
 

 

Since January 2020 Elsevier has created a COVID-19 resource centre with 

free information in English and Mandarin on the novel coronavirus COVID-

19. The COVID-19 resource centre is hosted on Elsevier Connect, the 

company's public news and information website. 

 

Elsevier hereby grants permission to make all its COVID-19-related 

research that is available on the COVID-19 resource centre - including this 

research content - immediately available in PubMed Central and other 

publicly funded repositories, such as the WHO COVID database with rights 

for unrestricted research re-use and analyses in any form or by any means 

with acknowledgement of the original source. These permissions are 

granted for free by Elsevier for as long as the COVID-19 resource centre 

remains active. 

 



Sustainable Cities and Society 80 (2022) 103719

Available online 29 January 2022
2210-6707/© 2022 Elsevier Ltd. All rights reserved.

Metabolism-based ventilation monitoring and control method for 
COVID-19 risk mitigation in gymnasiums and alike places 

Junqi Wang a,b,c, Jingjing Huang b,d, Qiming Fu b,d, Enting Gao b,d, Jianping Chen b,e,* 

a School of Environmental Science and Engineering, Suzhou University of Science and Technology, Suzhou 215009, China 
b Jiangsu Key Laboratory of Intelligent Building Energy Efficiency, Suzhou, Jiangsu 215009, China 
c School of Architecture, Southeast University, 2 Sipailou, Nanjing, Jiangsu 210096, China 
d School of Electronics and Information Engineering, Suzhou University of Science and Technology, Suzhou, Jiangsu 215009, China 
e School of Architecture and Urban Planning, Suzhou University of Science and Technology, Suzhou, Jiangsu 215009, China   

A R T I C L E  I N F O   

Keywords: 
COVID-19 
Ventilation control 
Metabolic rate 
Healthy society 

A B S T R A C T   

Gymnasiums, fitness rooms and alike places offer exercise services to citizens, which play positive roles in 
promoting health and enhancing human immunity. Due to the high metabolic rates during exercises, supplying 
sufficient ventilation in these places is essential and extremely important especially given the risk of infectious 
respiratory diseases like COVID-19. Traditional ventilation control methods rely on a single CO2 sensor (often 
placed at return air duct), which is often difficult to reflect the human metabolic rates accurately, and thus can 
hardly control the infection risk instantly. Thus, to ensure a safe and healthy environment in places with high 
metabolism, a real-time metabolism-based ventilation control method is proposed. A computer vision algorithm 
is developed to monitor human activities (regarding human motion amplitude and speed) and an artificial neural 
network is established for metabolic prediction. Case studies show that the proposed metabolism-based venti-
lation control method can reduce the infection probability down to 4.3-6.3% while saving 13% of energy in 
comparison with the strategy of fixed-fresh-air ventilation. In the development of healthy and sustainable so-
ciety, gymnasiums and alike exercise places are essential and the proposed ventilation control method is a 
promising solution to decrease the risk of COVID-19 while preserving features of energy saving and carbon 
emission reduction.   

1. Introduction 

Currently, COVID-19 continues to spread globally, with a cumulative 
death toll of 5.57 million worldwide till January 21, 2022 (World Health 
Organization (WHO), 2022). In indoor environment, the transmission of 
COVID-19 includes droplet transmission, contact transmission, and the 
possibility of aerosol transmission in a relatively closed environment 
with prolonged exposure to high aerosol concentrations (Noorimotlagh 
et al., 2021). Ventilation can dilute the concentration of indoor pollut-
ants and reduce the exposure of indoor occupant to pathogens and the 
risk of infection (Morawska et al., 2020; Ding et al., 2020). The World 
Health Organization recommends to increase the supply of fresh indoor 
air as an effective way to reduce the concentration of virus particles in 
enclosed spaces, thereby reducing the risk of infection. Therefore, 
effective building ventilation is essential to ensure the health and safety 
of occupants (Cao et al., 2020a; Kong et al., 2021; Srivastava et al., 

2021;). 
In high-metabolic-rate venues (e.g., indoor exercise arenas such as 

gyms, dance studios, boxing studios, etc.), occupants exhale and inhale 
at much higher rates than in sedentary or office scenarios. The corre-
sponding risks of infection increase exponentially with the metabolic 
rate. Gymnasiums, as specific places that provide equipment and ser-
vices for occupant to exercise, are expected to have more significant 
exhalation and inhalation than in other indoor environments (e.g., office 
rooms and shopping malls) (Blocken et al., 2021; Blocken et al., 2020). 
Exhaled droplets may contain pathogens and inhalation may bring 
pathogens into the human body (Berlanga et al., 2020), which would 
cause infection. Collective COVID-19 infection cases in gyms have been 
reported in South Korea (Jang et al., 2020). Data show that the exha-
lation and inhalation volumes of people in gyms can be 2 times higher 
than that of a sedentary scenario respectively, which results in a higher 
rate of infection (Kapalo et al., 2021). Therefore, there is an urgent need 
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to improve ventilation control systems to reduce the risk of respiratory 
infection. Studies (Monge-Barrio et al., 2022) encouraged using natural 
ventilation to improve indoor environmental quality. Due to the lack of 
effective ventilation monitoring and control, the ventilation control in 
places with high occupant metabolic rates often cannot satisfy the 
requirement of infection prevention during COVID-19 outbreak. Sta-
diums, gyms and alike places (with high metabolism) play an important 
role in society considering the health and well-being of people. Tradi-
tional CO2 based ventilation control relies on the single CO2 sensor that 
is commonly placed at return air duct. It cannot reflect the CO2 distri-
bution correctly and has time delay due to the air mixing process 
(Cakyova et al., 2021; Shin et al., 2018). Thus, the traditional CO2 based 
ventilation cannot control the risk of infection satisfactorily. 

Therefore, to ensure the safe operation of gyms, stadiums, and alike 
places in the post-epidemic era, it is of great importance to provide 
reasonable online occupant monitoring and ventilation control methods 
for venues with high occupant metabolic rates. Recent studies have 
shown that information based on occupant monitoring can be used to 
predict ventilation requirement and thus perform controls such as de-
mand controlled ventilation and energy conservation (Cao et al., 
2020b). For example, Jin et al. (2018) proposed a ventilation control 
strategy based on occupant information with an energy savings potential 
of 55% for the ventilation system. Pang et al. (2020) demonstrated 
simulation experiments using the number of people as a key control 
factor, which can effectively reduce building energy consumption by 
25-40%. Wang et al. (2021) proposed an intelligent ventilation strategy 
that provides fresh air volume based on real-time occupant density, 
which can reduce the risk of infection to less than 2% to some extent 
while saving 11.7% of energy at the same time. Mokhtari and Jahangir 
(2021) proposed a ventilation strategy based on occupant distribution 
that could reduce the number of infections by 56% and energy con-
sumption by 32%. Morawska et al. (2021) pointed out that future 
ventilation systems should vary the ventilation air rate in different 
places depending on the activity, and thus reducing the risk of indoor 
respiratory disease infections. However, there is a lack of studies 
investigating occupant metabolic rate monitoring and the corresponding 
ventilation control system. 

The accurate monitoring of metabolic rate requires expensive pro-
fessional instruments and equipment (e.g., the measurement equipment- 
MED K5 used by Yang et al. (2021)). With the development of modern 
technology, new instruments and methods of metabolic rate measure-
ment have emerged. Scholars have tried to use wearable devices, such as 
smart bracelets (H. Na et al., 2020; Hasan et al., 2016; Nagarajan et al., 
2021), to monitor the metabolic rate. However, not everyone wears a 
smart bracelet in daily life. Kinect camera (H. S. Na et al., 2019) and 
passive infrared thermal imaging sensors (Enis Cetin et al., 2021) were 
also used to monitor and predict human metabolic rate, but they are not 
widely used in buildings. As a result, the above-mentioned methods of 
obtaining metabolic rate require additional cost of equipment. 

In recent years, computer vision technology has been widely used in 
occupant detection given its rapid development and advantages. Com-
puter vision simulates the human visual system by analyzing the rich 
information provided by digital images or video to achieve a high level 
of understanding of objects and events presented in a scene (Guo et al., 
2021). Using traditional surveillance cameras, computer vision tech-
nology can obtain information about occupants at a low cost, such as 
occupant number (Wang et al., 2019), density (Sun et al., 2022; Wang 
et al., 2018), location (Huang & Hao, 2020), and posture (Chun et al., 
2015). This paper combines computer vision techniques and artificial 
neural network to predict metabolic rates which are used as the input 
signal for ventilation control to reduce the risk of respiratory infection. A 
case study is conducted to evaluate the energy performance and infec-
tion probability of the proposed metabolism-based ventilation control 
method. 

2. Methodology 

2.1. Overview of the study 

The method of the proposed metabolism-based ventilation control is 
shown in Fig. 1. Firstly, cameras are used to acquire videos and com-
puter vision algorithm is used to obtain human activity related features. 
Then, a constructed prediction model is used to output the metabolic 
rate for the final ventilation control. 

The detailed framework diagram is shown in Fig. 2, which consists of 
(a) metabolic rate prediction and (b) ventilation control and assessment. 
Based on the video acquired from surveillance cameras, this method 
extracts two indicators to reflect the occupants’ activity intensity, which 
are used in the metabolic rate prediction. Then, metabolic rate and 
generation of CO2 are input to equation, which are used to estimate the 
ventilation rate. Finally, energy consumption, infection probability and 
carbon emission are evaluated. 

The detailed process is as follows: 
(a) Model development: this part is aimed to develop a model to 

predict metabolic rate. Video from camera is captured firstly, then the 
background subtraction algorithm is used to process video. After this, 
the foreground pixel that represents occupant information is obtained, 
from which the center coordinates of occupant are estimated. To get the 
moving speed in the real physical world, an artificial neural network 
model (named ANND) is constructed to correct the physical distance 
based on the image information. At the same time, the Exclusive-OR 
operation is performed based on background subtracted image frames 
to obtain the motion amplitude information of occupants. After 
extracting features of moving speed and motion amplitude from the 
frames, an artificial neural network model called ANNM is used to pre-
dict metabolic rate. Besides, metabolic rate of occupant is also cross- 
validated by heart rate measurement acquiring from smart bracelets. 

(b) Ventilation control and assessment: the metabolic rate pre-
dictions and generation of CO2 were determining factors of ventilation 
rate. Finally, the ventilation energy consumption, infection probability 
and carbon emission are evaluated. 

2.2. Image processing: Background subtraction algorithm 

The background subtraction algorithm uses the Adaptive Gaussian 
Mixture Model (AGMM) algorithm, where the white-pixel represents the 
foreground and the black-pixel represents the background in images 
obtained after algorithm processing. 

AGMM algorithm updates the parameters and the number of 
Gaussian components for each pixel. The algorithm is able to adapt to 
changes of background settings (e.g. furniture), so as to minimize the 
impact of human intervention. Another merit is the ability to adapt to 
sudden changes of illumination. For example, the user may turn off some 
lights when watching videos, which would result in peak dropping of 
foreground pixel. AGMM can be expressed as follows: Eq. (1) is used to 
determine whether a pixel (D) belongs to the foreground (FG) or back-
ground (BG). 

D =
p
(
BG

⃒
⃒x(t)

)

p
(
FG

⃒
⃒x(t)

) =
p
(
x(t)

⃒
⃒BG

)
p(BG)

p
(
x(t)

⃒
⃒FG

)
p(FG)

(1) 

Where x(t) is the value of pixel in color space (e.g., RGB) at time t. 
Since the information of FG objects is unpredictable, it is assumed that 
the FG objects are a uniform distribution, i.e., p(x(t)

⃒
⃒FG) = c. The BG 

model is estimated from the training set Kand the training set K is 
denoted as p(x|K, BG). To accommodate the background changes, the 
time interval is set as T, and the training set is KT = {x(t),…,x(t− T)}. For 
each new sample, the KT is updated. Since the samples may contain FG, 
the probability density is estimated by the Gaussian Mixture Model 
(with M group components) is estimated. The output figure is shown in 
Fig. 3 (b). 
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p(x|NT,BG+FG) =
∑M

m=1
π̂mN

(
x; μ̂m, σ̂m

2I
)

(2)  

where μ̂m is the estimate of the mean of the Gaussian component, and 
σ̂m

2 is the estimate of the variance of the Gaussian component, and I is 
the unit matrix, and ̂πm is the estimate of the mixture weights (π̂m ≥ 0,

∑

π̂m = 1). 
The AGMM algorithm consists of three steps: 

(1) Use the following formula for the new sample x(t) to classi-
fy: p(x(t)

⃒
⃒NT,BG) > δ  

(2) Update: p(x|KT,BG + FG)

Fig. 1. The metabolism-based ventilation control  

Fig. 2. Framework diagram: (a) metabolic rate prediction (model development) (b)ventilation control and assessment  

Fig. 3. (a) original image; (b) output image of background subtraction  
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(3) Update: p(x|KT,BG)

where (δ is to determine x(t) whether it belongs to the threshold of BG.) 

2.3. Metabolic rate prediction model 

2.3.1. Motion amplitude index 
The pixel value, which is denoted as P(X,Y) in frame I(X,Y) is repre-

sented by 0 or 255, where 0 means white-pixel and 255 means black- 
pixel. Comparing the value of the pixel at all locations of the adjacent 
frame, and the number of pixel points with an Exclusive-OR operation 
value of 1 is counted as NI, which is used to represent the degree of 
motion amplitude of occupants. 

2.3.2. Moving speed index and physical distance correction model 
In the coordinate system of image, the horizontal and vertical co-

ordinates of all white-pixel in frame I are averaged to obtain with Xi and 
Yi, which are the location of the occupant center point coordinates M(Xi,

Yi), and the center point of occupant in the adjacent frame (I-1) is 
selected as M′

(Xi− 1,Yi− 1). The Euclidean distance between M(Xi,Yi), and 
M′

(Xi− 1,Yi− 1) indicates the moving distance Di of the occupant. 

Di =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(Xi − Xi− 1)
2
+ (Yi − Yi− 1)

2
√

(3) 

The occupant movement speed in the physical coordinate system is 
estimated by Eq. (4), where T represents the sampling time that in-
dicates the time difference between two adjacent frames. 

vI = DI/T (4)  

DI = fANND (Di, M(Xi,Yi), M′

(Xi− 1,Yi− 1)) (5) 

Since the image coordinates and real physical coordinates are 
different, it is essential to correct the moving speed index vi. Specifically, 
the image coordinate system uses the left-up corner as the original point, 
while the physical coordinate system uses the left-bottom corner as the 
original point (see Fig. 4). To correct the physical distance Di, M(Xi,Yi), 
M′

(Xi− 1, Yi− 1) and Di are used as the inputs of the artificial neural 
network model ANND, and the physical distance of the occupant in the 
adjacent frame is taken as the output (represented in equation(5)). The 
physical distance correction process is shown in Fig. 4. The relationship 
between the image coordinate system and the real physical coordinate 
system is obtained by the Neural Net Fitting regression in MATLAB 
toolbox, so as to obtain the real moving speed of the occupant. 

2.2.3. Occupant metabolic rate prediction model 
The occupant metabolic rate prediction model is implemented by an 

artificial neural network ANNM, consisting of two input neurons, two 
hidden neurons and one output. In which the movement amplitude 
index NI and movement speed index vI are the inputs of ANNM, and the 
real metabolic rate of the person as the output M. The prediction model 
is finally obtained by fitting the Neural Net Fitting regression in MAT-
LAB toolbox. 

2.2.4. Ventilation rate based on metabolic rate 
Metabolism-based ventilation rate estimation: 
The rate of occupant’s CO2 generation emanation is used to indicates 

the human metabolic rate, so the dilution of occupant’s CO2 emanation 
is used to determine the minimum amount of fresh air required by 
occupant can be estimated by Eq. (6). 

v = g/(c − co) (6)  

g = 4 × 10− 5(MAP) (7) 

Where v denotes the amount of fresh air every occupant required to 
dilution CO2, and c denotes the allowable indoor CO2 concentration, and 
co indicates the outdoor CO2 concentration. g denotes the CO2 genera-
tion rate per person (L/s), which can be calculated from Eq. (7) (China 
Academy of Building Science, 2016) where M denotes the metabolic rate 
(W/m2), AP denotes the surface area of the body (m2). 

Metabolic rate model validation: 
For the validation of metabolic rate model, the human metabolic rate 

is also calculated based on the heart rate value by Eq. (8) (Nishi, 1981). 

Mi =
21(0.23RQ + 0.77)QO2

AD
(8) 

Where RQ denotes the respiratory quotient (dimensionless), and QO2 

represents the volumetric rate of oxygen consumption (mL/s) at certain 
conditions (obtained based on heart rate estimation), and AD denotes the 
surface area of the body (m2). The relationship between oxygen con-
sumption and heart rate of a person under different intensity of exercise 
is shown in Table 1. 

2.4. Ventilation performance evaluation 

2.4.1. Ventilation energy consumption 
The energy consumption of ventilation system includes two parts: air 

conditioning consumption and fan operation consumption. Air condi-
tioning system consumption can be calculated by Eq. (9): 

Pfresh = Q
/

COP (9) 

Where Q indicates the ventilation load (W) that can be obtained from 
Eq. (10), and COP indicates the coefficient of performance of the chiller 

Fig. 4. Physical distance correction process  

Table 1 
Heart rate and oxygen consumption at different activity level (Astrand and 
Rodahl, 1977)  

Level of Activity Heart rate (Beat per 
Minute) 

Oxygen consumption 
(mL/s)  

Light work <90 <8 
Moderate work 90~110 8~16 
Heavy work 110~130 16~24 
Very heavy work 130~150 24~32 
Extremely heavy 

work 
150~170 >32  
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plant. 

Q = V0CP(tR − tO) (10) 

V0 indicates the fresh air volume (kg/m3);CP denotes the specific heat 
of air at constant pressure; tR and tO represent the design indoor and 
outdoor temperature of air conditioning in winter (the experiment of 
energy consumption was conducted in winter), respectively. The energy 
consumption of the fan (kW) can be calculated by Eq. (11). 

Pfan = βF3 (11) 

Where F indicates the air flow rate (m3/s), β denotes the coefficient. 
In this study, the proposed ventilation strategy based on occupant 

metabolic rate is compared with the traditional fixed fresh air strategy 
and the ventilation strategy based on the number of occupants. 

strategy (1): fixed fresh air 
This strategy sets the fresh air delivery volume to a fixed ratio (e.g., 

15-30%), and this study provides fresh air ratio based on room size with 
full occupancy. 

strategy (2): based on the occupant number 
This strategy takes the density of occupant as the main reference and 

supplies the ventilation rate according to the demand of occupant. The 
amount of fresh air required for each person follows the recommended 
values in the ventilation standard (China Academy of Building Science, 
2016). 

strategy (3): based on the occupant metabolic rate 
The total metabolic rate of occupants is acquired by taking the 

metabolic rate and CO2 generation of occupants into account, and 
metabolic rate is predicted by the model ANNM. The required ventilation 
rate is estimated based on the CO2 generation rate and the required CO2 
concentration (see Eq. (6)). 

2.4.2. Probability of infection 
The Wells-Riley model is used for the assessment of infection risk, 

which is one of the most classic and popular models for predicting 
infection risk. To make the calculation of infection rate more accurate, 
the Wells-Riley model is modified as shown in the following formulas 
(Sun & Zhai, 2020): 

PI =
C
S
= 1 − exp

(

− Pd
Bqpt)

EZQ/N

)

(12)  

Pd = (− 18.19ln(d)+ 43.276)/100 (13) 

Where PI is the infection probability; C is the number of patients who 
are infected; S is the total number of susceptible patients; I is the number 
of infections represented; and B represents the probability of initial 
infection; p denotes the respiratory volume (m3/s); Q is the room venti-
lation rate (m3/s), q represents the dose at which infectious particles 
occur; t is the exposure time (s); Ez is the efficiency of air distribution in 
space; and d is the social distance; N represents the number of occupants. 

2.4.3. Carbon emissions 
The carbon emission is also calculated, which consists of electricity 

consumption from ventilation (Ufan) and hospital treatment caused by 
COVID-19 infection (Utreatment). Electricity is the main source of carbon 
emission in this study, which can be calculated with Eq. (14): 

C = EF ×
(
Ufan +Utreatment

)
(14) 

Where EF denotes the grid emission coefficient, U represents energy 
consumption of electricity (kWh). Utreatment is calculated by the energy 
consumption of hospital treatment multiplied the infection probability 
(Eq. (12)). 

3. Case study 

3.1. Experimental environment 

This experiment was conducted in a laboratory of a university. As 
shown in Fig. 5, the video capture area with 6m (length) ×4.5m (width) 
×5m (height), the room temperature was controlled at 24◦C ± 0.5◦C, 
and the relative humidity was maintained at 40%-70%. The red star in 
the Fig. 5 is the test points of indoor temperature and humidity. Logitech 
C505e camera was used to capture video, and a smart bracelet (model 
type: XMSH11HM) was used to detect heart rate. The camera is installed 
at a height of 2.6 meters above the ground to capture as much of the 
interior as possible. 

Before the experiment, the subjects would sit still for 15 minutes to 
minimize the influence of external factors on the subjects’ physiology 
and psychology. 

Experiment 1 was designed to predict the metabolic rate of occupant. 
The subjects performed three exercises sequentially: standing to relax, 
jogging and running, each exercise lasting 5 minutes, with an interval of 
15 minutes between different exercises, during which they wore a smart 
bracelet to detect their heart rate in real time, with a sampling frequency 
of once per minute (to verify the accuracy of metabolic rate prediction), 
and the process is shown in Fig. 6. 

Experiment 2 (18:00~18:10 on November 15 of 2021) recorded the 
video of two occupants performing 10 minutes of fitness exercise, which 
was used to evaluate the ventilation performance of the three ventilation 
strategies. The subjects’ information is listed in Table 2. 

The metabolic rate prediction model and ventilation rate calculation 
codes are embedded in the micro controller unit. When the camera 
captures occupants, the micro controller unit calculates the metabolic 
rate of the occupants based on the proposed method, and then calculates 
the ventilation rate required by the occupants in real time. Finally, the 
micro controller unit outputs control signals to a digital-to-analogue 
converter which can adjust the fan speed by changing the output 
voltage. The detailed control schematic is shown in Fig. 7. 

3.2. Parameter settings 

The estimated metabolic rate value is used as the ground truth to 
develop the metabolic rate model of the ANNM, while the predicted 
metabolic rate is the basis for controlling the fresh air volume in the 
ventilation system. The parameters in Eq. (8) take the following values: 
RQ is set as 0.83 for light and sedentary work (Nishi, 1981); AD is 
selected as 1.69m2;Based on the measured heart rate, QO2 is estimated 
with Table 1. 

The Wells-Riley equation is used to calculate the infection proba-
bility and the values of the parameters are set as following: d is selected 
as 2 m which is a generally recommended social distance in public 
venues (Wang et al., 2021), so Pd is set as 0.359; B is set as 2.2% based on 
previous cases (Wang et al., 2021); q is the quantum generation rate and 
is selected as 0.0394 quantum/s (142 quantum/h) (Buonanno et al., 
2020); p is set as 8.28L/min based on the level of activities. Exposure 
time t is selected as 600s (i.e., 10 mins of experiment). Q represents the 
fresh air volume, which is calculated based on the metabolic rate of the 
occupants. EZ is set as 1 in this case study (Wang et al., 2021). In the 
calculation of ventilation energy consumption, COP is set as 4.2; β is set 
as 0.8, according to a catalogue of fan; CP is selected as 1.005kJ/(kg⋅C); 
tR and tO is set to 22◦C and -2.5◦C, respectively (China Academy of 
Building Science, 2016). 

Carbon emissions is calculated by Eq. (14) and the parameters use 
the following values: EF is set to 0.7921 (Ministry of Ecology and 
Environment of the People’s Republic of China, 2019); Based on the 
investigation of 30 hospitals in China (Shi et al., 2021), the average 
energy consumption is set to 180 kWh/(m2∙a). Assuming each patient 
accounts for 12 m2 of inpatient ward, the energy consumption for one 
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people in hospital is 3.95 kWh/day (or 3.12 kg/day carbon emission per 
people). Note that the calculation duration of carbon emission is set to 
10 minutes to align with the experiment. 

3.3. Results 

3.3.1. Motion amplitude index and movement speed index 
The original video was intercepted frame by frame after background 

subtraction processing, and every three frames were sampled once. The 

Fig. 5. (a) experimental scenario (b) heart rate monitoring bracelet (c) camera  

Fig. 6. Flow diagram of experiment  

Table 2 
Basic information of subjects  

Occupant Gender Age (years old) Height(cm) Weight(kg) 

A Male 23 170 68 
B Male 23 176 69  

Fig. 7. The control schematic and experimental scenes  

J. Wang et al.                                                                                                                                                                                                                                    
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adjacent frames in the new set of sampled frames are subjected to the 
Exclusive-OR operation to obtain the contour of the occupant’s motion 
magnitude as shown in Fig. 8, and the number of white-pixel in the 
frame is counted (NI), which is positively related to the magnitude of 
occupant motion. The results show that: in the standing state, the 
movement of occupant is not obvious and the outline of the occupant is 
faint; the faster the walking speed at the same sampling interval, the 
sharper the outline of occupant is, namely, the larger the proportion of 
the number of white-pixel in the whole picture. 

Occupant moving speed is another input parameter of metabolic rate 
prediction model, which needs to be corrected based the real physical 
distance of occupant movement. Based on the data collected in Experi-
ment 1, the artificial neural network ANND was established with 1800 
sample images. Among these images, 70% was for training, 15% was 
used to test and the last 15% was for validation. At last, the model ac-
quired a R value (regression value) of 0.9675 (shown in Fig. 9). Thus, the 
physical correction model ANND is feasible to be used in this case study. 

3.3.2. Occupant metabolic rate prediction 
A recorded video with thirty minutes was used to verify the accuracy 

of the occupant metabolic rate prediction model. During the experiment, 
occupants were in standing to relaxing, jogging and running states 
(lasted ten minutes for each activity). Each occupant wore a bracelet and 
the heart rate was measured every two minutes. The occupant metabolic 
rate can be monitored in real time by the smart bracelet and substituted 
into Eq. (8), and the real value of occupant metabolic rate is shown in 
Fig. 10(a). Take jogging as an example, the occupant metabolic rate 
gradually rises from 144W, reaches 168W and then gradually falls back 
to 156W, and generally stays around 156W, during which the occupant 
metabolic rate shows a dynamic change with a smooth overall trend. 
Through the formula| TR− TP

TR | × 100% (TR represents the ground truth of 
metabolic rate that was measured, and TP represents the predicted 
metabolic rate), the prediction error rate of the occupant metabolic rate 
is computed as 8.9% (meaning a 91.1% accuracy), which is acceptable in 
engineering applications. 

3.3.3. Ventilation strategy evaluation 
The effectiveness of the proposed metabolism-based ventilation 

control was verified by a comparative experiment. The scenario is shown 
in Fig. 5 (a) with two occupants exercising at high intensity. In this 
experiment, fixed fresh air ventilation is used as the benchmark for 
comparison of energy saving and infection probability. According to the 
building ventilation design guideline, the required fresh air volume for 
occupant in gym premises is 60 m3⋅(h⋅p)− 1. The density of occupant is 
0.2 person/m2 (China Academy of Building Science, 2016), and the 
room size is 6m(length) × 4.5m(width) × 4m(height). Thus, the full 
occupancy is 6 occupants. For the fixed fresh air ventilation strategy, the 
fresh air volume is given according to the full occupancy (i.e., 360 m3 

/h). The occupant-number-based ventilation strategy provides the fresh 
air according to the actual occupant number (namely two in this case), 
so the total fresh air volume is 120 m3/h. For the metabolism-based 
ventilation strategy, the required fresh air volume is calculated by 

substituting metabolic rates into Eq. (6) and Eq. (7), which gives an 
average ventilation rate of 313 m3/h. 

The infection probabilities under different ventilation strategies can 
be calculated based on Eq. (12), and the results are shown in Fig. 11 and 

Fig. 8. Plots of motion amplitude under different motion types  

Fig. 9. Regression of correcting distance  

Fig. 10. Occupants’ metabolic rates in different states: measured and pre-
dicted values 
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Table 3. The infection probability is 4.3% under the fixed fresh air 
ventilation strategy (denoted as “S1”), and up to 12.4% at full occupants. 
The occupant-number-based ventilation strategy (denoted as “S2”) has 
an infection probability of 12.4% all the time, which is the highest. The 
metabolism-based ventilation strategy (denoted as “S3”) can control the 
infection probability to the range of 4.3-6.3% with an averaged infection 
probability of 5.0%. Regarding the energy performance, S1 is set as the 
benchmark. By calculation, S2 can save 66% of energy but the infection 
probability is out of control. S3 can save 13% energy consumption, 
while maintaining a relatively low infection probability. For the carbon 
emission, S2 achieves the lowest emission, but it can not effectively 
control the infection probability. Comparing with S1, the proposed S3 
offers a lower carbon emission, which provides a more sustainable way 
for ventilation control in gym and alike places. 

As the epidemic enters into the regular management, ventilation 
control in public places should not be neglected, especially in places 
with high metabolic rate of occupant. It is more important to provide 
ventilation that matches the metabolic rate of occupants to minimize the 
risk of indoor transmission of respiratory infections. Traditional venti-
lation control methods would use a design maximum ventilation rate all 
the time, but may consume unnecessary energy at a low occupancy. The 
proposed metabolism-based ventilation control can achieve an equiva-
lent infection probability and enable a demand-controlled feature that 
can effectively save energy. 

(Note: “Vent. Rate” – Ventilation Rate; “IP” – Infection Probability; 
“S1”: fixed fresh air ventilation strategy; “S2”: occupant-number-based 
ventilation strategy; “S3”: metabolism-based ventilation strategy) 

4. Discussions 

Engineering implications 

Public buildings, gymnasiums and alike exercise places are essential 
to promote the human heath and wellbeing since regular exercise has a 
positive and profound influence on the human immune system (Simp-
son et al., 2015; Ibrahim & Hassanain, 2022). However, due to the 
quarantine and lockdown in COVID-19 outbreak, the physical exercise 
activities have been decreasing. In the modern society and cities, indoor 
sport venues are still important due to the severe outdoor air pollution 

(e.g., traffic pollution and haze) (Zhao et al., 2021), while the infection 
risk is significant in these places considering the high human metabolic 
rates. Therefore, innovative ventilation strategies are needed to create a 
heathy indoor environment and promote physical fitness in a safe way 
(Cao et al., 2021; Panaras et al., 2018). The proposed metabolism-based 
ventilation control method is promising to decrease the risk of 
COVID-19 in indoor sport places while preserving an energy saving 
feature, which is of great importance towards the development of 
healthy and sustainable society. Moreover, the implementation cost is 
also low since the realization of computer vision algorithm and venti-
lation control only require a low-cost micro controller (Wang et al., 
2021). 

In addition, human metabolic rate is one of the most important 
factors affecting occupant thermal comfort (Pan et al., 2020). Calvaresi 
et al. (2018) used the real-time measured human metabolic rate to 
optimize the thermal comfort model, and the results showed that 
occupant comfort can be improved and building energy management is 
optimized comparing with the ventilation volume with fixed metabolic 
rate. Thus, the metabolic rate prediction modeling method proposed in 
this paper cannot only be used for control of ventilation, but also be 
utilized in thermal comfort prediction, ventilation demand prediction 
(Ren & Cao, 2020), and control of thermal comfort (Shan et al., 2020). It 
should be noted that the procedure developed in this study can calculate 
the metabolic rate of multiple occupants recorded in one camera. Since 
the metabolic rate can be added together, the total ventilation rates of 
multiple occupants can be obtained accordingly. To fulfill this purpose, 
an occupant identification function is needed to identify the moving 
speed of different occupants. 

Motion amplitude index and moving speed index 

The occupant metabolic rate refers to the heat generated per unit of 
body surface area per unit of time, and is closely related to the intensity 
of the occupant’s activity. The degree of movement amplitude, as one of 
the indicators of the intensity of occupant activity, reflects the magni-
tude of the occupant’s movement during exercise. When occupant move 
at a faster speed, the image obtained by the Exclusive-OR operation has 
less overlapping part of occupant compared with the jogging case. As 
shown in Fig. 8(b) and (c), the number of white pixels in the foreground 

Fig. 11. Infection probabilities and ventilation rates of three ventilation strategies  
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of the person in the image rises sharply when the person is walking at a 
speed of 1.2m/s, indicating that the Exclusive-OR operation can effec-
tively reflect the magnitude of the occupant’s activity. For the exercise 
spaces like gyms, the types of people’s activities are generally sitting, 
standing, walking and running. Based on the results, the Exclusive-OR 
operation is promising to reflect motion amplitudes in most of the ac-
tivities. It should be noted that weight exercises may not be notably 
reflected in terms of motion amplitude. However, weight exercises could 
have extremely high metallic rate. This should be further investigated in 
our future study. 

The human metabolic rate can be determined based on the activity 
status of the person (mainly deduced from the speed of movement and 
type of activity). Kang et al. (Kang et al., 2012) estimated occupant 
metabolic rate by body movement acceleration, which can be used 
without disturbing the normal activities of the subjects. Therefore, it is 
reasonable to use occupant moving speed as one of the indicators of 
occupant activity intensity. 

For the video processing, sampling time affects the extraction results 
of the two indexes. For example, when choosing a longer sampling time, 
the motion amplitude index can hardly catch the occupants’ transient 
motion. On the contrary, a shorter sampling time will make the real 
distance hard to compute because the occupants’ real moving distance 
between adjacent images would be very small, bringing more errors into 
the index of moving speed. Thus, it is critical to choose a suitable sam-
pling time. 

Limitations 

This paper focus on the monitoring of occupant metabolic rate and 
control the ventilation accordingly to reduce the risk of indoor trans-
mission of respiratory infections. However, there are several limitations: 
(1) the indicators used to predict the metabolic rate of occupant and the 
number of samples required for model prediction need to be further 
enriched to enhance the accuracy and applicability of the prediction 
model (e.g., expand the training data to cover weight exercises with 
light motion amplitude but high metabolism); (2) the regression model 
varies with the camera angle and scenario, and the prediction model 
needs to be tailored for the corresponding scene; (3) the experimental 
case study has a limited occupancy and an actual gym case with large 
occupancy will be conducted in the future; (4) the study only considers 
ventilation control, while air disinfection technology can be coordinated 
in the future (Feng, Cao, & Haghighat, 2021; Feng, Cao, Wang, Kumar, & 
Haghighat, 2021). 

5. Conclusions 

Gymnasiums, fitness rooms and alike places offer important exercise 
services to citizens, which play positive roles in promoting physical 
fitness and enhancing immunity of human. Due to the high metabolic 
rates during exercises, supplying sufficient ventilation in these places is 
essential to ensure a safe indoor environment considering the risk of 
infectious respiratory diseases like COVID-19. However, traditional 
ventilation control methods fail to monitor the dynamic metabolic rates 
and respond to the corresponding ventilation demands. Thus, this paper 
proposes an innovative method to monitor occupant metabolic rate 
based on computer vision algorithms in real-time and use occupant 
metabolic rate for ventilation control. Following conclusions are 
obtained: 

Two indices, motion amplitude index and moving speed index, are 
developed based on image features and are found to be suitable in 
reflecting human metabolic levels. The artificial neural network based 
metabolic prediction model achieves an accuracy of 91.1%, which is 
acceptable in engineering applications.  

The fixed fresh air ventilation strategy can control the infection 
probability to 4.3% with the designed maximum ventilation supply but 

has a high energy consumption. The occupant-number-based ventilation 
strategy has the highest infection probability of 12.4% since it does not 
consider the human metabolic rate. In comparison, the proposed 
metabolism-based ventilation control can maintain an equivalent 
infection probability (4.3-6.3%) and offer an effective energy saving 
(13% compared with fixed fresh air ventilation strategy). 

It should be noted that the used computer vision algorithm has a 
good privacy protection since the foreground objects (e.g., occupants) 
are subtracted from the background and represented in purely white 
pixels. In addition, the proposed ventilation control method is low-cost 
and has a good applicability not only in ventilation but also in thermal 
comfort applications. As the proposed metabolism-based ventilation 
strategy achieves an excellent balance between energy consumption, 
risk mitigation of infection probability and cost, it offers a promising and 
sustainable solution to decrease the risk of COVID-19 and alike respi-
ratory diseases in places with high occupant metabolism (e.g. gyms and 
similar sports buildings). More importantly, the design and operation of 
future sport buildings should be occupant-oriented throughout its whole 
life cycle and economic precautionary measures (e.g., smart ventilation 
and air disinfection technologies) should be established in post- 
pandemic era. 
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