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Abstract: Ventilation systems are one of the most effective strategies to reduce the risk of viral infection
transmission in buildings. However, insufficient ventilation rates in crowded spaces, such as schools,
would lead to high risks of infection transmission. On the other hand, excessive ventilation rates
might significantly increase cooling energy consumption. Therefore, energy-efficient control methods,
such as Demand Control Ventilation systems (DCV), are typically considered to maintain acceptable
indoor air quality. However, it is unclear if the DCV-based controls can supply adequate ventilation
rates to minimize the probability of infection (POI) in indoor spaces. This paper investigates the
benefits of optimized ventilation strategies, including conventional mechanical systems (MV) and
DCV, in reducing the POI and cooling energy consumption through a detailed sensitivity analysis.
The study also evaluates the impact of the ventilation rate, social distancing, and number of infectors
on the performance of the ventilation systems. A coupling approach of a calibrated energy model
of a school building in Jeddah, KSA, with a validated Wells–Riley model is implemented. Based on
the findings of this study, proper adjustment of the DCV set point is necessary to supply adequate
ventilation rates and reduce POI levels. Moreover, optimal values of 2 ACH for ventilation rate
and 2 m for social distance are recommended to deliver acceptable POI levels, cooling energy use,
and indoor CO2 concentration for the school building. Finally, this study confirms that increasing
the ventilation rate is more effective than increasing social distancing in reducing the POI levels.
However, this POI reduction is achieved at the cost of a higher increase in the cooling energy.

Keywords: probability of infection; mechanical ventilation; demand control ventilation (DCV);
energy efficiency; school buildings

1. Introduction

The recent global spread of the highly infectious coronavirus disease COVID-19 has
encouraged the research community to focus on investigating transmission mechanisms
of such respiratory infections while proposing effective strategies to reduce the spread
of viruses and maintain healthy indoor environments. Recent reported studies have pro-
posed and evaluated several methods to reduce or eliminate any virus concentration in
buildings including ventilation systems, high-efficiency filtration, ultraviolet irradiation,
air ionization, chemical disinfection, non-thermal plasma, and filter-based air cleaners [1,2].
These studies concluded that a combination of several methods is recommended for an
effective reduction in viral concentration. However, ventilation systems are considered
one of the most effective strategies to dilute airborne viral respiratory particles, and in-
sufficient ventilation in crowded spaces, such as schools, would lead to high infection

Buildings 2023, 13, 871. https://doi.org/10.3390/buildings13040871 https://www.mdpi.com/journal/buildings

https://doi.org/10.3390/buildings13040871
https://doi.org/10.3390/buildings13040871
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/buildings
https://www.mdpi.com
https://orcid.org/0000-0002-3251-4511
https://orcid.org/0000-0001-6132-3071
https://orcid.org/0000-0002-8758-9123
https://orcid.org/0000-0002-8151-0648
https://doi.org/10.3390/buildings13040871
https://www.mdpi.com/journal/buildings
https://www.mdpi.com/article/10.3390/buildings13040871?type=check_update&version=1


Buildings 2023, 13, 871 2 of 18

transmissions [3]. Strong correlations have been established between poor ventilations and
COVID-19 transmissions within buildings [4]. Specifically, the World Health Organization
(WHO) indicates that proper ventilation design and operation are critical to improve indoor
air quality and reduce infection risks [5]. Even though ASHRAE 62.1 does not cover ventila-
tion requirements for indoor environments subject to high virus concentrations, it is worth
noting that ASHRAE 170-2017 [6] offers a set of recommendations for healthcare facilities
to prevent airborne infections including a total air change per hour ranging between 6 and
12 ACH.

Recently, the Wells–Riley model has been used extensively to predict the probability
of viral infections for indoor spaces and identify ventilation strategies to reduce airborne
viral infections. This model uses the quanta emission rate to evaluate the risk of respiratory
infections. The term quanta for the Wells–Riley model refers to a hypothetical dose of
infectious particles that is able to infect 63% of susceptible hosts [7]. The original model
assumes a steady-state quanta generation rate by infected occupants, and relies on a sink
term that dilutes the quanta concentration to represent the ventilation rate [8]. Thus, and
according to the Wells–Riley model, an increase in ventilation rate would exponentially
minimize the probability of viral infection in a confined space. Aganovic et al. [8] applied
the Wells–Riley model with calibrated quanta emission rates for SARS-CoV-2 to establish a
simplified correlation that can be used to estimate the ventilation rate for a specific quanta
emission rate needed to control infection risk in indoor spaces. Dai and Zhao [9] evaluated
the interactions between ventilation rates and the infection probability levels using the
Wells–Riley model to estimate thresholds for the quantum COVID-19 generation rates
through regression analysis.

Since its original development by Riley et al. [10] in 1978, the Wells–Riley model
went through a series of adjustments to overcome some of its limitations. For instance,
Gammaitoni and Nucci [11] modified the Wells–Riley model by replacing the steady-state
variable of the quanta concentration with a transient term to account for the rate of change in
quanta concentration with time. In addition, Aganovic et al. [8] developed a novel modified
version of the Wells–Riley model to predict the infection transmission as a function of
relative humidity to account for the effects associated with the evaporation of respiratory
droplets on the gravitational settling and the biological decay of the virus. Later, Sun and
Zhai [12] modified the Wells–Riley model to investigate the influence of social distancing
and ventilation type on the probability of infection in buildings. More recently, Sha et al. [13]
introduced a modified version of the Wells–Riley model by combining dilution ventilation
rate and ventilative cooling to evaluate the impact of mechanical ventilation systems on
viral transmissions for high-rise buildings. Furthermore, as the original Wells–Riley model
is unable to accurately represent the non-uniform virus concentration, due to the well-
mixed indoor air assumption, Tang et al. [14] utilized spatiotemporal and instantaneous
CO2 measurements to adjust the Wells–Riley model to account for the uneven distribution
of viral aerosols. A recent modified version of the Wells–Riley model, proposed by Li and
Tang [15], combines the effect of airborne path and close contact route when predicting the
probability of infection risk of COVID-19.

Several reported studies pointed out that CO2 concentration could be used as a
tracer gas to estimate the airborne viral concentration and the corresponding probability
of infection in buildings [16,17]. Therefore, the indoor CO2 concentration produced by
occupants has been widely used as an infection risk proxy to evaluate indoor ventilation
systems [18,19]. Hence, some studies suggested integrating CO2 concentration into the
Wells–Riley model. In particular, Rudnick and Milton [20] suggested a modified non-steady-
state Wells–Riley model by introducing CO2 concentration to determine the rebreathed
fraction and predict the risk of infection transmission in buildings. Cammarata et al. [21]
evaluated a comprehensive set of scenarios using the modified Wells–Riley model [20]
and estimated the dynamic quanta of infection through CO2 concentration produced by
occupants’ exhalation. Moreover, Peng and Jimenez [22] developed an analytical model
using a CO2-based risk proxy derived specifically for COVID-19 to predict the probability
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of infection per ppm of excess CO2 inhaled within different indoor environments. A recent
study by Stabile et al. [23] proposed virus and exhaled CO2 balance equations and simulated
typical school scenarios to evaluate the required ventilation rate for mechanical ventilation
systems and acceptable airing procedures for naturally ventilated schools. However, the
study stated that “Adopting a CO2 concentration threshold as a possible proxy for virus
transmission can be misrepresentative” and concluded that the CO2 concentration exhaled
by occupants and the quanta concentration of viruses might show significant differences in
behavioral trends [22].

Demand Control Ventilation (DCV) is another effective method to dynamically adjust
ventilation rates according to actual ventilation demands based on CO2 concentration
levels. Therefore, DCV is considered an energy-efficient control strategy to maintain ac-
ceptable indoor air quality. However, it is not clear if DCV-based controls can supply
sufficient ventilation rates to minimize the probability of infection risk in indoor spaces.
Some studies indicated that the energy savings obtained by the CO2-based DCV could be
achieved at the cost of limiting ventilation rates when a higher ventilation is needed espe-
cially during airborne pandemic conditions [24]. Thus, other studies suggested turning off
CO2-based ventilation systems to enhance ventilation performance during high-infection-
risk periods [25,26]. Although CO2 was proposed as a proxy for viral infection risk, CO2
concentration is not necessarily a good indicator of an airborne viral infection risk; thus, the
exposure to high CO2 concentration levels does not mean a higher possibility of being in-
fected by a virus, and vice versa [26]. Instead, viral emission level could be a more effective
indicator for ventilation demand systems to overcome infection risks; however, demand
control ventilation methods operating based on viral quanta concentration typically require
precise and detailed information on virus sources within the building, which is practically
very difficult to measure and collect [27,28]. Therefore, developing optimized CO2-based
DCV controls is needed to prevent viral infection risks while reducing cooling energy
demands. In fact, there are several studies that have attempted to improve the effectiveness
of DCV to limit the spread of viral infection in buildings. For instance, Wang et al. [29]
presented a smart ventilation control approach with two DCV modes selected based on an
occupancy density threshold. The two DCV modes consist of (i) a conventional DCV mode,
and (ii) an anti-infection DCV mode in which the ventilation rate is determined based on
the probability of infection risk using the Wells–Riley model. In the study, the occupancy
density is determined using an advanced occupant detection algorithm through video
frames from surveillance cameras [28]. The proposed control strategy provides an accurate
estimation approach for the occupancy density and the potential number of infectors to
determine the ventilation rate required to reduce infection risk transmission. However, the
high cost of implementation of such advanced control strategies could limit its application.
On the other hand, Li and Cai [30] proposed another novel, yet practical, CO2-based DCV
system to reduce viral infection risk in buildings while minimizing energy use. The results
of this study show that the suggested control strategy could effectively limit the spread
of COVID-19 within indoor environments while obtaining 30% to 50% energy savings
compared to the conventional ventilation systems with constant ventilation rates.

As outlined previously, a number of studies have investigated the effects of ventila-
tion rates delivered by mechanical ventilation systems on the probability of infection in
buildings. However, there are limited studies that have evaluated the energy efficiency
impacts of reducing infection risks by increasing ventilation rates. Ma et al. [31] evaluated
the potential of liquid desiccant technologies coupled with mechanical ventilation systems
to efficiently prevent virus transmission risks. However, the study did not predict the
infection probability and used a steady-state model to predict the energy use of the HVAC
system. In addition, Schibuola and Tambani [32] proposed an autonomous high-efficiency
ventilation unit combined with a thermal recovery system to maintain a healthy indoor
environment for a school. Specifically, the system is designed and operated to deliver ade-
quate ventilation rates with the main objective to reduce infection risks while minimizing
energy consumption. The study predicted the infection risks by estimating the average
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quanta concentration for the indoor environment. The study reported that the proposed
system can provide 60% to 72% energy savings compared to conventional systems. More-
over, Sha et al. [13] investigated the performance of a ventilation control strategy where
dilution ventilation and ventilative cooling are considered to reduce COVID-19 transmis-
sion while minimizing the cooling energy consumption. The infection probability levels
were estimated using a modified Wells–Riley model. The study reported up to 54% energy
savings when using the proposed ventilation control approach. It is worth mentioning
that most of the reported studies that have investigated the performance of mechanical
ventilation systems, including DCV, were carried out for cold, moderate, and warm cli-
mates. Only limited analyses have been performed for harsh hot climates such as Saudi
Arabia’s climate [33]. Therefore, this study focuses on evaluating the impact of mechanical
ventilation rates on cooling energy use under the extreme hot summer conditions of Jeddah,
KSA. Specifically, a summer design day (22 July) is selected to perform the analysis for a
school in Jeddah to account for the maximum peak cooling demand and its impact on the
mechanical ventilation performance.

It is worth noting that only a few studies utilized a detailed multizone simulation
tool along with the Wells–Riley model to evaluate the risks of infection transmission while
accounting for the indoor and outdoor conditions. For example, Yan et al. [34] proposed a
modeling approach for estimating the risks of SARS-CoV-2 transmission in a mechanically
ventilated multizone building using a multizone simulation tool (CONTAM) coupled with
the Wells–Riley model. Alaidroos et al. [35] analyzed the probability of infection of a natu-
rally ventilated historical building by coupling the Airflow-Network model in EnergyPlus
with the Wells–Riley model to predict the effects of outdoor conditions, including wind
speed and wind direction, on the ventilation rates and eventually on reducing the probabil-
ity levels of viral infection. Additionally, Fageha and Alaidroos [36] used a co-simulation
approach using EnergyPlus and Matlab to optimize natural ventilation performance in
educational buildings to minimize the infection probability while preventing draught risk.

As demonstrated in the literature review, while several studies have suggested im-
proving the mechanical ventilation to reduce the probability of infection in buildings, only
few reported analyses have investigated the impacts of minimizing infection risks on the
energy demand of the HVAC systems. Moreover, studies that have explored the impacts
of preventing viral transmissions on the energy usage of HVAC systems have mainly con-
sidered control strategies such as DCV strategies, new control schemes, or supplemental
systems such as liquid desiccant technologies and thermal recovery systems. There are no
systematic analyses reported to optimize conventional mechanical ventilation systems with
the objective to minimize infection risks while moderating cooling energy use. Additionally,
while the Wells–Riley model has been widely used in predicting the infection probability in
buildings, only limited studies have used the Wells–Riley model to evaluate the infection
probability when integrated with a whole-building energy simulation environment. Hence,
coupling the Wells–Riley model with a detailed building energy simulation tool can allow
comprehensive evaluations of indoor infection risks with respect to indoor and outdoor
building conditions. To address the noted research gap, this study investigates the bene-
fits of optimized conventional mechanical ventilation systems to minimize both infection
probability levels and cooling energy consumption through detailed sensitivity analyses to
evaluate the impacts of several parameters such as ventilation rate, social distancing, and
number of infectors. Furthermore, the study compares the performance of the mechanical
ventilation systems and CO2-based DCV controls to assess their abilities to reduce the
infection risks while lowering their air conditioning energy demands. In particular, the
study utilizes an integrated modeling approach using whole-building energy simulation
coupled with Wells–Riley modeling to predict the probability of infection risks and the
cooling energy consumption based on a calibrated energy model for a school building
located in Jeddah, KSA.
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2. Materials and Methods
2.1. Analysis Methods

An existing school building that holds around 300 students located in Jeddah, KSA is
selected to investigate the ability of the conventional mechanical ventilation (MV) and the
demand control ventilation (DCV) to reduce the spread of viral infection in schools. A 3-D
rendering of the building energy model and sample of the floorplan of the school building
is shown in Figure 1. Specifically, the performance of MV and DCV is evaluated in terms of
probability of infection, indoor CO2 concentration, and cooling energy consumption. The
analysis is performed using a calibrated energy model of the school building developed and
documented in a previous study [33] using EnergyPlus. As shown in Figure 2, comparisons
of the monthly energy consumption between the simulation results and the utility bills
data are presented before and after calibration. The calibrated model is adjusted to match
real operational patterns based on detailed schedules of occupancy availability, HVAC
operations, and lighting usage collected from the school management. As illustrated in
Figure 2, the model predictions match well with the utility data with only 3% in monthly
differences. Table 1 summarizes the main characteristics of the school building energy
model. According to the construction regulations of school buildings enforced by the min-
istry of municipal and rural affairs in the Kingdom of Saudi Arabia [37], school buildings
have to comply with the minimum ventilation requirements set by the Saudi Building Code
(SBC 501) [38]. Specifically, the code states that the minimum ventilation rates for schools
should be 0.6 L/s·m2, while the occupancy density for classrooms is recommended to be
0.25/m2. As indicated in Table 1, the R-value of the exterior wall and roof is estimated to be
2.86 m2K/W and 1.99 m2K/W, respectively, while the U-value of the windows is found to
be 1.96 W/m2K. According to the facility management, 100% of the occupants are typically
present in the school from 7 a.m. until 2 p.m. and only around 15% of the occupants remain
until 4 p.m. during weekdays.
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Table 1. Main characteristics of the building energy model for the school.

Number of Floors 2

Gross Floor Area 3123 m2

Wall Construction
2 cm plaster outside + 20 cm concrete hollow
block + 5 cm expanded polystyrene + 2 cm
plaster inside

Roof Construction
1 cm built-up roofing + 20 cm concrete roof
slab + 5 cm expanded polystyrene + 1.5 cm
plaster inside

Window-to-Wall Ratio 20%

Glazing Type Double Clear with PVC framing

Air Infiltration 0.7 ACH

Number of Students per Area in classrooms 0.5/m2

Lighting Power Density 5 W/m2

Equipment Power Density 4.7 W/m2

HVAC System DX Packaged Air Handling Unit

Cooling Set Point 23 ◦C

Ventilation System Mechanical ventilation with fixed outdoor air
fraction (15%)

Energy Efficiency Ratio (EER) 8.5

To investigate the effect of ventilation rates on the probability of infection risk using
a detailed multizone simulation environment, the Wells–Riley model is coded in Matlab
and coupled with the calibrated EnergyPlus model as illustrated in Figure 3. During each
time step, the ventilation rate of the MV is used by EnergyPlus to compute the cooling
energy use and indoor CO2 concentration, while, on the other hand, the Matlab code
estimates the probability of infection for each time step using the same ventilation rate.
This coupling approach ensures the evaluation of the indoor risk of infection transmission
while accounting for time variations in indoor and outdoor environmental conditions. The
coupled simulation environment is set to produce the following simulation outputs at each
time step for further analysis: ventilation rate (ACH), probability of infection (POI), CO2
concentration, and cooling energy use. It is worth noting that the conventional mechanical
ventilation system is typically set to deliver a continuously constant amount of outdoor
air regardless of the occupancy level. On the other hand, the amount of fresh outdoor
air supplied by the demand control ventilation system is adjusted based on indoor CO2
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concentration level, which is used as a proxy to represent the occupancy density. Specifically,
the indoor air quality procedure (IAQP) method defined by ASHRAE 62.1 is applied to
operate the DCV system. For proper operation of the DCV system, the CO2 set point
is set to 1000 ppm, which represents the maximum allowable indoor CO2 concentration
recommended by ASHRAE Standard 62.1 [39]. In addition, 500 ppm of average outdoor
CO2 concentration is assumed according to ASHRAE Standard 62.1 [39]. To simulate the
DCV system in EnergyPlus, the minimum outdoor airflow rate is set to zero used for
periods with no or very low indoor CO2 concentrations, while the maximum outdoor fresh
air rate is set based on the auto-sized ventilation rate needed to maintain the specified
indoor CO2 set point during high occupancy periods. Alaidroos et al. [33] outlined the DCV
modeling approach utilized by the EnergyPlus simulation tool and validated the indoor
CO2 concentration predicted by EnergyPlus for the school model used in this study, as
depicted in Figure 4. To validate the predictions of indoor CO2 concentration, CO2 sensors
are used to monitor and record the CO2 concentrations of a classroom during twenty-four
hours. Observed data such as ventilation rates and occupancy availability are then used to
compare the time variations in the measurements and simulation predictions, as shown in
Figure 4. The comparison shows good agreement between the measured and predicted
CO2 concentrations with a coefficient of variation of 8.4%.
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2.2. The Wells–Riley Model

In this study, the Wells–Riley equation [10] is used to estimate the probability of
infection as shown in Equation (1):

Pi = 1 − e(−
Iqpt
Vn ) (1)

where Pi is the probability of infection transmission, I is the number of persons (i.e., infection
source), q is the quantum generation rate produced by an infector, p is the respiratory
ventilation rate of each susceptible, t is the exposure time, V is the volume of the enclosed
space, and n is the air change rate of the ventilation system. For the analysis conducted
in this study, 48 (quanta/h) is used to represent the value of quantum generation rate for
COVID-19 [9]. Furthermore, it is assumed that there is only one infection source in the
simulated zone, while the value of the respiratory ventilation rate has been estimated as
0.3 m3/h representing light indoor activity performed by the occupants in the classrooms [9].
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The exposure time is assumed to be seven hours to account for the classroom period from
early morning when the students enter the school until recess at 2:00 p.m.

Buildings 2023, 13, x FOR PEER REVIEW  8  of  20 
 

 

Figure 3. Schematic diagram of the co‐simulation approach using EnergyPlus whole‐building en‐

ergy analysis coupled with Matlab’s script of the Wells–Riley model. 

 

Figure 4. Validation of the time variation in the indoor CO2 concentration for the analyzed school. 

2.2. The Wells–Riley Model 

In this study, the Wells–Riley equation [10] is used to estimate the probability of in‐

fection as shown in Equation (1): 

P୧ ൌ 1 െ 𝑒ቀି
୍୯୮୲
୬ ቁ  (1)

where Pi is the probability of infection transmission, I is the number of persons (i.e., infec‐

tion source), q is the quantum generation rate produced by an infector, p is the respiratory 

ventilation rate of each susceptible, t is the exposure time, V is the volume of the enclosed 

space, and n is the air change rate of the ventilation system. For the analysis conducted in 

this study, 48  (quanta/h)  is used  to represent  the value of quantum generation rate  for 

COVID‐19 [9]. Furthermore,  it  is assumed that there is only one infection source  in the 

simulated zone, while the value of the respiratory ventilation rate has been estimated as 

0.3 m3/h representing light indoor activity performed by the occupants in the classrooms 

Figure 4. Validation of the time variation in the indoor CO2 concentration for the analyzed school.

The Wells–Riley model is validated in this study by comparing the simulation predic-
tions to actual COVID-19 cases reported in the literature [3,40,41]. Table 2 summarizes the
reported actual COVID-19 cases used for the validation analysis. The same values of the
actual cases shown in Table 2 are used as input for the Wells–Riley model to predict the
probability of infection (POI). Figure 5 compares predicted values of POI and the number
of infected people against the actual reported data. As indicated in Figure 5, acceptable
agreement between the predictions and actual reported data is observed with an average
difference of 6.9%.
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Figure 5. Comparison of Wells–Riley model predictions against actual data of reported COVID-19
cases.

As described earlier, the intent of this study is to determine the optimum operational
strategies suitable for the conventional mechanical ventilation (MV) systems to minimize
the risk of infection transmission while reducing air conditioning energy consumption.
Additionally, the performance of the MV systems is compared to that of the demand control
ventilation systems. Specifically, the following analysis approach is utilized for this study:

• Compare the performance of MV and demand control ventilation (DCV) systems
using hourly simulations for a summer day (22 July) using the following as metrics:
POI, CO2 concentration, and cooling energy use.
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• Adjust the DCV set point (CO2 set point in ppm) and assess its effect on the probability
of infection and cooling energy use.

• Perform a series of sensitivity analyses to determine the impacts of social distancing
on the performance of MV and DCV including POI, indoor CO2 concentration, and
cooling energy use.

• Establish any correlation between social distancing, number of infectors, and the
resulting POI for MV.

• Assess variations in POI and cooling energy use for a range of ventilation rates and
social distances for MV.

Table 2. Summary of the reported data of the COVID-19 actual cases [3,40,41].

Case Case Date Place Type Total
Occupants

Primary
Infected Cases

Secondary
Infected Cases V (m3) n

(ACH)
t

(h) p (m3/h) q
(quanta/h)

1 24 January
2020 Restaurant 21 1 9 127 0.6 1.25 1.1 42.1

2
20

February
2020

Meeting
room 14 1 ≥11 189 0.2 9.5 1.1 42.1

3 10 March
2020 Choir hall 61 1 33–53 810 0.35–1.05 2.5 1.1 195.5

3. Results and Discussion
3.1. Performance Comparison for MV and DCV

The performance of MV and DCV systems is explored for a summer design day (22
July) in Jeddah. In this analysis, hourly simulation results are presented to provide better
insights on any differences in performance between the two systems. As shown in Figure 6,
the required ventilation rate for DCV exceeds that for MV during peak occupancy hours
to maintain the indoor CO2 concentration below the allowable limit (i.e., 1000 ppm). This
increase in ventilation rate by the DCV results in a slight increase in cooling energy use
until 2:00 p.m. due to the peak occupancy level within the school. As a response to the
occupancy density decrease after 2:00 p.m., the ventilation rate and the cooling energy use
for the DCV are reduced. However, the lower ventilation rates supplied by the DCV by
the end of the day leads to a significant increase in POI reaching up to 0.93 compared to a
much lower POI of 0.24 achieved by MV during the same period. This initial comparative
analysis leads to the following questions:

• Will DCV be able to prevent high POI while still maintaining low cooling energy
consumption compared to the conventional MV if the CO2 set points are adjusted?

• Will MV be able to outperform DCV considering cooling energy use and indoor air
quality (i.e., CO2 concentration and infection risk) when optimized?

Daily performance indicators for MV and DCV during 22 July are presented in Figure 7.
The considered indicators include cooling energy use, maximum indoor CO2 concentration,
and maximum probability of infection. As illustrated in Figure 7, even though the maxi-
mum CO2 concentration of MV is higher than that of DCV, the difference of 133 ppm in CO2
concentrations is not significant, with the maximum indoor CO2 concentration of 1147 ppm
for MV still within acceptable ranges. On the other hand, the difference in maximum POI
between MV and DCV is significant as shown in Figure 7. The simulation results presented
so far are specific to one infector (i.e., one sick person) using a typical occupancy density of
0.5 people/m2. If social distancing is applied, implying a lower occupancy density, how
would the performance of both MV and DCV be affected?
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3.2. DCV Set Point Analysis

Before investigating the impacts of the number of infectors, occupancy density, and
social distancing on the performance of MV and DCV, optimal CO2 settings that deliver an
acceptable POI with a minimal cooling energy consumption for DCV are determined. A
sensitivity analysis is carried out using CO2 set points specific to DCV ranging between
600 ppm and 1200 ppm to assess for one day (i.e., 22 July) the average ventilation rate
during occupied hours, the maximum POI level, and the total cooling energy use. The
results of the sensitivity analysis are summarized in Figure 8. Lower CO2 set points require
higher ventilation rates resulting in a higher cooling energy use but lower POI as depicted
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in Figure 8. Due to the conflicting effects on cooling energy use and POI associated with
the variation in DCV ventilation rate, the POI instead of cooling energy use is considered
for operating DCV as occupants’ health is more critical than energy efficiency. Using
the results outlined in Figure 8, a set point of 600 ppm is selected for DCV to deliver an
average ventilation rate of 4.1 ACH during occupied hours, resulting in a POI of 0.057 and
cooling energy use of 743 kWh/day. On the other hand, the results of Figure 8 indicate that
lowering the CO2 set point from 1000 ppm to 600 ppm would increase the cooling energy
use by 50%.
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Figure 8. Impacts of DCV CO2 set point on POI and cooling energy for 22 July.

The DCV performance presented in Figure 8 confirms that a significant increase in
cooling energy use would result when low POI levels need to be maintained. To fairly
compare the performance indicators of MV and DCV, a detailed sensitivity analysis of MV
is carried out to determine MV optimized design settings.

3.3. Sensitivity Analysis of MV

Two variables are varied to optimize the MV performance including (i) ventilation
rate, varied from 1 to 10 ACH with an increment of 1 ACH; (ii) social distance in classrooms,
varied from 1 to 3 m with a 0.5 m increment. To account for the influence of social distance,
Sun and Zhai [12] presented a modified version of the Wells–Riley model by introducing a
social distance index Pd as a cumulative probability estimated as a function of distance (d)
and obtained using a regression analysis as expressed by Equation (2):

Pd =
18.19·ln(d) + 43.276

100
(2)

The social distance index (Pd) is introduced to the Wells–Riley equation as follows:

Pi = 1 − e(−Pd
Iqpt
Vn ) (3)

Figures 9–11 summarize the results of the sensitivity analysis during 22 July showing
the impacts of MV ventilation rate and social distance on, respectively, POI, cooling energy,
and indoor CO2 concentration. It is worth noting that larger social distances lead to lower
occupancy densities. For instance, based on the dimensions of the classrooms, a social
distance of 1 m results in an occupancy density of 0.5 people/m2, while a social distance of
2 m reflects an occupancy density of 0.29 people/m2, which is a reduction of about 43% in
number of students within the classrooms. In general, the results of Figures 8–10 confirm
that the impacts of ventilation rate are more significant than those of social distancing,
especially on the POI and CO2 concentration. For example, increasing the social distance
from 1 m to 2 m reduces the POI by 28%, CO2 concentration by 30%, and cooling energy
use by 7%. On the other hand, increasing the ventilation rate from 1 ACH (i.e., close to
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ASHRAE 62.1 recommendation) to 2 ACH decreases the POI by 49% and CO2 concentration
by 29%. However, the same ACH increase results in an increase in cooling energy use
by 25%.
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22 July.

Comparing the performance indicators achieved by DCV to those obtained by MV
operating with a constant ventilation rate of 2 ACH and a social distance of 1 m, DCV
results in almost the same POI (i.e., 0.057) as that of MV (with POI of 0.051) with a 600 ppm
set point but supplies an average ventilation rate of 4 ACH. With this ventilation rate, MV
consumes 617 kWh/day in cooling energy use while DCV requires 743 kWh/day. Therefore,
it can be concluded that MV is more energy-efficient than DCV when performances related
to the infection transmission risks are considered. In addition, a closer look at the relative
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reduction in POI when increasing the ventilation rate of MV reveals a diminishing rate-of-
return pattern with a substantial POI reduction obtained when increasing the ventilation
rate up to 4 ACH and a minimal POI reduction achieved for ventilation rates higher than 4
ACH. On the other hand, cooling energy use is significantly increased as higher ventilation
rates are supplied. The percentage changes in POI, CO2 concentration, and cooling energy
use when varying ventilation rates and social distances are shown in Figure 12.
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ventilation rate and (b) social distance for 22 July.

The impacts of ventilation rate shown in Figure 12 assumes a 1 m social distance
(refer to Figure 12a) and the required ASHRAE ventilation rate (i.e., about 1 ACH) for the
analyzed school (refer to Figure 12b). Combined optimized values of both ventilation rate
and social distance could achieve acceptable values of POI, CO2 concentration, and cooling
energy use. It is difficult to determine specific optimal values for the ventilation rate and
the social distance without specifying the optimization objective function and associated
constraints. Based on the sensitivity analysis results of Figures 9–11, a moderate ventilation
rate could be selected with an acceptable social distance to obtain the lowest POI with
a minimal cooling energy consumption and acceptable indoor CO2 concentrations (i.e.,
within the maximum level of 1000 ppm). In this case, the following optimal MV settings
are recommended: ventilation rate of 2 ACH and a social distance of 2 m to obtain a POI
of 0.036, cooling energy use of 583 kWh/day, and indoor CO2 concentration of 700 ppm.
These MV settings achieve a POI at 3.6% while ensuring a lower cooling energy use when
compared to both ASHRAE 62.1 recommendations and DCV.

3.4. Impact of the Number of Infectors

A comprehensive sensitivity analysis is performed to investigate the interactive im-
pacts of the number of infectors, ventilation rate, and social distance on the probability of
infection and cooling energy use for the MV system. Specifically, the number of infectors
is varied from 1 to 5; the ventilation rate is changed from 1 to 10 ACH; the social distance
is gradually increased from 1 to 3 m. A comprehensive simulation analysis is performed
to account for all the combinations of the three parameters. The results of the interactive
impacts of these three parameters are shown in Figure 13, including six sections repre-
senting the results obtained for six ventilation rates (ranging from 1 ACH to 6 ACH). For
each ventilation rate, the impacts of the number of infectors and POI levels are shown for
five different social distances indicated by five different colors in Figure 13. Specifically,
the subsection on the upper right and the subsection on the lower left of each section in
Figure 13 depict the correlation between the POI and the number of infectors for each
social distance value (each coded with a different color). Hence, valuable insights can be
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gleaned from the lower-left scatter plots for each ventilation rate. The results show a linear
correlation between POI levels and the number of infectors as well as the social distances.
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The results of Figure 13 indicate that increasing the number of infectors (i.e., number
of infected persons) results in an increase in POI. However, the double effect of both
ventilation rate and social distancing has a significant influence on controlling the POI as
the results of Figure 13 suggest. As shown in Figure 13, when five infectors are present in
the school with a 1 ACH ventilation rate and a social distance of 1 m, it results in a POI of
0.41, meaning that about 41% of the occupants would be infected by the end of the day. On
the other hand, the POI is lowered to 0.036 (about 91% reduction in POI) when increasing
the ventilation rate to 10 ACH and the social distance to 2 m for five infectors. It is worth
noting that when applying the optimal ventilation rate and social distance recommended
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earlier (i.e., ventilation rate = 2 ACH and social distance = 2 m), the POI is decreased to
0.168, which is about a 59% reduction when compared to the worse case conditions (i.e.,
five infectors with 1 ACH ventilation rate and 1 m social distance). When the number of
infectors is lower than five (between one and four), the POI is reduced to a range between
0.036 and 0.137 if the optimal ventilation rate and social distance are considered.

3.5. Correlation of POI and Cooling Energy

An exponential decay correlation exists between cooling energy demand and POI
level where a significant decrease in POI can be achieved with a large increase in cooling
energy use due to the increase in supplied ventilation rate. However, the impact of POI
on cooling energy use is reduced when social distancing is increased. The correlations
between POI, cooling energy use, and social distance, depicted in Figure 14, confirm that a
high cooling energy consumption is required to control infection transmission in buildings.
However, optimum ventilation rates and social distances could be considered to operate
MV systems to maintain acceptable POI levels.
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distances using one infector case for MV system.

Figure 15 illustrates the effects of social distancing on the performance of the DCV
system. In general, when the social distance is increased, the ventilation rate is lowered
automatically due to the lower CO2 concentrations, which result in a lower cooling energy
consumption. However, the ventilation rate is maintained at 1 ACH when the social
distance exceeds 2 m to maintain the CO2 concentrations at acceptable levels. Furthermore,
and as indicated in Figure 15, the POI level is decreased following the cooling energy
use profile as the social distance increases. Yet, it is worth noting that the DCV system
is delivering moderate ventilation rates compared to the MV system especially when a
1000 ppm set point is used for the DCV, as is the case in Figure 15. Thus, a lower cooling
energy consumption is needed for DCV when compared to that required by the MV system
when high ventilation rates are considered. Therefore, the MV system is capable of lowering
the POI level compared to the DCV system even for a social distancing of 2.5 m.
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4. Conclusions

A detailed review of the literature revealed a limited number of studies evaluating the
energy efficiency of optimized ventilation systems to minimize infection risks in buildings
including schools. This study evaluated the ability of optimized strategies for conventional
mechanical ventilation (MV) and demand control ventilation (DCV) systems in reducing
the probability of infection and cooling energy use for a prototypical school building in
Jeddah, KSA. The main findings of the study include:

• When considering the risk of infection transmission, optimized MV could be more
energy-efficient than the DCV system according to the findings of this study.

• Without adjusting its CO2 setting, the DCV system supplies low ventilation rates,
resulting in significant POI increases within the school. However, adjusting the DCV
set point from 1000 ppm to 600 ppm results in a significant POI reduction from 0.93 to
0.057, with a 50% increase in the total cooling energy needs.

• MV can reduce the POI to 0.051 when operating with a higher ventilation rate of
2 ACH, double the required rate by the ASHRAE standard 60.2 for schools. The DCV
can lower the POI to 0.057 when operating with a 600 ppm set point and delivering a
ventilation rate of 4 ACH. In this case, MV consumes 617 kWh/day while DCV needs
743 kWh/day.

• An optimal ventilation rate of 2 ACH and social distance of 2 m are recommended to
deliver acceptable levels of POI, cooling energy use, and indoor CO2 concentration.
These optimal settings would limit the POI to 0.036 while achieving the lowest cooling
energy use of 583 kWh/day for the school.

• Increasing the ventilation rate is more effective in reducing the POI than increasing the
social distancing. However, the reduction in POI occurs with an increase in cooling
energy use when the ventilation rate is increased. For instance, increasing the social
distance from 1 m to 2 m would lower the POI by 28%, while reducing the cooling
energy need by 7%. On the other hand, increasing the ventilation rate from 1 ACH to
2 ACH would lower the POI by 49%, while increasing the cooling energy demand by
25%.

• The POI remains between 0.036 and 0.13 when operating with a 2 ACH ventilation
rate and 2 m social distancing even if the number of infectors is increased from 1 to 5.

Even though the optimized conventional MV system could deliver a better perfor-
mance, the adjustment of its settings allows the DCV system to provide similar POI
performance. Thus, dynamic settings of the DCV set point to minimize infection risks is
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worth investigating as part of future studies. Moreover, dynamic controls such as model
predictive controls (MPCs) could be suitable to operate both MV and DCV when consider-
ing several control variables such as ventilation rates and social distances. Finally, optimal
combinations of effective methods and technologies, such as ventilation rates, ultraviolet
irradiation, and air filtrations, to prevent viral infection in buildings could be assessed in
future research.
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