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A B S T R A C T

In this paper, we present a mathematical model of an infectious disease according to the characteristics of
the COVID-19 pandemic. The proposed enhanced model, which will be referred to as the SEIR (Susceptible–
Exposed–Infectious–Recovered) model with population migration, is inspired by the role that asymptomatic
infected individuals, as well as population movements can play a crucial role in spreading the virus. In the
model, the infected and the basic reproduction numbers are compared under the influence of intervention
policies. The experimental simulation results show the impact of social distancing and migration-in rates on
reducing the total number of infections and the basic reproductions. And then, the importance of controlling
the number of migration-in people and the policy of restricting residents’ movements in preventing the spread
of COVID-19 pandemic are verified.
. Introduction

The outbreak of novel coronavirus (COVID-19) pneumonia con-
inues to increase worldwide, causing a large number of casualties
nd global economic crises. The outbreak has put many countries in
n emergency response phase. At present, research on developing a
accine for coronavirus is still in preliminary stages and there are no
pecific drugs for efficient treatment of infected patients. The ones that
re available can only assist a patient’s self-autoimmunity. Under these
onditions and based on the characteristics of COVID-19 pandemic,
t is vital to develop a new mathematical model according to the
haracteristics of the COVID-19. It would be possible to analyze the
athology and dynamic transmission of infectious diseases, and also
ind an optimal decision for preventing spread of the virus with such a
odel.

However, well-established models, such as the Susceptible–
xposed–Infectious–Recovered (SEIR) model [1], cannot be consid-
red for COVID-19 due to the unique characteristics of the virus.
ore importantly, the spread of COVID-19 is not limited to symp-

omatic individuals, but also to those who do not show any symptoms
i.e., asymptomatic). More specifically, unlike previous SEIR models, a
ew model has to take into consideration COVID-19 exposure charac-
eristics that consist of two types: symptomatic and asymptomatic. By
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incorporating both types in a new model, it would then be possible to
analyze the pathology and dynamic transmission of infectious diseases
and then find an optimal solution to prevent spread of the virus.

Thus, in this paper, we incorporate asymptomatic infections and
population migration into SEIR and introduce a new model, which will
be referred to as the SEIAR (Susceptible–Exposed–Infectious–Asympt-
omatic–Recovered) model with population migration. Based on the
proposed SEIAR model with the unique epidemiological characteristics
of COVID-19, we evaluate differences in the asymptotic stability of the
model with and without intervention. We then present our experimen-
tal results, which include verifying the effectiveness of interventions
(e.g., social distancing and migration control) in mitigating the spread
of COVID-19.

In summary, the main contributions of this paper include:

• By establishing a mathematical model of an infectious disease
based on the characteristics of COVID-19 (such as the effect
of asymptomatic infected patients in spreading the virus), the
applicability of the modified model is proved.

• By calculating the curve of the number of infections based on
the Euler numerical method, we then analyze and compare the
effects of different anti-epidemic policies on reducing the number
of infections.
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• By calculating the basic reproduction number of the model, We
verify that reducing mobility rates based on the basic reproduc-
tion number again, i.e., the migration ban, can indeed slow down
virus transmission.

The rest of the paper is organized as follows. The related works are
ntroduced in Section 2. We develop a mathematical model to describe
he transmission of COVID-19 and calculate the basic reproduction
umber for this model in Section 3. Then, we use a simulation to
alculate the impact of quarantine measures and migration restrictions
n the transmission of infectious diseases in Section 4. We also discuss
ur future work in Section 5. Finally, Section 6 concludes this paper.

. Related work

The traditional model of infectious diseases is based on the pop-
lation classification of infectious diseases. Presently, well-established
athematical models have been widely used to project the propagation

f various epidemics, such as Susceptible–Infectious–Recovered (SIR)
nd SEIR [2]. Kermack et al. proposed an SIR-based model to project
he expected epidemic scenarios for the plague [3]. In the case of
nfluenza, Hethcote et al. introduced a so-called fourth population
lassification (i.e. exposed person) [4]. This type of population is a
otential infection population, it does not have the ability to infect
thers. The extended epidemic model is called the SEIR model [3].

Currently, the SEIR model is applicable to influenza, AIDS, and
ther epidemics. For example, in [5], Syafruddin et al. studied the
ifferential equations of transmission dynamics of dengue fever in
elangor Malaysia. They finally proved that the SEIR model has certain
pplicability between theoretical calculation and practical calculation.
n terms of the global stability of the SIR and SEIR models, Abtae.
t al. applied Lyapunov function to determine the global asymptotical
tability conditions of disease-free and endemic free equilibrium and
oncluded that the stability of SEIR is better than SIR [6]. Moreover,
i et al. proposed an infectious disease model where individuals in
he exposed state and those in the recovered state are infectious [6].
owever, according to the infectivity characteristics of COVID-19, the
EIR model is not applicable to describe the actual infectious process
f COVID-19.

Currently, based on a simple mathematical model and limited data,
hong et al. [7] used the epidemic data of COVID-19 in Wuhan (at
he initial stage) to estimate the infection rate, mortality, and other pa-
ameters. These parameters were then fed into the SIR model to predict
he outbreak of COVID-19 in China. The authors did not consider the
ifference between the infection rate and mortality rate among various
ities. For instance, patients in the exposed period were omitted. They
lso ignored the impact of population migration. In [8], Iwata et al.
nvestigated the possibility of potential outbreak caused by imported
ases in a community outside China. Moreover, the authors in this
aper put different coefficients into the mathematical model and got
ets of results which were not representative.

However, there are many deficiencies in recent studies [9]. Firstly,
here were not enough data to know the origin, the rule of infection,
nd the mode of infection of COVID-19 with certainty, while it is still in
he early stage of the outbreak. Secondly, the migration of population
nd the dynamic change of parameters have been ignored.

Thus, based on the above analysis, previous SEIR-based models
annot be directly applied to COVID-19. This is due to the fact that
hile individuals in the exposed state of COVID-19 are infectious,

here is no evidence to prove that individuals in the recovered state
annot still be infectious. So, we need to enhance the SEIR model
y considering only the exposed state as being infectious and not the
ecovered state. In order to build such a model, we set up two infection
ates; one is the infection rate of the exposed person and the other is
he infection rate of the infected person. In addition, after establishing
he model, we consider the impact of the exposed period of COVID-19
n the spread of the epidemic. In the next section, we will describe the
253

pecific SEIAR model. m
3. Methods

In this paper, we propose a new epidemic model that tasks asymp-
tomatic cases and migration into consideration. Because of the change
of contact and migration rates, we incorporate these two parameters as
a function of time in our model.

3.1. The SEIAR model

According to the known characteristics of COVID-19, we can divide
the regional population into the following five categories: suscepti-
ble group (S), exposed group (E), infected (symptomatic infection)
group (I), asymptomatic infected group(A), or recovered group (R), as
illustrated in Fig. 1.

Furthermore, according to the report of the World Health Organi-
zation, the general transmission process is as follows:

• If susceptible persons contact asymptomatic and symptomatic
infected people, their status will change to exposed.

• Most of the exposed people are transformed into infected or
asymptomatic infected after the exposed period. It should be
noted that the exposed of COVID-19 is 5.2 days.

• Infected and asymptomatic people will be moved into convales-
cence after rehabilitation, because they are expected to develop
a certain immunity within an unknown period of time.

Thus, we introduce the transformation relationship between these five
groups as shown in Fig. 1. Here, we consider the existence of asymp-
tomatic infected people and migration. Note that asymptomatic in-
fected people will not die of the COVID-19 infection, but infected
people may.

Moreover, the population density of these categories is denoted by
𝑆(𝑡), 𝐸(𝑡), 𝐼(𝑡), 𝐴(𝑡) and 𝑅(𝑡) at time 𝑡, respectively. Let 𝑁(𝑡) denote the
otal number of people at time 𝑡, then, we can obtain

(𝑡) = 𝑆(𝑡) + 𝐸(𝑡) + 𝐼(𝑡) + 𝐴(𝑡) + 𝑅(𝑡) (1)

We set the parameters within the SEIAR model as follows: the
ontact rate of susceptible individuals contacting symptomatic and
symptomatic infected persons is defined as 𝛼, i.e , the number of sus-
eptible patients who are exposed every day. We denote the derivative
f recorded exposed time as 𝜌. After the exposed period, the probability
f an exposed person entering into infected status is 𝜒 , among which
he probability of symptomatic infected is 𝛽1, and the probability of
xposed into asymptomatic infected is 𝛽2, and 𝛽1 + 𝛽2 = 1. Moreover,

is the proportion of people who are infected before symptoms rel-
tive to those who have symptoms. Furthermore, the probability of
ymptomatic patient recovering is 𝛿1 and the recovery probability of
symptomatic patients is 𝛿2. We set the probability of mortality due to
OVID-19 to 𝜂 and the natural mortality rate to 𝜃.

Based on the above parameters, we propose the SEIAR model pop-
lation migration using the following ordinary differential equations
ODEs):
𝜕𝑆
𝜕𝑡

= 𝜆1𝑆(𝑡) −
𝛼𝜌𝑆(𝑡) (𝐼(𝑡) + 𝜔𝐸(𝑡))

𝑁
− 𝜆2𝑆(𝑡) − 𝜃𝑆(𝑡)

𝜕𝐸
𝜕𝑡

= 𝜆1𝐸(𝑡) +
𝛼𝜌𝑆(𝑡)(𝐼(𝑡) + 𝜔𝐸(𝑡))

𝑁
− (𝜒 + 𝜆2 + 𝜃)𝐸(𝑡)

𝜕𝐼
𝜕𝑡

= 𝜆1𝐼(𝑡) + 𝜒𝛽1𝐸(𝑡) − (𝜂 + 𝛿1 + 𝜆2 + 𝜃)𝐼(𝑡)

𝜕𝐴
𝜕𝑡

= 𝜆1𝐴(𝑡) + 𝛽2𝐸(𝑡) − (𝛿2 + 𝜆2 + 𝜃)𝐴(𝑡)

𝜕𝑅
𝜕𝑡

= 𝜆1𝑅(𝑡) + 𝛿1𝐼(𝑡) + 𝛿2𝐴(𝑡) − (𝜆2 + 𝜃)𝑅(𝑡)

(2)

here 𝜆1 denotes the migration-in rate, and 𝜆2 denotes the migration-
ut rate.

For the above parameters (𝛼, 𝜌, 𝜒, 𝜃, 𝛽1, 𝛽2, 𝛿1, 𝛿2, 𝜂, 𝜆1, 𝜆2), we can
olve it by the machine learning algorithm. In this paper, for the sake
f simplicity, we use existing work to estimate the parameters. Further-

ore, we utilize the Euler numerical method to solve the ODEs (2).
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Fig. 1. The transformation of Susceptible, Exposed, Infectious, Asymptomatic, and Recovered individuals of COVID-19 in SEIAR model with population migration.
3.2. Computation of the basic reproduction number

The basic reproduction number 𝑅0 is an important indicator to
describe the epidemic dynamics. It refers to the number of the ex-
pected cases directly generated by one case in which all individuals
in a population are susceptible to infection. In this paper, we use the
next generation matrix [10,11] to derive a formula for the control
reproduction number when control measures are in force.

To be specific, firstly, we divide the population into five categories
according to the state of infection. Then, we denote matrix 𝑖(𝑥) as
the new infection rate in category 𝑖. Let 𝑥 = (𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5) be the
combination of crowd categories, 𝑥𝑖 represents the number of people
in each category.  (𝑥) is the vector of 𝑖(𝑥). Moreover, we denote by
𝑣𝑖(𝑥) is the rate where other categories are converted to category 𝑖. (𝑥)
is the vector of 𝑣𝑖(𝑥). According to the mathematical model of infectious
diseases, we can obtain  (𝑥) and (𝑥) as follows:

 (𝑥) =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝜆1𝐸 + 𝛼𝜌𝑆(𝐼+𝜔𝐸)
𝑁

0
0
0
0

⎤

⎥

⎥

⎥

⎥

⎥

⎦

(3)

and

(𝑥) =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

(𝜒 + 𝜆2 + 𝜃)𝐸
−𝜆1𝑆 + 𝛼𝜌𝑆(𝑡)(𝐼(𝑡)+𝜔𝐸(𝑡))

𝑁 + (𝜆2 + 𝜃)𝑆
−𝜆1𝐼 − 𝜒𝛽1𝐸 + (𝜂 + 𝛿1 + 𝜆2 + 𝜃)𝐼(𝑡)
𝜆1𝐴(𝑡) + 𝛽2𝐸(𝑡) − (𝛿2 + 𝜆2 + 𝜃)𝐴(𝑡)

𝜆1𝑅(𝑡) + 𝛿1𝐼(𝑡) + 𝛿2𝐴(𝑡) − (𝜆2 + 𝜃)𝑅(𝑡)

⎤

⎥

⎥

⎥

⎥

⎥

⎦

(4)

Furthermore, we define 𝐉 and 𝐕 as the Jacobian matrices of function
 (𝑥) and (𝑥). Then, we can obtain the Jacobian matrixes of (3) and
(4) with respect to 𝑥 which can be expressed as follows:

𝐉 =
[

𝐹 0
0 0

]

(5)

and

𝐕 =
[

𝑉 0
𝐽3 𝐽4

]

(6)

where 𝐹 and 𝑉 is a 3 × 3 matrices. We define 𝐹 =
[

𝜕𝐽𝑖
𝜕𝑥𝑗

(𝑥0)
]

,

𝑉 =
[

𝜕𝑉𝑖
𝜕𝑥𝑗

(𝑥0)
]

,where 1 ≤ 𝑖, 𝑗 ≤ 3, and the disease free equilibrium
𝑥0 = (0, 𝑠0, 0, 0, 0). 𝑥0 is a locally asymptotically or stable equilibrium
solution of (2). It is clear that (0, 1, 0, 0, 0) is a disease free equilibrium
of (2) [12]. Then

𝐹 =
⎡

⎢

⎢

1 + 𝜆1 𝛼𝜌 𝛼𝜌
0 0 0

⎤

⎥

⎥

(7)
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⎣ 0 0 0 ⎦
and
𝑉 =

⎡

⎢

⎢

⎣

𝜒 + 𝜆2 + 𝜃 0 0
−𝜒𝛽 𝜂 + 𝛿1 + 𝜆2 + 𝜃 − 𝜆1 0
−𝜒𝛽2 0 𝛿2 + 𝜆2 + 𝜃 − 𝜆1

⎤

⎥

⎥

⎦

(8)

Thus, we obtain the next generation matrix of COVID-19 as 𝐆 =
𝐹𝑉 −1. Therefore, the basic reproduction number 𝑅0 of the SEIAR model
can be obtained by calculating the spectrum radius of 𝐆 as follows:

𝑅0 =

1
𝜒 + 𝜆2 + 𝜃

[

(𝜆 + 𝛿1 + 𝜆2 + 𝜃) +
𝛼𝜌𝜒𝛽1

(𝛿2 + 𝜆2 + 𝜃) − 𝜆1

] (9)

In epidemiology, the basic reproduction number is the average
number of people who are infected with an infectious disease. The
basic reproduction number can be used to determine how easy it is
to control an epidemic. If 𝑅0 < 1, infectious diseases will gradually
disappear. If 𝑅0 > 1, infection can spread exponentially, but it generally
does not last forever as the number of people likely to be infected
slowly declines. Some people may die of the infection, while others
may recover and develop immunity. If 𝑅0 = 1, the infectious disease
can become endemic to populations.

4. Performance evaluation

In this paper, we mainly study the impact of different effective
epidemic prevention measures on controlling the epidemic situation.
Currently, research of COVID-19 in Wuhan has been well investigated.
Thus, we use the research parameters used by Tang, et al. in [13,14]
directly. We mainly analyze the infection data of Wuhan, China, which
is consistent with the infection direction of our early experimental area,
so we can use the parameters in this study directly.

Specifically, we set the total number of people in the experimental
area to 10,000. The contact rate of susceptible individuals and infected
people is 𝛼 = 140. The disease incidence probability of each contact
transmission is 𝜌 = 2.1011 × 10−5. The exposed period is 𝛾 = 1∕𝜒 =
5.2 [15].

After the exposed period, the probability of the exposed people
becoming infected is 𝛽1 = 0.86834, and the probability of exposed in-
fection to asymptomatic infection is 𝛽2 = 1−0.86834. The probability of
recovery is 𝛿1 = 0.13029, and the recovery probability of asymptomatic
patients with infection is 𝛿2 = 0.1. The probability of death due to
COVID-19 is 𝜂 = 0.2. The natural mortality rate is 𝜃 = 7.14 × 10−3.
Furthermore, we set initial 𝑆 = 9999, 𝐸 = 0, 𝐼 = 1, 𝐴 = 0, 𝑅 = 0.

4.1. Real data for the SEIAR model

In order to verify the feasibility of the model, we used real data
from Wuhan for simulation. We set the initial experimental data as:
𝑆 = 11081000, 𝐸 = 0, 𝐼 = 1, 𝐴 = 0, 𝑅 = 0. The first case was detected
on December 6, 2019, according to China’s national health commission.
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Fig. 2. The real data for SEIAR Model.

n January 24, 2020, Wuhan implemented a strict lock-down policy for
he population. In this way, from case detection to day 50, the contact
ate drops significantly. We set it to 𝛼0 = 5.

The experimental results are shown in Fig. 2. We found that the
aily increase of infections was different from the actual report in
uhan. Some patients were not detected due to the limited num-

er of test reagents in the early stage of infection. The number of
atients reported dramatically increases suddenly after the number
f test reagents increased. Therefore, the daily increase number of
nfections is reasonable. According to the experimental results, the
umulative number of infections increases every day, and after about
0 days, the cumulative number of infections is basically unchanged.
his phenomenon is consistent with the report of the Wuhan health and
ealth commission, which fully proves the applicability of our model.

.2. Contact rate control

In order to control the spread of COVID-19, measures such as
taying home should be considered to reduce the contact rate. Thus, in
his paper, we set three contact rates: (i) constant contact rate 𝛼 = 𝛼0,

(ii) exponential decreasing contact rate 𝛼(𝑡) = (𝛼0−𝛼min𝑒−𝑟1𝑡)+𝛼min, and
iii) piecewise exponential function contact ratio, which is as follows:

1 =
{

𝛼0 0 ≤ 𝑡 < 𝐿
−𝑟 𝑡 (10)
255

(𝛼 − 𝛼0)𝑒 1 + 𝛼min 𝐿 ≤ 𝑡
2 =

⎧

⎪

⎨

⎪

⎩

𝛼0 0 ≤ 𝑡 < 𝐿0
(𝛼 − 𝛼0)𝑒−𝑟1(𝑡−𝐿0) + 𝛼min 𝐿0 ≤ 𝑡 < 𝐿
−(𝛼 − 𝛼0)𝑒−𝑟1(𝑡−𝐿)+1 + 𝛼0 𝐿 ≤ 𝑡

(11)

here 𝛼min represents the minimum exposure rate after implementation
f the policy. In Eq. (10), 𝐿 is the days the ban. In Eq. (11), 𝐿0 is the
ays for beginning the ban. 𝐿 is the days for ending the ban.

Quarantine can keep people at a social distance, and then change
ontact rate. Therefore, we can define different values for the contact
ate according to different epidemic prevention measures. Firstly, if the
uthorities do not take any preventive measures, we assume that the
ontact is constant. Otherwise, we assume that the contact rate will
xponentially decrease. Over time, when people become less alert or
he authorities end the quarantine too early, we set the contact rate to
ncrease exponentially. The contact rate meets Eq. (10).

In Fig. 3, in order to reduce the impact of the migration-in rate on
he test area, we assume that no infected persons will migrate to that
rea within the next 140 days. Moreover, we set 𝛼min = 2, 𝑟1 = 1.3768.
n Fig. 3, experimental results show that the number of new symp-
omatic infections per day increases with a fastest pace in areas without
uarantine measures (i.e., no isolated), and the cumulative number of
ymptomatic infections is the largest. The larger the value of 𝐿, the
arger the cumulative number of symptomatic infections. Because the
ooner quarantine measures are made, the less contact people will have,
.e., the less contact rate. If these measures are implemented on day 50
i.e., 𝐿 = 50), the quarantine measures will have little effect. The results
f this trial prove that if we want to mitigate the epidemic as soon as
ossible and reduce the number of infections during the epidemic, it is
ssential to implement strict guidelines as early as possible.

Secondly, as shown in Fig. 4, the contact rate meets equation (11).
e begin quarantine measures 20 days after the case was found,

.e, 𝐿0 = 20. The quarantine ended on the 40th (i.e., L=40), 50th
i.e., L=50), and 60th (i.e., L=60) days in the experimental area. When
uarantine measures are ended, the contact rate increases exponen-
ially. According to curves of No isolated, 𝐿 = 40 and 𝐿 = 50, there
s no difference between the premature termination of the quarantine
nd the failure to take preventive measures. The daily number of new
nfections stopped rising after the quarantine is terminated on the
0th day. There is no significant difference between the effect of the
uarantine and that of continuous implementation of the quarantine
easures. The analysis showed that the government neither can end

he quarantine measures prematurely, nor need to close dated measures
oo late. According to the infection data, it can be reasonably estimated
he time needed of quarantine measures.
Fig. 3. The impact of the initiation time of quarantine measures on the spread of COVID-19.
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Fig. 4. The impact of the end time of quarantine measures on the spread of COVID-19.
Fig. 5. The impact of restrict migration-in on the spread of COVID-19.
.3. The impact of migration-in rate on COVID-19

In our next experiment, we set different mobility-in rates. Firstly,
1 = 0 represents a blockage to entering or exiting the epidemic area. In
ddition, to compare the impact of the migration rate on our infection
odel, we set the migration-in rate to 𝜆1 = 0.01 and 𝜆1 = 0.007.
he results, which are shown in Fig. 5 for symptomatic population,

ndicate that the total number of infected people in the experimental
rea decreases with a reduction in the migration-in rate. Additionally,
he lower the migration-in rate, the faster it will reach the peak number
f infected people.

.4. Basic reproduction number of COVID-19

The base reproduction number 𝑅0 can be used as a parameter to
easure the rate of infection. As shown in Fig. 6, we set different
obility rates, i.e., 𝜆1 = 0.00714, 𝜆1 = 0.001 and 𝜆1 = 0. We make the

ontact rate of each curve decrease exponentially. According to Fig. 6,
n the initial stage, the basic reproduction number is greater than 1.
s time goes on, the contact rate decreases, which makes the basic
eproduction decrease, and it ends up being less than 1. In addition,
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ompared with the three curves, the smaller the different mobility
Fig. 6. The influence of mobility and contact rate on basic reproduction number.
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rates are, the smaller the migration rate. These experimental results
indicate that quarantine measures are conducive to control the spread
of infectious diseases.

5. Discussion and future research directions

In this paper, according to the characteristics of COVID-19, con-
sidering the asymptomatic infected and the migration and emigration
of users, we propose the this model and evaluate the validity of
SEIAR model by experimentation. In the future, there remain several
interesting topics which are as follows:

Medical Resource Allocation: Due to different severities of the COVID-
19 epidemic in different areas, utilization of medical resources in
different regions is also different. For example, in severe areas, doctors,
nurses, protective materials and drugs are in serious shortage. However,
there is a surplus of medical supplies in areas with less severe out-
breaks. Therefore, we need to establish a scheduling scheme to transfer
the remaining medical materials from the slight epidemic area to areas
with serious epidemic.

In order to make an optimal scheduling scheme, we need to es-
tablish a multi-objective optimization problem: the objective function
is to minimize mortality of the infected patients in the experimental
area, and to minimize the cost of deployment. The constraint is that
cities should share medical resources with other cities and ensure that
medical resources of its own city can be self-sufficient. The allocated
materials accepted by the city receiving the medical resources cannot
exceed the amount of medical resources it needs. Thus, we need to build
a scheduling model of hospital to hospital.

User Mobility Control for Economic Recovery: The epidemic has se-
riously affected the economies of all countries. Achieve economic re-
covery on the basis of controlling the COVID-19 epidemic situation is
a challenging problem. From the perspective of existing research, user
mobility is an important factor affecting epidemic prevention and eco-
nomic recovery. Thus, we plan to give user mobility control to achieve
economic recovery on the basis of epidemic control. In particular, some
novel approaches based on edge intelligence could be considered [16],
especially advanced mobile networking and healthcare systems [17].

For example, we take the income of the hospitality industry and
the number of people infected by the virus as the target, and establish
a multi-objective optimization problem. The objective function is to
maximize the income of the catering industry and minimize the number
of people infected. There exists a trade-off, because an increase in the
number of infected people will restrict people from going out, so the
income of the hospitality industry will decrease. In order to improve the
income of this industry, we will increase the number of people going
out, but at the expense of increasing the number of infected people.
Thus, we can give an appropriate mobility of users, and realize the
profit of the catering industry on the basis of controlling the epidemic.

Deep Learning for Population Migration: In order to get the dynamic
obility of population in an experimental region, we can divide the
ovement of a population into two parts, i.e., the number of people
oving into the area, called the migrate in, and those moving out as
igrate out. According to previous studies, the amount of migration

n any region is continuous from a time perspective. For example, the
mount of migrate in has a strong correlation with the amount of
igrate in at the previous moment.

Moreover, population movement is affected by the COVID-19. In
his paper, we give simple parameters to describe the influence of
igration and emigration on COVID-19. In future work, we will use

he deep learning [18,19] approach to build a spatial and temporal
opulation migration model, to better predict the impact of population
257

igration on the COVID-19 epidemic.
6. Conclusion

Based on the results of our simulations, some interventions are
needed to control the spread of COVID-19. Home confinement re-
duces person-to-person contact and can effectively reduce the rate of
transmission and the number of people infected. In addition, if earlier
measures to control person-to-person contact are implemented, the
faster the spread of the virus is controlled. Moreover, these measures
must not be terminated prematurely. The experimental results of the
study on migration rates also prove the importance of implementing
migration control.
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