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Abstract 

This study aims to present a smart ventilation control 

framework to reduce the infection risk of COVID-19 in 

indoor spaces of public buildings. To achieve this goal, an 

artificial neural network (ANN) was trained based on the 

results from a parametric computational fluid dynamics 

(CFD) simulation to predict the COVID-19 infection risk 

according to the zone carbon dioxide (CO2) concentration 

and other information (e.g., zone dimension). Four sample 

cases were analyzed to reveal how the CO2 concentration 

setpoint was varied for a given risk level under different 

scenarios. A framework of smart ventilation control was 

briefly discussed based on the ANN model. This 

framework could automatically adjust the system outdoor 

airflow rate and variable air volume (VAV) terminal box 

supply airflow rate to meet the needs of reducing infection 

risk and achieving a good energy performance.  

Key Innovations 

• A parametric CFD simulation was conducted to 

investigate the relationship between the infection 

risk of COVID-19 and the indoor CO2 

concentration. 

• An ANN model was trained for predicting a 

reasonable CO2 concentration setpoint for a 

given risk level and real-time zone operation 

conditions. 

• A smart ventilation control framework was 

proposed to reduce building energy and ensure 

occupant’s well-being amid the pandemic. 

Practical Implications 

This study allows practitioners to understand why the CO2 

concentration could be used as a proxy for predicting the 

COVID-19 infection risk, and how such information 

could fuel a smart ventilation control algorithm to achieve 

energy efficiency and well-being purposes. 

 

Introduction 

Background 

First reported in China at the end of 2019, and then rapidly 

spreading to the rest of the world in a couple of months, 

the Coronavirus Disease 2019 (COVID-19) caused by the 

Severe Acute Respiratory Syndrome Coronavirus 2 

(SARS-COV-2) (Andersen et al. 2020) has led to a 

dramatic loss of human life, caused a global social and 

economic disruption, and posed an unprecedented 

challenge and threat to public health. Accumulating 

studies have suggested that the principal mode by which 

people are infected with COVID-19 is through exposure 

to respiratory droplets that may carry infectious viruses 

and pathogens (U.S. CDC 2020b).  

Although the U.S. Centers for Disease Control and 

Prevention (CDC) concluded that (U.S. CDC 2020b) the 

airborne transmission of SARS-CoV-2 typically occurs 

only in special circumstances such as enclosed spaces and 

prolonged exposure to respiratory particles, and should be 

considered as an uncommon transmission route, an 

increasing amount of studies have indicated that the 

airborne transmission of SARS-COV-2 is non-negligible 

in reality and could pose more serious risks to public 

health than we originally thought it would do (Morawska 

et al. 2020; Wilson et al. 2020; Zhang et al. 2020). 

As reviewed by Morawska et al. (2020) and Miller et al. 

(2020), multiple sampling studies, such as a study carried 

out in Wuhan, China (Liu et al. 2020) and a study carried 

out in Singapore (Ong et al. 2020), have successfully 

detected the presence of SARS-CoV-2 viruses in the air 

of healthcare environments by polymerase chain reaction 

(PCR) tests. Besides, a series of super-spreading events 

(SSE) that occurred all over the world in the past months 

(Althouse et al. 2020), e.g., the outbreak on the Diamond 

Princess Cruise (Tokuda et al. 2020), also manifested the 

potential risks of airborne transmission, which is defined 

by the World Health Organization (WHO) as the spread 

of an infectious agent caused by the dissemination of 

droplet nuclei that are resulted from the evaporation of 

small droplets and remain infectious when suspended in 

air over long distances and time (WHO 2014). 

Effects of ventilation 

Ventilation plays a significant part when it comes to 

assessing the infection risk of respiratory disease via 

aerosol transmission (Jensen et al. 2005). A literature 

review of Li et al. (2007) showed that there have been 

strong and sufficient proofs to indicate the association 

between the ventilation and airflow distribution of the 

buildings and the spread of infectious diseases such as 

Measles, Tuberculosis (TB), and influenza. During the 

COVID-19 pandemic, multiple studies have found that 

the little dilution of contaminated air resulted from 

insufficient ventilation was the culprit of many spreading 

events happening in restaurants, transportations, and 
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conference rooms (Lucas 2020; Miller et al. 2020; Tokuda 

et al. 2020).  

Given the accumulating supporting evidence on the 

ventilation’s contributions on controlling the risk of 

infectious disease, multiple international organizations 

such as the American Society of Heating, Refrigerating 

and Air-Conditioning Engineers (ASHRAE) (ASHRAE 

2020), Federation of European Heating, Ventilation and 

Air Conditioning Associations (REHVA) (REHVA 

2020), and Chinese Association of Refrigeration (CAR) 

(Guo et al. 2021), have recommended the building 

managers to take the measure of increasing the outdoor 

air ventilation into consideration when operating the 

heating, ventilation, and air conditioning (HVAC) system 

in a pandemic. ASHRAE Position Document on 

Infectious Aerosols, which was updated on April 14th, 

2020, even recommends disabling the operation of 

demand-controlled ventilation (DCV) and open outdoor 

air dampers to 100% if the indoor and outdoor conditions 

permit (ASHRAE 2020). 

Despite the great benefit of infection risk mitigation, 

increasing the outdoor air intake also raises a practical 

issue that an excessive amount of outdoor air intake could 

consume a lot of energy for air conditioning. Considering 

that currently there lacks a piece of evidence, guide, or 

code based on which a minimum ventilation requirement 

could be determined for schools, offices and other non-

hospital public environments about the spread of airborne 

infectious diseases (Li et al. 2007), there is an urgent need 

to come up with a control algorithm which could meet 

both the requirement for reducing the infection risk of 

COVID-19 and the need for achieving optimal building 

energy efficiency. 

CO2 as an indicator of infection risk 

The CO2 concentration of indoor air has long been 

considered as a potential proxy for indicating the infection 

risk of respiratory diseases, based on a theory that: 

• Human respiratory activities, such as exhalation, are 

the main source of viral aerosols. In most of the 

buildings where there are no internal sources of CO2 

generation, the occupant’s respiratory activities are 

the main source of CO2 as well.  

• The CO2 concentration of the exhaled air is much 

higher than the background CO2 concentration which 

is usually on a stable level varying from 350 ppm to 

400 ppm (Erdmann et al. 2002; Satish et al. 2012).  

• The infection risk is directly associated with the 

fraction of rebreathed air which could be computed 

by comparing the indoor CO2 concentration against 

the background CO2 concentration. 

It should also be noted that there are restrictions on using 

CO2 as a marker of the infection risk or concentration of 

infectious aerosol. Firstly, the zone should not be too 

sparsely occupied, or the association between the CO2 

concentration and ventilation rate would be less obvious. 

Secondly, occupants should be the exclusive source of 

CO2 in the object zone. 

Literature review 

Rudnick and Milton (2003) developed a CO2-based 

infection risk evaluation method on basis of the original 

Wells-Riley (WR) equation (Riley et al. 1978). Compared 

to the original equation which needs an explicit input of 

the outdoor airflow rate, the new method calculates the 

number of quanta that the susceptible people inhale based 

on the rebreathed fraction obtained from comparing the 

indoor and background CO2 concentrations.  

Issarow et al. (2015) developed a similar method for the 

infection risk assessment of respiratory disease by using 

CO2 as a biomarker of exhaled air. The mass balance of 

CO2 was used to calculate the fraction of the rebreathed 

air inhaled by the susceptibles. Compared with the 

method of Rudnick and Milton (2003), this method 

considers a more complicated scenario that could cater to 

both steady-state and non-steady-state conditions.  

Hartmann and Kriegel (2020) proposed a method to 

assess the risk associated with infectious aerosols based 

on CO2 concentration. Like the previous two methods, the 

mass balance of CO2 and virus was calculated from 

solving the derivative equations. This method takes the 

uneven distribution of the contamination in indoor spaces 

into consideration of the risk assessment by introducing a 

parameter 𝜀  which represents the ratio of the 

concentration of contamination in a single point and the 

average concentration of contamination in the space. 

Additionally, a case study was conducted, and some 

recommended CO2 concentrations were given. 

Peng and Jimenez (2020) presented a derivative equation-

based method to predict COVID19 infection risk from the 

CO2 concentration. This method introduces some 

parameters such as filtering effects of facial masks for 

exhalation and inhalation to reflect reality. Compared 

with the Rudnick and Milton (2003) model, their method 

could better account for the different dilution effects of 

ventilation on CO2 and aerosols. The authors also 

performed a case study to quantify the infection risk and 

CO2 concentration under various scenarios, such as the 

different occupant activity levels, different space types, 

etc.  

Although there have been multiple CO2-based infection 

risk evaluation equations/models available, they all suffer 

from some limitations. For instance, some of them make 

a lot of simplifications on the airflow distribution when 

developing the derivative equations. Thus, the results may 

not be accurate enough considering that the reality could 

be extremely diverse in terms of zone dimension, airflow 

organization, etc. Besides, some of the methods include 

non-explicit parameters in the calculation, e.g., the 

respiratory deposition fraction of airborne infectious 

particles and the mortality rate of the generated airborne 

infectious particle (Issarow et al. 2015). The values of 

these parameters are usually hard to estimate. 

Objectives 

In a modern commercial building with a building 

automation system (BAS) and occupant counting sensing 

system, the information of zone dimension, and real-time 

occupant number, and CO2 concentration could usually be 
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easily obtained. This paper aims to develop an infection-

risk-based smart ventilation control framework, as 

presented in Figure 1, to minimize the infection 

probability of COVID-19 in the public space. First, a total 

of 102 parametric computational fluid dynamics (CFD) 

simulations were performed to collect the results of CO2 

and infectious aerosol concentrations under different 

conditions, e.g., zone area, zone aspect ratio, number of 

occupants, and supply airflow rate. Then, the infection 

risk for these various scenarios was computed using an 

infection probability model and the inputs of CFD 

models. Next, based on the results of CFD simulation and 

infection risk calculation, an artificial neural network 

(ANN) model was trained to predict the critical CO2 

concentration under a given COVID-19 infection risk. 

Last, a conceptual smart ventilation control algorithm was 

proposed to utilize the CO2 concentration to optimize 

HVAC operation for infection risk reduction and energy 

efficiency in buildings.  

 

Figure 1: The infection-risk-based smart ventilation 

control framework for the variable air volume (VAV) 

system. 

This paper is organized as follows. Section 1 conducts a 

literature review on the transmission of COVID-19, the 

role of ventilation in disease control, and case studies that 

used the CO2 concentration as an indicator of infection 

risk. Section 2 introduces the plan for CFD simulations 

and investigation of the association between CO2 

concentration and infectious aerosol concentration.  

Section 3 and Section 4 elaborate on the development of 

the ANN model and smart ventilation control algorithm, 

respectively. Section 5 discusses the conclusions and 

future work.  

CFD Simulation 

CFD is a powerful tool to analyze and solve real-world 

problems that involve fluid flows (Shen et al. 2020) and 

has been frequently used in indoor airflow analysis and 

indoor air quality (IAQ) related studies. When it comes to 

the investigation of the relationship of CO2, infectious 

aerosol, and infection risk, CFD is the most appropriate 

method given its scalable and accurate solutions for 

airflow patterns under different zone dimensions, 

occupant locations, supply air fractions, and airflow 

distributions. 

The aim of CFD simulation in this study is to generate a 

database of the indoor CO2 concentration and infectious 

aerosol concentration under different conditions, so their 

relationship could be learned and used for ventilation 

control. To enhance the representability of the database, a 

parametric simulation plan which includes 102 CFD 

simulations with multiple zone dimensions, occupied 

scenarios, and outdoor airflow rates was proposed.  

Zone dimension 

The dimension of the zone, including its length, width, 

and height, could pose an impact on the air airflow 

pattern. Besides, the number of occupants, which is 

usually associated with the area of the zone and occupant 

density, is also the determining factor for the amount of 

exhaled virus aerosols and CO2. As summarized in Table 

1, this study incorporated multiple zone dimension 

scenarios to account for the diversity of architectural 

design. The terms L, W, and H in Table 1 represent the 

length, width, and height of the zone, respectively.  

Table 1: Scenarios of zone dimensions. 

# Description L (m) W (m) H (m) Aspect 

Ratio 

1 Small office 4 3 3 1.33 

2 Medium 

office 

5 4 3 1.25 

3 Large office 8 6 3 1.33 

4 Extra-large 

office 

10 10 3 1 

5 Long office 1 20 5 3 4 

6 Long office 1 18 6 3 3 

7 Long office 2 16 8 3 2 

8 Lecture room 5 4 3 1.25 

The purpose of adding the three extreme scenarios (No 5 

– 7), i.e., the offices with a long shape, is to take the 

impacts of zone aspect ratios into consideration of the 

ANN model since it may influence the distribution of 

airflows and lead to a difference in CO2 and infectious 

aerosol concentrations. Case 8 is to investigate the impact 

of higher occupant density (see Table 2). 

It is noted that the zone dimension input parameters could 

be changed by users in the ANN model. 

Occupant  

The occupant is the exclusive source of CO2 and 

infectious aerosols in the office space as usual. This study 

determines the zone occupant number based on the 

requirements of ASHRAE Standard 62.1 – 2019 

Ventilation for Acceptable Indoor Air Quality (ASHRAE 

2019), in which the occupant density of the office and 

lecture room is suggested to be 5 and 65 people per 100 

m2, respectively.  

The number of infectious occupants in the indoor space, 

which is a determining factor for the total amount of 

infectious aerosol exhaled, is usually unknown to the 

building operators, and thus takes an estimated value 
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when quantifying the infection risk. This study 

investigates several values for the ratio of infection, to 

make sure that the results of parametric CFD simulations 

could cover a range wide enough.  

The details about these occupant scenarios for each zone 

dimension are presented in Table 2. The first number in 

the bracket indicates the total number of occupants, and 

the second number in the bracket indicates the number of 

infected occupants. 

Table 2: Scenarios of the numbers of total occupants and 

infected occupants for the various zone scenarios. 

# Description Design 

occupant 

number 

Total number of 

occupants & number 

of infected occupants 

1 Small office 1 (1,1) 

2 Medium office 2 (1,1), (2,1) 

3 Large office 4 (2,1), (3,1), (4,1), (4,2) 

4 Extra-large 

office 

8 (4,1), (4,2), (6,1), 

(6,2), (8,1), (8,2) 

5 Long office 1 8 (4,1), (4,2), (8,1), 

(8,2), (8,3) 

6 Long office 1 8 (4,1), (4,2), (8,1), 

(8,2), (8,3) 

7 Long office 2 8 (4,1), (4,2), (8,1), 

(8,2), (8,3) 

8 Lecture room 10 (3,1), (6,1), (6,2), 

(10,1), (10,2), (10,3) 

It should be noted that the selections of these values are 

only to facilitate the training of the ANN model. The users 

could tune the values of these two input parameters 

themselves based on their needs. 

Outdoor airflow rate 

The outdoor airflow rate has a significant impact on the 

mass balance of CO2 and infectious aerosols. In an indoor 

environment with an absence of natural winds, ventilation 

is the most direct and effective measure to dilute the 

concentrations of CO2 and viral particles in the indoor air 

(U.S. CDC 2020a).  

This study specifies the design outdoor airflow rate 

following the requirements of ASHRAE Standard 62.1 – 

2019 (ASHRAE 2019). The design total supply airflow 

rate is assumed to be ten times that of the design outdoor 

airflow rate based on engineering judgments. Three 

scenarios of actual supply airflow rate are considered in 

this study. The total supply airflow rate is varied to 30%, 

50%, and 100% of the design total supply airflow rate to 

simulate the different load conditions in reality. 

The number and location of supply vents and return vents 

are determined based on engineering judgments and 

common practice in HVAC design. In general, one supply 

vent is set up for approximately every 15 m2 of area, and 

one return vent is set up for every 1.5 – 2 supply vents 

(Angel 2020). Both supply vents and return vents are 

symmetrically distributed, while the supply vents are 

located in the center while the return vents are located in 

the corners.  

It should be noted that the outdoor airflow rate could be 

changed by the users in the ANN model. 

Other parameters 

The human pulmonary ventilation rate is determined from 

a report by the U.S. Environmental Protection Agency 

(EPA) (EPA 2009). The characteristics of the viral aerosol 

in the exhaled air, such as the distribution of aerosols with 

different diameters, the concentration of aerosols in 

exhaled air, etc., were determined based on the field 

measurement data of SARS-CoV-2 viral RNA in aerosols 

from two Wuhan hospitals (Liu et al. 2020).  

Implementation 

SolidWorks was used to assist the development of a total 

of 102 CFD models. ANSYS Fluent 2019 R3 was used to 

simulate the airborne transmission of the virus particle 

carried by the ambient airflows. The mesh topology was 

determined by refining the mesh until grid independence 

of the flow field solutions was achieved. As an example, 

the final mesh of the computational domain for the Extra-

large office contains 2,287,436 elements in total. 

The numerical simulation was performed on the X 

University Y High Performance Computing Platform Z 

Cluster (the name is hidden for the blind reviewing 

purpose). Z Cluster is an Intel x86-64 Linux cluster with 

856 compute nodes (17,436 total cores) and 8 login nodes. 

Most (792) of the compute nodes are IBM NeXtScale 

nx360 M4 dual-socket servers based on the Intel Xeon 

2.5GHz E5-2670 v2 10-core processor. While the larger 

the zone volume was, the longer its computation would 

last, generally, the computation time for each trial took 

around 2.5 hours on average. 

CFD Simulation results 

The CFD simulation results were inspected carefully in 

terms of convergence, airflow distribution, CO2 

concentration distribution, aerosol particle concentration, 

etc., to make sure that the model setting is appropriate. 

The outlook of a sample CFD model and its simulated 

airflow trace line is presented in  

Figure 2. 

 

Figure 2: (a) The CFD model for a sample case; (b)The 

simulated airflow trace line of the sample case. 

The relationship between indoor CO2 concentrations and 

aerosol particle concentrations was investigated. 

Considering that the CO2 sensor is usually mounted 

between 1 m and 2 m above the floor within the vertical 

breathing zone (Fisk et al. 2010), the zone CO2 

concentration is calculated as the average CO2 

concentration of the wall adjacent space which is within 1 

m distance to the wall and 1 – 2 m above the floor. The 

zone infectious aerosol concentration, however, is 

calculated as the average mass concentration of the 
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breathing zone, which is defined as space that is 1 – 2 m 

above the floor.  

 

Figure 3: The relationship of the CO2 concentration and 

infectious aerosol concentration from the CFD 

simulation results. 

The relationship between the CO2 concentration and the 

viral aerosol concentration is plotted in Figure 3. 

Generally, there is an obvious positive correlation 

between CO2 and virus: a higher CO2 concentration 

usually corresponds to a higher viral load and a 

subsequent higher infection risk of COVID-19. This again 

verifies the assumption that the CO2 could be considered 

as a biomarker of the infectious aerosol and infection risk 

of respiratory disease. 

ANN Model Development 

ANN is a computational model that simulates the function 

of the human brain to make decisions. Each ANN has one 

input layer, one output layer, and one/multiple hidden 

layers(s), with each layer containing multiple nodes that 

imitate the biological neurons in human brains (Jain et al. 

1996). ANN has a reputation as a powerful prediction tool 

and has been frequently used for many case studies and 

analyses. This study uses an ANN model to predict the 

COVID-19 infection risk. 

 Infection risk calculation 

The infection risk of COVID-19 was calculated using the 

Gammaitoni-Nucci (GN) model (Gammaitoni and Nucci 

1997). This model is a modified version of the classical 

WR equation (Riley et al. 1978). They both a hypothetical 

infectious dose unit, i.e., quanta, to associate the infection 

risk to the amount of viral pathogen the susceptible inhale.  

The term “quanta” is defined as the number of infectious 

airborne particles required for an infection; exposure to 

one quantum leads to an average infection probability of 

63% (i.e., 1 −  
1

𝑒
). Exposure to a higher dose of quantum 

would lead to a higher infection risk. This mechanism is 

presented in Equation 1, where 𝑛  represents to the 

quantum which the susceptibles are exposed to.  

𝑃𝐼 = 1 − exp (−𝑛)                         (2) 

Compare with the original WR equation, the GN model is 

more appropriate for the situation with a non-steady 

quanta level. The form of the GN model for zero-quanta 

initial state is presented in Equation 2, where 𝑃𝐼  is the 

probability of infection, 𝐼  is the number of infectious 

occupants, 𝑞 is the quanta generation rate per person, 𝑝 is 

the pulmonary ventilation rate, 𝑉 is the zone volume, 𝑁 is 

the air change rate, and 𝑡 is the event duration time.  

𝑃𝐼 = 1 − exp (−
𝐼𝑞𝑝

𝑉
∗  

𝑁𝑡+ 𝑒𝑁𝑡−1)

𝑁2 )           (2) 

The value of the quanta generation rate is distinct for 

different kinds of respiratory diseases. This value is 

usually a feature of the disease itself and needs a lot of 

epidemiological data and analysis for verification 

(Noakes and Sleigh 2009). Depending on the data and 

analysis method, the value of the quanta generation rate 

could vary broadly even for the same disease. 

Multiple studies have tried to estimate the value of the 

quanta generation rate of SARS-CoV-2, e.g., Miller et al. 

(2020), Dai and Zhao (2020), Zemouri et al. (2020), and 

Buonanno et al. (2020). Based on the estimations from 

Dai and Zhao (2020), three 𝑞 value of SARS-CoV-2 were 

taken in this study, which are 14, 30, and 48 ℎ−1. They 

represent the low, medium, and high infectivity levels, 

respectively. 

The event duration time 𝑡 refers to the time during when 

occupants stay in the indoor space. This study takes 

several values for 𝑡, including 0.5, 1, 3, and 4 ℎ. 

The values of other parameters such as 𝐼, 𝑝 , 𝑉, and 𝑁 are 

consistent with the settings in CFD simulations. 

Model training 

The ANN model was trained using the results from the 

CFD simulation and infection risk calculation. The input 

and output parameters of the ANN model are summarized 

in Table 3. 

Table 3: Input and output parameters of the ANN model. 

Input parameter Outputs 

Zone 

dimension 

Length 

Probability of 

infection 

Width 

Occupant 
Number of occupants 

Infection ratio 

HVAC 
Outdoor airflow rate 

CO2 concentration 

Two indexes were computed to evaluate the goodness of 

fit of the ANN model. The first one is the coefficient of 

determination, also known as the R-squared (R2) value. 

This index indicates how much variance in the dependent 

variable could be predicted from the independent 

variable. Its calculation is presented in Equation 3, where 

𝑛 is the total number of data points, 𝑦𝑖  is the actual value, 

�̂�𝑖 is the predicted value, and �̅� is the mean of the actual 

values. 

𝑟2 = 1 −
∑ (𝑦𝑖 −  �̂�𝑖)

2𝑛
𝑘=1

∑ (𝑦𝑖 −  �̅�)2𝑛
𝑘=1

⁄       (3) 

The second index is the coefficient of variation of the root 

mean square error (CVRMSE). Its calculation is 

presented in Equation (4). CVRMSE has been frequently 

used to examine the accuracy of a calibrated simulation 

(Chakraborty and Elzarka 2018). 

𝐶𝑉𝑅𝑀𝑆𝐸 =  
√∑ (𝑦𝑖 −  �̂�𝑖)

2𝑛
𝑘=1

𝑛⁄

�̅�
⁄

           (4) 

The results for the model training are presented in Figure 

4. This model is the case with 𝑞 equal to 48 ℎ−1  and 𝑡 

equal to 1 h. The red and blue scatter points represent the 
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data points for the testing and training, respectively. The 

values of CVRMSE and R2 for training and testing data 

are annotated in Figure 4 as well. 

As suggested in the figure, the trained ANN model could 

generally accurately predict the probability of infection of 

COVID-19 by the input information such as zone 

dimensions, number of occupants, etc. This good fit 

indicates that it’s possible to come up with a smart 

ventilation control algorithm to adjust the HVAC 

operation based on a predicted CO2 concentration setpoint 

under a given risk level. 

 

Figure 4: ANN model training results. 

Case analysis 

Four sample cases were analyzed to reveal how the CO2 

concentration setpoint of the smart ventilation control 

could be adjusted by the ANN model under different 

situations. The four sample cases have the same zone 

dimension (10 m * 10 m * 3 m) with the same assumption 

for quanta generation rate 𝑞 (48 h-1) and event duration 

time 𝑡 (1 h). The number of total occupants and infectious 

occupants, and the outdoor airflow rate were changed to 

reflect different operation conditions.  

The details about these four sample cases are presented in 

Table 4. The prediction results of COVID-19 infection 

risk under different CO2 concentrations are presented in 

Figure 5.  

 

Figure 5: The CO2 concentration vs. COVID-19 

infection risk under different operation scenarios. 

Table 4: Parameters of the four typical sample cases. 

Case No 1 2 3 4 

Dimension 10 m * 10 m * 3 m 

Quanta generation rate 48 h-1 

Duration time 1 h 

Occupant number 4 8 8 8 

Number of infectious 

occupants 

1 1 2 2 

Outdoor airflow rate 

m3/s 

0.25 0.25 0.25 0.5 

The following observations could be made from Figure 5. 

• First, for the same operation scenario, a higher indoor 

CO2 concentration usually indicates a higher 

probability of infection. However, the CO2 

concentration and the associated infection risk could 

not be fairly compared among different operation 

scenarios, considering that the infection risk is also 

closely associated with the occupant number, outdoor 

airflow rate, etc. 

• By comparing Case 1 and Case 3, it is concluded that 

when the ratio of infection remains the same, to reduce 

the infection probability to the same level, a lower 

CO2 concentration should be maintained for a higher 

occupant density case than it did for the lower 

occupant density case. As seen in the figure, Case 1 

with a total occupant number of 4 and infection ratio 

of 25% requires bringing the CO2 concentration down 

to about 660 ppm to control the infection risk to be 

under 4.5%,  while for Case 3 with an occupant 

number of 8 but infection ratio of 25%, this CO2 

concentration is 450 ppm. 

• From the comparison of Case 2 and Case 3, it is 

observed that while the occupant number is the same, 

the case with an assumption of a higher ratio of 

infection tends to need a lower CO2 setpoint to 

decrease the infection risk to an acceptable level. For 

Case 2 of which the infection ratio is assumed to be 

12.5%, it only needs a CO2 concentration of 700 ppm 

to take the infection risk down to 4.5%, while for Case 

3 with an infection ratio of 25%, the CO2 setpoint for 

the same risk level is 450 ppm. 

• It is also noted that under the same occupied condition 

and with the same infection risk to control, increasing 

the outdoor airflow rate could significantly decrease 

the computed CO2 setpoint. As could be seen from the 

curves of Case 3 (0.25 m3/s outdoor airflow rate) and 

Case 4 (0.5 m3/s outdoor airflow rate), the latter has a 

far smaller probability of infection than the former 

does under the same CO2 concentration, which is 

aligned the current practice of increasing outdoor 

airflow rate.  

Smart Ventilation Control 

A smart ventilation control framework is presented to 

utilize the predicted CO2 concentration setpoint from the 

ANN model to adjust the operation of the building HVAC 

system, as has been discussed in the previous section (see 

Figure 1). In this study, only the control strategy for the 

VAV system will be discussed. This control algorithm is 

mainly based on the Ventilation Rate Procedure (VRP) of 

ASHRAE Standard 62.1 – 2019 (ASHRAE 2019) and of 

ASHRAE Guideline 36 – 2018 (ASHRAE 2018).  
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The basic control logic of this smart ventilation algorithm 

is presented in Figure 6. Generally, the ANN model will 

take inputs from BAS, and then output a CO2 

concentration setpoint for each zone on each timestep. 

BAS will then adjust the zone supply airflow rate and 

system outdoor airflow rate based on the zone CO2 

setpoint. 

 

Figure 6: The proposed ANN-in-the-loop smart 

ventilation control logic. 

Zone-level control 

The VAV system relies on a terminal system to distribute 

the conditioned air from the AHU to each zone. This 

subsection introduces the control sequences for the VAV 

terminal unit with reheat. The general idea is that the 

supply airflow rate should satisfy the need for both zone 

heating and cooling load requirements and infection risk 

mitigation.  

• Load based airflow rate setpoint 

As usual, the zone VAV box terminal is controlled based 

on the dual maximum control logic (Taylor et al. 2012), 

as presented in Figure 7. Based on this logic, the zone 

supply airflow rate and supply air temperature (only for 

the terminal box with reheat) are dynamically adjusted 

based on the load condition. The zone supply airflow rate 

based on load calculation is denoted as 𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑 . 

 

Figure 7: The dual maximum logic for zone VAV box 

terminal control. 

• CO2 based airflow rate setpoint 

The proposed smart ventilation control algorithm will 

calculate a CO2 based supply airflow rate, 𝑉𝑠𝑝𝑡−𝐶𝑂2 , to 

satisfy the need to reduce the infection risk of COVID-19. 

Its basic logic of the CO2-based ventilation loop is shown 

in Figure 8.  

 

Figure 8: The CO2-based zone VAV terminal box 

control. 

The maximum supply airflow rate of the CO2 loop 

(VCO2−max) shall be equal to the zone maximum cooling 

supply airflow rate (VCool−max ). The minimum supply 

airflow rate of the CO2 loop (VCO2−min) shall be equal to 

the zone minimum supply airflow rate (Vmin). This is to 

make sure that the calculated supply airflow will not 

exceed the capacity of the system or dissatisfy the 

ventilation requirement of the governing building 

standard or code (e.g., ASHRAE Standard 62.1 – 2019 

(ASHRAE 2019)). The maximum CO2 concentration 

setpoint (𝐶𝑂2𝑠𝑝𝑡−𝑚𝑎𝑥) shall be determined from the ANN 

prediction model and a pre-defined maximum allowed 

infection risk. The minimum CO2 concentration setpoint 

(𝐶𝑂2𝑠𝑝𝑡−𝑚𝑖𝑛 ) is shall be equal to the maximum CO2 

concentration setpoint minus 200 ppm.  

The value of the CO2 based zone supply airflow rate 

(𝑉𝑠𝑝𝑡−𝐶𝑂2) shall be determined by mapping the current 

zone CO2 concentration (𝐶𝑂2𝑧 ) to the maximum and 

minimum CO2 concentration setpoints. Its calculation is 

presented in Equation 5 and Equation 6. The term 𝑅 in 

Equation 5 represents a level of urgency to bring down the 

indoor CO2 concentration for infection risk mitigation 

purposes. Its value shall be between 0 and 1. A more 

robust Proportional Integral (PI) control may be used in 

the future to map the zone CO2 concentration to an airflow 

setpoint. 

𝑅 =
(𝐶𝑂2𝑧− 𝐶𝑂2𝑠𝑝𝑡−𝑚𝑖𝑛)

(𝐶𝑂2𝑠𝑝𝑡−𝑚𝑎𝑥− 𝐶𝑂2𝑠𝑝𝑡−𝑚𝑖𝑛)
                      (5)   

𝑉𝐶𝑂2−𝑠𝑝𝑡 =  𝑉𝐶𝑂2−𝑚𝑖𝑛 + 𝑅 ∗ (𝑉𝐶𝑂2−𝑚𝑎𝑥 −  𝑉𝐶𝑂2−𝑚𝑖𝑛) (6) 

• Zone airflow rate reset 

For each timestep, the final airflow rate setpoint 

𝑉𝑠𝑝𝑡−𝑓𝑖𝑛𝑎𝑙  should be reset as the maximum of the load-

based airflow rate setpoint 𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑  and the CO2-based 

airflow setpoint 𝑉𝑠𝑝𝑡−𝐶𝑂2, as presented in Equation (7). 

𝑉𝑠𝑝𝑡−𝑓𝑖𝑛𝑎𝑙 = max(𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑 〡𝑉𝑠𝑝𝑡−𝐶𝑂2  )     (7) 

System-level control 

On the system level, the outdoor airflow rate of the AHU 

is reset based on a Trim and Respond (T&R) control logic 

(Lu et al. 2020; O'Neill et al. 2020). In detail, the ratio of 

the CO2-based zone supply airflow rate 𝑉𝑠𝑝𝑡−𝐶𝑂2 and 

load-based zone supply airflow rate 𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑 will be used 

as a control signal to adjust the outdoor air damper 

position of the AHU. A high ratio indicates that the zone 

is likely to be under-ventilated, while a smaller ratio 

indicates the zone is supplied with enough outdoor air. If 

the system receives too many requests from the zone 
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groups, the minimum outdoor air intake will be increased 

accordingly as a consequence. 

In this study, the T&R-based system outdoor air reset rule 

is defined as follows. 

• Requesting rule 

For each timestep, the zone will send requests to BAS to 

indicate the ratio of 𝑉𝑠𝑝𝑡−𝐶𝑂2 and 𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑  of that zone. 

The rule for requests is presented in Table 5. 

Table 5: Rule for sending requests. 

Condition Number of 

requests 

𝑉𝑠𝑝𝑡−𝐶𝑂2 > 1.8 * 𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑  3 

𝑉𝑠𝑝𝑡−𝐶𝑂2 > 1.5 * 𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑  2 

𝑉𝑠𝑝𝑡−𝐶𝑂2 > 1 * 𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑  1 

𝑉𝑠𝑝𝑡−𝐶𝑂2 <= 1 * 𝑉𝑠𝑝𝑡−𝑙𝑜𝑎𝑑  0 

• Minimum outdoor airflow rate setpoint 

In this study, the minimum outdoor airflow rate 𝑉𝑜𝑡−𝑚𝑖𝑛 

is dynamically reset in each timestep based on the zone 

requests. There are two steps for this process. 

Firstly, the uncorrected outdoor airflow rate 𝑉𝑜𝑢  (please 

see its definition in (ASHRAE 2019)) is reset to be the 

minimum of design 𝑉𝑜𝑢  and the sum of 𝑉𝑠𝑝𝑡−𝐶𝑂2 , as 

presented in Equation 8.  

𝑉𝑜𝑢 = min(𝐷𝑒𝑠𝑉𝑜𝑢 〡∑ 𝑉𝑠𝑝𝑡−𝐶𝑂2𝑎𝑙𝑙 𝑧𝑜𝑛𝑒𝑠  )   (8) 

Secondly, minimum outdoor airflow rate 𝑉𝑜𝑡−𝑚𝑖𝑛 is reset 

between the uncorrected outdoor air intake 𝑉𝑜𝑢  and the 

design total outdoor air rate 𝐷𝑒𝑠𝑉𝑜𝑡  using the T&R logic. 

The parameters for the proposed T&R control are 

presented in Table 6.   

Table 6: The parameters for the T&R control logic. 

Variable Description Value 

Device Associated device AHU mixing box 

𝑆𝑃0 Initial setpoint 𝑉𝑜𝑢 

𝑆𝑃𝑚𝑖𝑛 Minimum setpoint 𝑉𝑜𝑢 

𝑆𝑃𝑚𝑎𝑥 Maximum setpoint 𝐷𝑒𝑠𝑉𝑜𝑡  

𝑇𝑑 Delay timer 10 minutes 

𝑇 Time step  2 minutes 

𝐼 Number of ignored 

requests  

3 

𝑅 Total number of requests from zones 

𝑆𝑃𝑡𝑟𝑖𝑚 Trim amount -5% 𝐷𝑒𝑠𝑉𝑜𝑢  

𝑆𝑃𝑟𝑒𝑠 Respond amount 10% 𝐷𝑒𝑠𝑉𝑜𝑢  

𝑆𝑃𝑚𝑎𝑥 Maximum response 

per time interval 
30% 𝐷𝑒𝑠𝑉𝑜𝑢  

An example is provided below to demonstrate the 

implementation of this T&R control logic. For more 

details, please refer to ASHRAE Guideline 36 (ASHRAE 

2018) and Lu et al. (2020). 

Example: The system starts at 10:00. The initial outdoor 

airflow rate is 𝑉𝑜𝑢 (𝑆𝑃0). At 10:10 (𝑇𝑑 after start time), the 

reset starts. At 10:12 (1 𝑇 after reset begins), there are five 

requests (𝑅=5, 𝑅 > 𝐼).  The trim component increases the 

minimum outdoor airflow rate by 15% 𝐷𝑒𝑠𝑉𝑜𝑢  

(calculated as (𝑅 −  𝐼) * 𝑆𝑃𝑟𝑒𝑠  + 𝑆𝑃𝑡𝑟𝑖𝑚). At 10:14 (2 𝑇 

after reset begins), there are three requests (𝑅=3, 𝑅 = 𝐼, 

all requests ignored).  The trim component decreases the 

minimum outdoor airflow rate by 5% 𝐷𝑒𝑠𝑉𝑜𝑢 (𝑆𝑃𝑡𝑟𝑖𝑚). In 

this process, the minimum outdoor airflow rate shall 

always be maintained between 𝑆𝑃𝑚𝑖𝑛 and 𝑆𝑃𝑚𝑎𝑥. 

Please be noted that the control algorithm presented in this 

section has not been finalized or validated yet.  

Conclusions and Future Work 

Conclusions 

This study presents a smart ventilation control framework 

to mitigate the infection risk of COVID-19 amid the 

global pandemic. The indoor CO2 concentration is taken 

as a bio mark to indicate the probability of COVID-19 

infection risk of the indoor space, so the building could 

operate on an energy-efficient basis, while still meet the 

requirement for health and sanitary. The following 

conclusions are drawn from this study: 

• CO2 is an effective indicator of the probability of 

infection. The results of a parametric CFD simulation 

suggest that there is an obvious correlation between 

the CO2 concentration and viral aerosol concentration 

for different zone dimensions and operation 

conditions. 

• An ANN model that takes the zone dimension, 

occupant number, CO2 concentration, and outdoor 

airflow rate as inputs could give a fairly accurate 

prediction for the infection risk.  

• A smart ventilation control algorithm is proposed to 

take advantage of the CO2-based infection prediction 

ANN model to adjust the operation of the HVAC 

system. This control algorithm is potentially able to 

adjust the zone supply airflow rate and minimum 

outdoor airflow rate to achieve the purpose of energy 

efficiency and infection risk mitigation. 

Future work 

The following limitations and issues will be addressed in 

future work. 

• The current study only conducted 102 CFD 

simulations to generate inputs and outputs for the 

ANN model. Additional simulations will be 

performed in the future to increase the diversities of 

the scenarios. 

• The ANN model will be further tuned for improved 

prediction accuracy. 

• The smart ventilation control algorithm presented in 

this study will be tested via both EnergyPlus whole 

building simulation and field testing to verify its 

performance and robustness. 
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