 

Ph m 1 to 1.5  4 × Ph < 5.8 1.4 +0.15 

Pl m 2.5 to 4  4 × Pl < 22 3.4 +0.9 

W m 8 
W = Pna × Pwa + D1a + 2D2a 
W = Pnb × Pwb + D1b + 2D2b 

 8 0 

H m 5.8 H = Pna × Ph + D3 + 2D4  5.8 0 

L m 22 L = Pnb × Pl + D5 + 2D6  22 0 

Pdw m −0.10 to 0.10  |Pdx| < W/6 − Pwa/2 −0.03 −0.03 

Pdh m −0.22 to 0.22  |Pdz| < H/8 − Ph/2 0.12 +0.12 

Pdwb m −0.9 to 0.9  |Pdxb| < W/4 − Pwb/2 0.2 +0.2 

Pdl m −1.5~1.5  |Pdy| < L/8 − Pl/2 −1.1 −1.1 

Note: D1a is the distance between window openings in the x-direction, and D2a is the distance between window openings to the interface boundary. D1b is 
the distance between skylight openings in the x-direction, and D2b is the distance between skylight openings to the interface boundary. D3 is the distance 
between window openings in the z-direction, and D4 is the distance between window openings to the interface boundary. D5 is the distance between 
skylight openings in the y-direction, and D6 is the distance between skylight openings to the interface boundary. 
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A set of solutions for the design parameters of building 
openings with the lowest risk of viral infection was found 
(Table 3). In the optimization results of this experiment, 
the size of the window openings changed less. In contrast, 
the number of openings and the location information were 
significantly different from the parameters’ initial values. 
The optimized values show that the design solution with 
the lowest infection rate is not to increase the number of 
windows to the maximum but to open windows in the best 
position on a divided grid. This solution maximizes the 
efficiency of resource utilization. 

Based on the optimized results, we can obtain an overall 
quantified average wind speed of the building transition 
spaces in three different months of 0.85 m/s (August), 0.71 m/s 
(September), and 0.95 m/s (October). The concentration 
of virus-carrying particles in the space was 5.26 quanta/m3 
(August), 7.29 quanta/m3 (September), and 4.83 quanta/m3 
(October). The average infection rate in space was 4.54% 
(August), 5.82% (September), and 4.22% (October). According 
to the optimization results, the infection rate in Region b 
remains at a low level, with no significant changes compared 
to the pre-optimization period. Due to the large variation in 
the openings parameter in Regions a, c, d, the airflow field 
within this area varies significantly. As a result, the spatial 

distribution of virus particle concentrations and infection 
rates in these regions changed significantly compared to the 
pre-optimization period, showing low values and uniformity 
(Figure 6), with a significant reduction in the original 
high-risk areas in space, especially at the turn of the space. 

4.3 Comparative analysis of data 

By analyzing the simulated data from all monitoring sites 
and excluding the 5% invalid cases, we can discuss the 
infection rate values for each region in the space in more 
depth (Figure 7). The mean infection rates for the four regions 
in the building transition spaces before optimization were 
5.02%, 1.93%, 10.28% and 18.73% (August); 5.76%, 2.14%, 
11.84% and 23.13% (September); 3.92%, 1.53%, 8.67% and 
12.10% (October), respectively. The overall infection rate in 
the transition spaces was 6.71%, 7.87%, and 5.23%. The mean 
infection rates in the four regions of the transition spaces 
after optimization were 3.40%, 2.35%, 5.93% and 4.11% 
(August); 4.08%, 2.62%, 7.74% and 4.72% (September); 
3.61%, 2.03%, 4.79% and 3.87% (October), respectively. The 
overall infection rate in the transition spaces was 3.97%, 
4.87%, and 3.67%. By comparing the values of virus infection 
rate before and after optimization, we can find that the overall 

 
Fig. 6 Infection rate distribution of building openings design parameters under optimized values 
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average infection rate of the transition space decreased 
by 2.74%, 3.00%, and 1.51% after the building openings 
optimization, with the values of Regions c and d decreasing 
significantly by 4.35%, 4.10%, and 3.88% in Region c, and 
by 14.62%, 18.41%, and 14.62% in Region d, respectively. 
8.23%. However, before optimization, the infection rates in 
Regions c and d were very high, 3.57%, 3.97%, 3.44%, and 
12.02%, 15.25%, 6.87% higher than the average infection 
rates in the transition space, respectively. However, after 
optimization, their infection rates differed only by 1.96 %, 
2.87 %, 1.12 %, and 0.14 %, 0.45 %, 0.20 %, respectively, from 
the overall average of the space. 

Simultaneously, based on the results of the SPSS data 
analysis, we can find that the degree of fluctuation of 
infection rate values in the space decreased significantly 
after the optimization of the building openings (Figure 8), 
as reflected by the fact that its minimum, first quartile, third 
quartile, and maximum values were all close to the median. 
After optimization, the average value, median, maximum, 
range, and interquartile range of the infection rate values 
are all significantly lower. The variance after optimization 
decreased by 74.62%, 60.97%, and 44.72% compared with the 
values before optimization, respectively (Figure 8). Therefore, 
the numerical analysis shows that the optimized building 

Fig. 7 Variations of virus infection rate before and after optimization 

Fig. 8 The value difference in respect to optimization 
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opening parameters can correspond to a lower mean infection 
rate and a lower risk (uniform) infection rate distribution. 

In summary, the building situation after parameter 
optimization shows that the three characteristics of the 
original building indoor infection rate results are better 
addressed. Although Region d is a long and narrow corridor 
space, we have reduced the average infection rate in this 
area by adjusting its opening parameters to bring it closer 
to the average value. At the same time, the average infection 
rate in the space drops significantly, even in September. When 
the outdoor wind speed is at its lowest, the infection rate is 
only 5.82%. While in August and October, the average indoor 
infection rate is below 5%. Concerning the indoor infection 
rate distribution, the optimized parameter building has a more 
even distribution of indoor infection rates, and the risk of 
virus infection is significantly lower than that in the original 
building. In this part, an interesting phenomenon can be 
observed. While the parameter optimization experiment 
greatly affected the infection rate for space as a whole and 
specific areas a, c and d, it did not substantially affect area b. 
It also indicates that the parametric optimization model is 
more sensitive to the effects of the higher risk areas. 

5 Discussion 

The final results presented by our experiments show that 
the evaluation criteria for finding cases with the lowest risk 
of infection are the value and distribution of the infection 
rate. In contrast to previous studies evaluating the risk of 
virus infection in hospital wards (Qian et al. 2009; Chavez 
et al. 2011; Du et al. 2020), this experiment uses the same 
evaluation criteria, i.e., the trend of decreasing risk of infection 
through the average infection rate values and the volatility 
of the data. Unlike the previous studies, the optimal case 
selected for this experiment provides not only the room’s 
ventilation parameters but also the specific values of the 
building design parameters directly. The results of the 
variation in the values of the design parameters can help us 
gain a more in-depth understanding of the influence of the 
building design plan on the risk of infection. For example, 
the best case in this experiment is not the one with the 
highest number of window openings, which indicates that 
the ability of the building opening location parameter to 
influence the results is, in some cases, even higher than the 
number of building openings. By analyzing the design 
parameters more closely, we find that in many specific cases, 
the ability of the design parameters to influence the risk  
of infection is different from what we routinely perceive. 
Therefore, the findings of this study can better help us explore 
the direction of optimization in building design. 

In the following subsections, we will discuss the limitations 
of parametric optimization experiments in this study and the 

possible future research directions. 

5.1 Limitations 

In the present experiments, we have the following three 
presuppositions. The first assumption that the viral quanta 
produced by an infected person for a limited period in the 
absence of airflow influence are uniformly distributed across 
all grids in space. An airflow field is then introduced to 
redistribute the virus-bearing particles in space under the 
airflow’s influence to study the concentration of virus- 
bearing particles or quanta concentration (quanta/m3) in 
different grids in space. Finally, we can calculate the risk of 
infection. In the above process, the effect of the free movement 
of the infected person is ignored. In contrast, in the real 
situation, the infected person’s trajectory can significantly 
impact the quanta concentration in the region, so this 
experimental design may underestimate the susceptibility 
risk of approaching patients. 

The second assumption is to take a simple value for the 
viral mortality rate in calculating quanta concentrations. 
Several factors can influence the constant mortality rate of 
airborne viruses. In addition to the air’s relative humidity 
and temperature, the biological nature of the virus itself, 
disinfection, and other anthropogenic measures increase 
airborne microorganisms’ mortality rate (Riley 1974; Brundrett 
1992). When the virus atomizes into the air, the rate of death 
is at first very fast and then gradually slows down (Brundrett 
1992). The first quick period is short and corresponds to 
the evaporation process when the droplets are almost dry. 
In the present study, we only studied the disease transmitted 
by droplet nuclei and ignored the droplets’ evaporation 
process. In a real indoor environment (Wells 1934), droplets 
smaller than 100 μm would dry within 5 seconds, and droplets 
more massive than 100 μm would be concentrated at a plane 
2 m above the ground. However, our experiment’s test plane 
was set at 1 m from the floor because it was targeted at the 
child population, so that this experimental design may have 
underestimated the concentration distribution of the virus 
in space. 

The third assumption is that airborne viruses attach to 
tiny particles or droplet nuclei (Wells 1934; Brundrett 
1992). We assume that the distribution of airborne virus is 
similar to the distribution of particles. Experimentally, we 
bring in the dispersion coefficient between viruses and 
particles as a specific constant. We use aerodynamic equations 
to calculate particles’ transport by air currents, thus spreading 
and influencing virus particles. In the real case, there is a 
degree of dispersion between viruses and particles related 
to the effective viscosity (μeff) between microorganisms and 
particles. Therefore the replacement of constants here may 
affect the accuracy of the infection rate. 
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In summary, the main difference between the experimental 
results and the actual situation would arise from the 
experimental assumption that the activity of susceptible 
people is ignored. Not counting the specific activity trajectories 
of infected and exposed individuals is also one of the main 
limitations of the Wells-Riley model due to the random nature 
of population activity in the actual situation in the space 
cannot be fully quantified. The research on the relationship 
between design parameters and infection rates in this 
paper aims to reduce the risk of indoor virus infection by 
optimizing building design solutions. The increase in infection 
rates at specific locations in the room due to the activity of 
susceptible people is incidental. It does not affect the trend 
of infection rate changes in a space over time as the airflow 
environment does. The control of population behavior is 
also not the research question we would like to discuss in 
this paper. Therefore, the primary purpose of the experimental 
results in this paper is to reflect the virus infection rate trend 
to help researchers determine the direction of building design 
optimization. The virus infection rates in this paper should 
not be directly applied to precise medical statistics. 

5.2 Development 

There are many aspects of this research that could be explored 
in-depth in the future. First, the multiple coefficients used 
in the experiments for infection rate calculations, which are 
used as deterministic constants in this paper as a proxy for 
the calculations, should be investigated more depth. Numerical 
justification of these coefficients could bring the simulation 
results of infection rates closer to the actual situation. 
Secondly, we should also continue to enrich the discussion 
on the values of the parameters of building openings. In 
this study, the experimental simulation and optimization 
object is an existing building. The range of parameter values 
needs to be designed with the existing building structure in 
mind, so the range of variation of building opening parameters 
is limited. The offset parameter that controls the position 
of the openings on the facade is minimal, limiting the range 
of variation of the results to a certain extent. But, there is a 
more excellent range of variation in the parameter variables 
for a new building, making the effect of building openings 
on indoor viral infection rates more pronounced. It is essential 
to note here that this study is based on a small number of 
cases and some critical assumptions. Therefore, additional 
cases and more in-depth exploration are needed in the future. 

6 Conclusion 

This paper takes the example of a medium-sized kindergarten 
project in Germany. We focus on improving buildings’ 
passive epidemic-proofing capacity, developing a viral 

infection rate calculation model combined with parametric 
optimization techniques to explore architectural design 
methods that can reduce the risk of virus infections in 
public areas. The study extracts the geometric parameters 
of the building openings in transition spaces. We then 
optimize them with the Grasshopper technique to explore 
the relationship between geometric parameter variation and 
the distribution of infection rates in the indoor space. The 
experiments show that the average virus infection rate in 
space after parameter optimization can be reduced by 3%. 
This number in many special areas is up to 18.41%. The 
variance of the infection rate values in the area can be 
reduced by up to 74.62%. Analysis of the data shows that 
the design parameters of building openings can directly 
influence the risk of indoor respiratory virus transmission. 
The model is more effective in optimizing the distribution 
of indoor infection rates than reducing infection rate values, 
especially in areas at high risk of infection.  

Current research shows that it is of significant research 
and practical value to explore passive-based architectural 
design solutions to control epidemics in the context of global 
epidemic cyclical outbreaks. In this study, we use a modified 
Wells-Riley model in our calculation. Previously, Air Changes 
Per Hour (ACH) method was used to calculate the infection 
rate by bringing the amount of ventilation in the space into 
the Wells-Riley model. In contrast, the new model in our 
study allows the dynamically wind speed to be substituted 
as a variable in the calculation equation. The ACH method 
uses the value of ventilation in the space for the calculation, 
so it can only obtain a value for the overall infection rate in 
the space and cannot show the distribution of the infection 
rate (Buchan et al. 2020; Mousavi et al. 2020; Wald et al. 
2020). This method is more suitable for studying proactive 
operational strategies such as conditioning system operation 
methods and window opening and ventilation schemes. In 
contrast, the new model used in this paper replaces the 
original space ventilation with the air velocity at each point 
in the space and brings it into the calculation, thus analyzing 
the distribution of the infection rate in different areas of 
the space. This approach is more suitable for exploring the 
effects of changes in building design parameters on the 
infection rate in different areas of the room and is conducive 
to exploring the direction of optimizing passive design. The 
in-depth study of the relationship between design parameters 
and the risk of viral infection is an entirely new direction 
for research in this field and an important topic for future 
social and natural sciences research. 
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