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At present, the global COVID-19 is still severe. More and more countries have experienced second or even third
outbreaks. The epidemic is far from over until the vaccine is successfully developed and put on the market on a large scale.
Inappropriate epidemic control strategies may bring catastrophic consequences. It is essential to maximize the epidemic
restraining and to mitigate economic damage. However, the study on the optimal control strategy concerning both sides
is rare, and no optimal model has been built. In this paper, the Susceptible-Infectious-Hospitalized-Recovered (SIHR)
compartment model is expanded to simulate the epidemic’s spread concerning isolation rate. An economic model affected
by epidemic isolation measures is established. The effective reproduction number and the eigenvalues at the equilibrium
point are introduced as the indicators of controllability and stability of the model and verified the effectiveness of the SIHR
model. Based on the Deep Q Network (DQN), one of the deep reinforcement learning (RL) methods, the blocking policy
is studied to maximize the economic output under the premise of controlling the number of infections in different stages.
The epidemic control strategies given by deep RL under different learning strategies are compared for different reward
coefficients. The study demonstrates that optimal policies may differ in various countries depending on disease spread and
anti-economic risk ability. The results show that the more economical strategy, the less economic loss in the short term,
which can save economically fragile countries from economic crises. In the second or third outbreak stage, the earlier the
government adopts the control strategy, the smaller the economic loss. We recommend the method of deep RL to specify a
policy which can control the epidemic while making quarantine economically viable.

Keywords: COVID-19, SIHR model, deep reinforcement learning, DQN, secondary outbreak, economy
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1. Introduction
As of April 13, 2021, the number of diagnosed cases

of COVID-19 worldwide reached 137 941 696, and at least
2 967 745 individuals have died from this virus since the first
report in December 2019.[1] According to the research,[2] the
new coronavirus is highly contagious with a relatively low
case fatality rate, and has a long asymptomatic infection pe-
riod. The infected individuals in the incubation period can
infect normal people without any symptoms.[3] Therefore, the
most effective measure to prevent the rapid spread of COVID-
19 is nucleic acid detection, isolation measures and travel
tracing.[4] However, extreme blockade measures have disas-
trous consequences for economy. The quarantine policy may
be an effective short-term measure. However, the indefinite
quarantine before the vaccine is released and put on the mar-
ket on a large scale will prevent billions of people in the world
from earning income, especially in countries with a more vul-
nerable economy, leading to an increase in the mortality rate
of low-income people,[5] especially children.[6]

Dynamic and mathematical models that simulated the

spread of diseases can guide government policymakers to
mitigate the detrimental consequences of the epidemic.[7]

Many researchers have analyzed and predicted the spread of
the epidemic by adopting the improved Susceptible-Exposed-
Infectious-Recovered (SEIR).[8–11] Fang et al. simulated the
transmission of COVID-19 and the impact of quarantine
measures on the epidemic.[8] Mandal et al. established the
Susceptible-Exposed-Quarantined-Infectious-Recovered (SE-
QIR) model in Ref. [9], and formulated reliable epidemic
prevention and control measures through the optimal control
methods. Huang et al. studied the consequences of relaxing
control measures in Spain.[10] Yu et al. proposed the SIHR
model in which the parameters were designed as piecewise
functions in lockdown time, and studied the possible sec-
ondary outbreaks after India loosened control.[11] Wang et al.
proposed a novel epidemic model based on two-layered multi-
plex networks to explore the influence of positive and negative
preventive information on epidemic propagation.[12] Huang et
al. proposed a new vaccination update rule on complex net-
work to discuss the role of vaccine efficacy in the vaccina-
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tion behavior.[13] Rong et al. studied the dependence of model
parameters on the basic reproduction number.[14] Cui et al.
studied individuals’ effective preventive measures against epi-
demics through reinforcement learning.[15] Tong et al. adopted
agent-based simulation to assess disease-prevention measures
during pandemics.[16] Some researchers have also adopted
machine learning to predict the COVID-19, but have not con-
sidered the epidemic control.[17–19]

In the literature above and the latest research of COVID-
19, economy is not considered in the model of SEIR. Under
the economic pressure caused by strict quarantine measures in
the epidemic, some countries have pursued a balance between
epidemic prevention and control and economic recovery. To
accurately predict the spread of COVID-19 and evaluate con-
sequences beyond the epidemic itself, the model must consider
how quarantine measures may affect the economy.[20–24] How-
ever, to our best knowledge, there has been no model concern-
ing preventing both peoples’ lives and economic development
that impacts the people’s welfare. We can regard the control
of the epidemic and the economy’s development as an optimal
control problem.

Deep reinforcement learning (RL) is a machine learning
technique that combines the perception ability of deep learn-
ing with the decision-making ability of the RL. Compared with
other traditional decision-making optimization algorithms, the
RL can realize model-free self-learning of high-dimensional
mapping relationships from state to action. The RL is widely
used in self-driving, optimal scheduling, path planning and
other fields to solve optimal control problems.[25–27] Mnih et
al.[28] introduced Deep Q-Network (DQN) that combines the
deep neural networks and the RL. The DQN is an effective
method of deep RL. Compared with traditional RL, the DQN
can effectively improve learning efficiency in situations where
the state space is too large or the environment is unknown.
The balance between the retraining of the epidemic of Covid-
19 and economic development is decision-making and policy
optimization. Therefore, choosing the advanced method of the
DQN to make an optimal policy is of great value and neces-
sity. At present, most of the research on COVID-19 has mainly
been devoted to giving analysis and prediction of the devel-
opment trend of the pandemic. However, we have not found
an optimal strategy for economic development and epidemic
prevention and control using deep RL through searching ref-
erences.

In this paper, the SIHR model is adopted to simulate the
spread of the epidemic, aiming to study the development of
COVID-19 at different stages. The contribution and innova-
tion of this paper are as follows.

(i) An economic model affected by epidemic isolation
measures is established. The development of the epidemic can
be roughly divided into five stages, according to the govern-

ment’s response measures and the trend of newly diagnosed
cases. The effective reproduction number and the eigenvalues
at the equilibrium point are introduced to verify the effective-
ness of the model.

(ii) Based on the deep reinforcement learning method of
DQN, the blocking policy to maximize the economy under the
premise of controlling the number of infections as much as
possible is studied. The abilities of different countries to resist
economic risks by adjusting the reward coefficient are simu-
lated. From this, the optimal control policy of different coun-
tries is formulated.

The remainder of this paper is organized as follows. In
Section 2, the deep RL based on the DQN is introduced. In
Section 3, a training experiment of deep RL based on the
SIHR-based compartment model is designed. Section 4 stud-
ies the optimal policy in different conditions and adopts the
optimal policy at different time points. In Section 5, a sum-
mary is made.

2. Deep reinforcement learning
Deep RL is a machine learning technique that combines

the perception ability of deep learning with the decision-
making ability of reinforcement learning.[29] Figure 1 shows
the general framework of deep RL. Deep neural network ob-
tains target observation information from the environment and
provides state information. The RL takes environmental feed-
back as input and returns a policy that maximizes the time-
discounted expected future rewards.

input

perception

(deep learning)

input

decision

(reinforcement learning)

agent

environment

reward actionstate

input 
layer

hidden
layer

output 
layer

ot Rt

ot⇁

At

Rt⇁

Fig. 1. Deep reinforcement learning framework.

2.1. Markov decision process

The government’s policy on COVID-19 can be approx-
imately modeled as a Markov decision process (MDP). In a
Markov process, we assume that the government does not fully
understand their situation and what measures should be taken
next. It only considers its current state and takes action leading
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to a new state. The MDP usually consists of four parts: O (ob-
servation state space), A (set of possible actions), P (transition
probabilities), and V (set of value of the reward). At the state
ot , the government takes the action at and transfers from the
current state to the next state ot+1 with probability p. Finally,
the government gets a reward vt for its action. This process
can go on, or it can stop at a terminating state.

The strategy π represents the probability distribution of
action A in each state O. The goal of RL is to find an op-
timal economy-life balanced strategy π∗ that maximizes the
cumulative reward Vπ through continuous interaction with the
environment

π
∗ = argmax

π
Vπ . (1)

As the system environment changes, the method of calculating
cumulative rewards will also be changed. In round tasks such
as formulating a policy over a period of time, we usually use
T -step of cumulative rewards,

Vπ = Eπ

[
T

∑
t=0

vt

]
. (2)

where Eπ [·] is the expectation under the strategy π .

2.2. Calculation of value function

For a strategy, the value function can predict the cumula-
tive reward that the government policy will obtain based on the
current state in the future, which will bring great convenience
to RL. For the T -step cumulative reward, given the current
state o and action a, the state-action value function is the long-
term reward expectation generated under the guidance of the
strategy π , which can be defined as

Qπ(o, a) = Eπ [vt |ot = o, at = a] . (3)

From this, we can get the Bellman equation

Qπ(ot , at) = Eπ [vt+1 +Qπ(ot+1, at+1)|ot , at ] . (4)

We can see that the state-action value function can be ex-
pressed in a recursive form.

For all state-action pairs, there is an optimal strategy π∗

to obtain the maximum expected return value. The strategy π∗

is called the optimal strategy that can balance economic recov-
ery and epidemic prevention and control, and its state-action
value function can be defined as

Q∗(o, a) = max
π

Qπ(o, a). (5)

The Bellman equation changes to

Q∗(o, a) = Eπ

[
vt+1 +max

π
Q∗(ot+1, at+1)|ot , at

]
. (6)

2.3. Deep Q network algorithm

When the state space of the environment is vast, or the
model is unknown, it is too costly for the government to obtain
the value function using state transition functions or tables. It
is necessary to approximate the value function through a non-
linear function approximator such as the deep neural network.
This nonlinear function approximator can effectively store the
experience accumulated by the government in adopting differ-
ent policies. Equation (7) shows the updating process of the Q
function in table format,

Q(ot , at) ← Q(ot , at)

+α

[
vt+1 +max

a
Q(ot+1, a)−Q(ot , at)

]
. (7)

The DQN algorithm uses a deep neural network to approxi-
mate the Q function, and equation (8) shows the updating pro-
cess of its value function,

wt+1 = wt +α

[
vt+1 +max

a
Q(ot+1, a, w)−Q(ot , at , w)

]
×∇wQ(ot , at , w), (8)

where α is the learning rate, and w is the weight of the neural
network.

When training a neural network, we use the mean square
error to define the error function

L(w) = E
[(

vt+1 +max
a

Q(ot+1, a, w)−Q(ot , at , w)
)2]

. (9)

To get the maximum Q value, we use the stochastic gradient
descent method to update the parameters. We get the optimal
strategy based on

π
∗(o) = argmax

a
Qπ(o, a). (10)

In the DQN training process, parameter selection and evalua-
tion actions based on the same target value network will lead
to overestimating Q value during the learning process, which
will lead to more significant errors in the result. There are
two groups of neural networks with different parameters and
the same structure in double DQN. The online network is used
to select the action corresponding to the maximum Q value,
and the target network is used to evaluate the Q value of the
optimal action. The target formula is as follows:

QDouble Q
t = vt+1 +Q

(
ot+1, argmax

a
Q(ot+1, a; wt); w−t

)
. (11)

Double DQN can separate action selection and strategy evalu-
ation by using two sets of neural networks. In this way, we can
estimate the Q value more accurately and improve the speed
of convergence.
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3. System model and scene construction
3.1. Epidemic model and economic model

The SIR dynamic model was firstly used for studying the
Black Death in 1927.[30] The SIR-liked model has been widely
adopted to simulate the spread of various infectious diseases.
To simulate the spread of COVID-19 in different stages, we
adopt the SIHR model[11] and add the isolation rate related to
government quarantine measures. On this basis, we also estab-
lish an economic model affected by the quarantine measures.
The following assumptions are needed:

i) The community population is a closed system.
ii) Everyone in the population is susceptible.
iii) All the infected individuals enter the hospital for treat-

ment.
iv) Everyone in the population is not vaccinated.
v) Ignore the impact of virus mutation on the transmission

rate.
The total population N is composed of the susceptible in-

dividuals (S), the infected individuals I (latent individuals and
those capable of spreading the coronavirus), the hospitalized
individuals H (diagnosed patients diagnosed by the hospital),
the recovered individuals R (immune to the coronavirus) and
the dead individuals D. A schematic description of the model
is depicted in Fig. 2.

C

S I H R

D

l↼αIS/N↽

β↼t↽I

β↼t↽I γ↼t↽H

d↼t↽H

Fig. 2. Flow diagram of the dynamic system of COVID-19.

Some susceptible individuals S will be infected by con-
tacting the infectious I (inflow I), and the transmission rate
α(t) indicates the possibility of infection per infector trans-
mitting the disease to the susceptible. l represents the isola-
tion rate that is mandated by the government and execution
of people in the closed region. And the higher l, the lower
isolation, and l = 0 means the infectious route is completely
cut off. N is the total population and N = S+ I +H +R+D.
Yet, due to the limited diagnostic resources, only a portion of
people could be diagnosed, so β (t) indicates the probability
of diagnosis. After being diagnosed, the patients are almost
entirely isolated, so they would not be transmitted to others.
The diagnosed infectors I receive treatment to reduce because
of the recovery rate γ(t) and the mortality rate d(t) caused by
the disease, and the recovered individuals are not be infected if
they have developed an immunity. The cumulative diagnosed

cases can be expressed by C(t) = H(t)+R(t)+D(t). The fol-
lowing equations summarize the spread-prevention-infection
dynamics model:

dS
dt

=−l
αIS
N

,

dI
dt

= l
αIS
N
−β (t)I,

dH
dt

= β (t)I− (γ(t)+d(t))H,

dR
dt

= γ(t)H,

dD
dt

= d(t)H,

dC
dt

= β (t)I,

(12)

where l, α , β (t), γ(t), and d(t) respectively represent the rates
of isolation, transmission, diagnosis, cure, and death based on
the infectious disease model. β (t), γ(t), and d(t) are designed
as Sigmoid cumulative functions 1/(1+ ek(t−τ)) composed of
k, τ , and t in different stages, k is usually positive in β (t), γ(t),
and negative in d(t), which means that the β (t) and γ(t) will
increase as t increases, while the d(t) is just opposite. The
parameters setting above was given by Ref. [11].

In the economic model, populations’ production will be
affected by the lockdown measures. Compared with economic
indicators such as gross domestic product (GDP), we only
consider the wealth created by individuals, not the economic
growth brought about by consumption. In our simulation, pop-
ulations can be divided into two types: those whose productiv-
ity is highly damaged by quarantine and those whose produc-
tivity is less damaged. The total economic output is the sum of
the outputs of all the individuals in the environment minus the
medical expenses for treating patients. The individuals who
are not isolated have normal productivity, isolated individuals
lose a high percentage of their productivity (represent by η),
dead individuals have no productivity, and hospitalized indi-
viduals have no productivity and pay for treatment. The fol-
lowing economic output G per capita is proposed:

G =
η(1− l)(S+ I +R)+ l(S+ I +R)−µH

N
, (13)

where η and µ represent the reduced productivity per capita
and average treatment expense, respectively.

3.2. Indictors of controllability and stability of spread

In terms of the controllability of the epidemic, the ba-
sic reproduction number (R0) measures the probability of the
disease being transmitted to other populations through naive
populations in initial stage (Rong et al., 2020). A real-time
indicator in measuring the spread risk and the controllability
of the spread is effective reproduction number (Re(t)).[31] In
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Eq. (12), Re(t) can be expressed as

Re(t) =
−∆S(t)
∆C(t)

=
lαS(t)
Nβ (t)

, (14)

where −∆S(t) and ∆C(t) represent the net newly infectious
individuals and the net newly diagnosed infections.

From the perspective of stability of the SIHR model, we
solve the equilibrium point of the model (12) as (S∗, 0, 0, R∗,
D∗, C∗), while S∗, R∗, D∗, C∗ can be any positive numbers less
than N and satisfy N = S∗+R∗+D∗, C∗ = R∗+D∗. Under the
premise of considering the stability of the epidemic, we can
modify the model (12) as

dS
dt
dI
dt
dH
dt
dR
dt
dD
dt


=



0 −l
αS
N

0 0 0

0 −l
αS
N
−β (t) 0 0 0

0 β (t) −γ(t)−d(t) 0 0
0 0 γ(t) 0 0
0 0 d(t) 0 0




S
I
H
R
D

 ,(15)

and assume that X = (S I H R D). Now equation (15) can be
expressed as

dX
dt

= BX , (16)

where B represent the 5× 5 matrix to the right-hand side of
Eq. (15). The characteristics equation of B at the equilibrium
point can be expressed as

λ
3(λ +d(t)+ γ(t))

(
λ +β (t)− l

αS∗

N

)
. (17)

Then we can obtain the following eigenvalues:

λ1 =−d(t)− γ(t),

λ2 =−β (t)+ l
αS∗

N
,

λ3 = λ4 = λ5 = 0. (18)

Here we observed that λ1 < 0 and we give a specific example
to analyze the role of λ2 and Re(t) in the spread of the epi-
demic. Supposing a closed area has 65 500 000 people, 500
unquarantined virus carriers, 100 diagnosed cases, no deaths
and recovered cases in the outbreak stage. Figure 3 shows the
simulated results with fixed β (t) = 0.10, α = 0.5, and varying
l.

From Fig. 3, we can observe that the newly diagnosed
cases ∆C(t) shows a single wave, the corresponding λ2 and
Re(t) decline. Moreover, λ2 > 0 and Re(t) > 1 indicates that
the newly infected cases increase and exceed the newly diag-
nosed cases, which means that the risk of spread of the pan-
demic may exists temporarily, and the system (15) will be in

divergence. The bigger λ2 and Re(t) are, the faster ∆C(t) will
grow. Conversely, λ2 < 0 and Re(t) < 1 indicate the decline
of ∆C(t), which means the epidemic is under control and the
system will be finally stable. The smaller λ2 and Re(t) are,
the faster ∆C(t) will decline. It is worth noting that in the
case of λ2 ≡ 0 and Re(t)≡ 1, ∆C(t) will be a constant, which
also means the infected individuals I will not increase further.
Therefore, λ2 and Re(t) accurately depicts the stability and
controllability of the system (15) and pandemic and further
prove the effectiveness of the SIHR model. These results also
indicates that the spread of the epidemic can be effectively af-
fected by the quarantine measures l, which is conducive to the
establishment of the reward function.
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Fig. 3. Simulated results with varying l and fixed β (t) = 0.10, α = 0.5, (a)
the newly diagnosed cases, (b) effective reproduction number, (c) eigenvalues
of equilibrium point.
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3.3. Preconditions for RL training

Due to the constraints of physical conditions, the degree
of public cooperation, system time lag and other factors, the
following assumption must be considered:

(I) The government needs to formulate a long-term quar-
antine policy, after at least N days, the government could
change the isolation measures.

(II) The government needs to implement different quar-
antine measures to deal with the changing situation of the epi-
demic. The quarantine rates l1, l2, l3, l4 represent the quar-
antine measures after the gradual unblocking in the state of
emergency.

(III) The system is updated in days. The number of diag-
nosed cases, deaths and the recovered cases will change with
time t, and the smallest unit of time t is a day.

3.4. Space and reward function

When selecting statespace parameters, the performance
improvement brought by an excellent new state information is
significantly higher than that of other work. Similarly, some
irrelevant interference information will have a counterproduc-
tive effect. The impact of dead individuals and recovered in-
dividuals on the epidemic is minimal, so they are not used as
a statespace parameter. Statespace parameters include suscep-
tible individuals S, infectious individuals I, hospitalized indi-
viduals H and time t. The observation state space is expressed
as

O : {S, I, H, t} .

Action space includes isolation rates corresponding to isola-
tion measures of different strengths l1, l2, l3, l4 and l1 < l2 <

l3 < l4, it is expressed as

A : {l1, l2, l3, l4} .

Besides, the isolation rate l represents the action a that the
government can perform, which means a = l.

The reward function penalizes the increase of the number
of diagnosed cases, and also rewards the cumulative economic
output. v−(st , at) ensures that the epidemic can be controlled,
v+(st , at) ensures the maximization of cumulative gross pro-
duction value. The reward function is expressed as

vt = v+(st ,at)+ϕv−(st ,at), (19)

where v+(st , at) = G, v−(st , at) = ϕC/N, and ϕ is the re-
ward coefficient, representing the government’s emphasis on
the economy.

3.5. Economy-life optimal algorithm

In this paper, we propose a short-term economy-life opti-
mal algorithm based on deep RL, and its overall flow is shown
in Fig. 4.

I) The original COVID-19 data is divided into several dif-
ferent stages to fit the SIHR model. Then the model is used to
provide training data for RL, which can simulate the devel-
opment of the epidemic under different government policies.
The better the model fitted, the more reference value the opti-
mal policy.

II) The optimal policy derived from RL is mainly affected
by the reward function. The reward coefficient ϕ represents
the government’s emphasis on the economy. Therefore, the
optimal strategy for different countries can be formulated by
adjusting the ϕ .
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Fig. 4. Algorithm flow chart.

4. Experimental results and analysis
It is noted that most countries are still suffering from the

epidemic. The COVID-19 is far from over until the vaccine
is successfully developed and put on the market on a large
scale. Therefore, it is significant to adopt deep RL to study
the economic-epidemic balance policies of different countries.
According to the government’s response measures and the
trend of newly diagnosed cases, the COVID-19 can be roughly

divided into five stages:
Stage I Outbreak stage. At the beginning of the epi-

demic, the government ignored the severity of the epidemic.
The number of newly diagnoses has increased rapidly.

Stage II Lockdown stage. The government implemented
a strict isolation policy. The number of newly diagnoses
peaked and began to decline.

Stage III Gradually unblocking stage. The number of
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newly diagnoses has further decreased. The government be-
gan to unblock the city to recover the economy gradually.

Stage IV Buffer stage. During this stage, the number of
infections remained at a low level. But there is still a risk of
an outbreak.

Stage V Second or third outbreak stage. The number
of newly diagnoses increased again after reaching the bottom,
and the epidemic broke out again.

The stage of the epidemic in different countries is shown
in Fig. 5. As shown in Fig. 5, China and Iceland have entered
the buffer stage early, and there has been no secondary out-
break. After entering the controllable stage of the epidemic,

most European countries experienced a second outbreak.
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Fig. 5. Stage of COVID-19 in different countries.

Table 1. Fitting results of parameters.

Coefficient Range
Value

Stage I Stage II Stage III Stage IV Stage V

α (0,1) 0.3936 0.3936 0.3936 0.3936 0.2221
l (0,1) 1 0.2424 0.5208 0.5643 0.5443

kβ (0,+∞) 0.0001 0.0203 0.0006 0.00111 0.0016
τβ (−∞,+∞) 13668.8271 120.2478 1833.3014 1430.7365 1945.4895
kγ (0,+∞) 0.0093 0.0108 0.0045 0.0015 0.00003
τγ (−∞,+∞) 417.8701 398.4030 740.4134 2579.1461 120003.2595
kd (0,+∞) 0.0044 0.0397 0.0183 0.0335 0.0005
τd (−∞,+∞) 994.4462 96.7564 317.9537 192.0421 15391.8313
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We notice that the Italian data is very representative.
Therefore, we use data from different stages in Italy as the
training data for the RL. Here, we fit the parameters of l, α ,
β (t), γ(t), and d(t) by using the least square functions fmin-
con and lsqnonlin of Matlab.[14] The Italian government began
to vaccinate the people on December 27, the number of vacci-
nated people (2 doses) reached 4 055 458 (6.8% of the popula-
tion) by April 13.[32] To avoid the influence of the vaccinated
individual, twenty sets of data from February 22 to November
10 in Italy are used to fit the model. Figure 6 shows the fitting
curve and the reported data. The model-based parameters by
fitting the reported data are shown in Table 1.

From Fig. 6, we can see that the development of the epi-
demic in Italy can also be roughly divided into the above five
stages. The fitting results are excellent, and the curve fits the
real data. As shown in Table 1, the transmission rate α is usu-
ally fixed in different stages of an epidemic, and only changes
during the second or third outbreak stage. The quarantine rate l
represents the intensity of the government’s policy in response
to the epidemic. l is different at each stage, but in a round of
the epidemic, it first declines and then rises. This phenomenon
shows that the government always locks down cities when the
epidemic is severe and releases the lockdown to restore the
economy after the epidemic eases. The diagnosis rate β (t)
and the cure rate γ(t) increase over time, while the mortality
rate is the opposite. It is noted that in the second round of the

epidemic, although l is nearly unchanged and α is significantly
lower than the previous stage, a second outbreak still occurred.
This phenomenon is due to the relaxation of vigilance by the
government and the public during the second outbreak stage,
resulting in a significant decrease in the diagnosis rate com-
pared to the previous stage. Hidden virus carriers were not
isolated, which led to a second outbreak.

We adopted the coefficient of determination R2 to evalu-
ate the goodness of the fitting results,[11] and the closer the R2

is to 1, the better the fitting results. The R2 can be expressed
as

R2 = 1−

n
∑

i=1
(yi− ŷi)

2

n
∑

i=1
(yi− ȳi)2

, (20)

where yi, ŷi, and ȳi represent the value of reported data, aver-
age value of reported data, and the fitted value in Italy from
February 22 to November 10. Table 2 shows the R2 of the
cumulative diagnosed cases, daily diagnosed cases, recovered
cases, and dead cases. The mean of R2 at different stages
reached more than 0.84 and most value of R2 reached more
than 0.9 or even 0.99. These results indicate that our model
can fit the real data well, which is conducive to the training
process of deep reinforcement learning and come up with an
effective scheme.

Table 2. Goodness of fitting results.

Coefficient
Value of R2

Stage I Stage II Stage III Stage IV Stage V Mean

C 0.9217 0.9942 0.9970 0.9934 0.9973 0.9807
∆C 0.8869 0.7271 0.8455 0.8275 0.9452 0.8464
R2 0.9562 0.9946 0.9990 0.9695 0.9808 0.9800
D 0.8659 0.9946 0.9969 0.8061 0.9417 0.9210

4.1. Control strategy during outbreak stage

On the premise of controlling the spread of the epidemic,
recovering the economy as much as possible has become a
concern for governments of many countries. We take the first
day of the Italian government’s lockdown (March 10) as the
starting point, 90 days later as a round, and assume that the
government can take new quarantine measures at least 20 days
after. Based on the TensorFlow framework, a fully connected
neural network with a 3-layer network structure as the Q-value
network of DQN has been designed. The input layer is a 5-
dimensional feature tensor, including susceptible individuals
S, infectious individuals I, hospitalized individuals H, time t
and action a. The hidden layer has five layers of the network,
with each layer of the network having 20 neuron nodes. The
output layer is a 4-dimensional tensor, which represents the Q
value of different actions (l1, l2, l3, l4). The memory buffer

capacity is 10 000, and the random batch size is 64.
We use the e-greedy strategy to train the agent,[22] which

helps the government obtain a better strategy. The agent ran-
domly explores actions a in the initial stage, and gets the cor-
responding reward value v after performing the action a to up-
date the Q value of Eq. (3). As the training progresses, it grad-
ually replaces random exploration with network predictions.
The agent selects the action a = l with the maximum Q value
of Eq. (6) in the output layer of the neural network and sends it
to the SIHR model of Eq. (12) as the isolation rate at the next
moment.

Figure 7 shows the agent’s performance after 6500
episodes of training (90 days after the initial date is episode).
In each episode, the agent made 90 action choices and updated
the parameters in the neural network. The abscissa represents
the number of training episodes, and the ordinate represents
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the rewards obtained by the agent in each episode. The re-
sult shows that as the number of training rounds increases, the
agent gets convergent and steady rewards, which indicates that
the agent already has some intelligent features.

Figure 8 shows the optimal control strategy and epidemic
development trend obtained by the agent after 20 000 episodes
of training. We provide four isolation rates, as shown in
Fig. 8(a), corresponding to the government’s isolation mea-
sures in different training periods. The agent decides to select
which isolation rate according to the training. Consequently,
figures 8(b), 8(c), and 8(d) show the newly diagnosed cases,
the total diagnosed cases, and the cumulative dead cases after

the government took quarantine measures using the deep RL.
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Fig. 8. Impact of government’s control after March 11 on, (a) isolation rate based on isolation measure, (b) newly diagnosed cases, (c)
cumulative diagnosed cases, and (d) economic output compared to the pre-epidemic period.

Figure 8(a) shows the optimal selection using the deep RL
training. From Figs. 8(a) and 8(b), in the outbreak stage when
the newly diagnosed cases are increasing, the strategy given by
the agent tends to adopt the most stringent isolation measures
in the early stage of the epidemic because l1 that is the least
number in the early stage is taken. After the epidemic is ba-
sically controlled, the agent recommends gradually lifting the
lockdown measures to recover the economy. In the unblocking
process, the isolation rate rises from l1 to l2, then skips l3 and
directly rises to l4. The rate of decrease in the number of newly
diagnosed patients slowed down, but after the second release,
the number of newly diagnosed people rose slightly. However,
as the government stepped up the virus detection measures, the
number of newly diagnosed people continued decreasing. In
Fig. 8(d), we can see that as the government gradually relaxes
the isolation measures, the economic growth rate has also in-

creased.
These results indicate that the government should imme-

diately adopt the most severe isolation measures in response
to the rapidly spreading epidemic. In the process of gradual
unblocking, the time and degree of unblocking not only affect
the speed of economic recovery, but also determine whether
there will be a second outbreak in the future. After accumu-
lating experience through thousands of training episodes, the
RL can formulate effective prevention and control strategies
for the epidemic.

4.2. Control strategy in different situations in outbreak
stage

Considering the differences in the industrial structure and
economic risk resistance of different countries, too strict isola-
tion measures may bring greater risks to economically vulner-
able countries. Therefore, the epidemic prevention and con-
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trol policy should be combined with the conditions of different
countries.

What is directly related to the government’s concern for
the economy is the reward coefficient ϕ in the reward function.
The reward coefficient will affect the weight of the economy
in the reward function — the smaller the ϕ , and the more eco-
nomical the policy. We take different reward coefficients ϕ1,
ϕ2, ϕ3 (ϕ1 < ϕ2 < ϕ3) for training under the assumption that
other parameters are unchanged. Figure 8 show the optimal
policies and the trend of the epidemic under different ϕ .

Figure 9(a) compares the isolation rate corresponding to
the optimal control scheme under different parameters ϕ . The
smaller ϕ is, the more emphasis is on recovering the econ-
omy, and the earlier the first unblocking and gradual unblock-
ing. And in the case of ϕ = ϕ3, the degree of unblocking is
more conservative. Figures 9(b) and 9(c) show the trend of the
newly diagnoses and total diagnoses under different strategies.
Compared with the reward coefficient ϕ3, the final cumula-

tive diagnosed cases of ϕ1, ϕ2 were increased by 107.47% and
6.67%, respectively, and the cumulative dead case increased
by 9.59% and 0.65%, respectively. As ϕ decreases, the isola-
tion measures become more relaxed, leading to that the newly
diagnosed case and the cumulative diagnosed case increase.
And a second outbreak occurred for ϕ = ϕ1, which is the con-
sequence of striving to recover the economy in the short term.
Figure 9(d) shows the trend of economic output under differ-
ent strategies. Compared with the reward coefficient ϕ3, the
final economic output of ϕ1, ϕ2 were increased by 8.17% and
18.95%, respectively. With the decrease of ϕ , the average iso-
lation rate decreases, which means more people are engaged in
production activities, and the cumulative gross product value
increases. Table 3 compares the specific data. Compared with
the ϕ2, the final economic output of ϕ1 is not much higher, and
it pays a huge price with the much higher hospitalized people
and deaths. Part of the reason is that the second outbreak has
led to more diagnosed cases and medical expenses.
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Fig. 9. Impact of government’s control after March 11 in different ϕ , (a) isolation rate based on isolation measure, (b) newly diagnosed cases,
(c) cumulative diagnosed cases, and (d) economic output compared to the pre-epidemic period.

Table 3. Comparison of data of different reward coefficients on March 11.

Reward coefficient
Newly diagnosed cases

Cumulative Cumulative Economic

diagnosed cases dead cases output

Second peak value Final value
Final value (increase rate Final value (increase rate

Final value
compared to ϕ = ϕ3) compared to ϕ = ϕ3)

ϕ = ϕ1 8287 7500
425839 34921

72.27%
(107.47%) (9.59%)

ϕ = ϕ2 – 441
218945 32072

66.49%
(6.67%) (0.65%)

ϕ = ϕ3 – 6
205252 31865

58.32%
(–) (–)

120203-10



Chin. Phys. B Vol. 30, No. 12 (2021) 120203

These results show that based on different reward coef-
ficients ϕ , the epidemic control strategies given by the agent
after training are also different. The smaller the ϕ , the weaker
the country’s ability to resist risks in the economy. The econ-
omy in short term will be more considered when formulating
policies. The time for unblocking will come earlier and the
intensity of unblocking will be greater, which will lead to an
increase in the diagnosed cases and even a second outbreak.
However, economically biased policies can only reduce eco-
nomic losses in the short term. In the long term, looser poli-
cies will lead to more diagnosed cases and deaths, and a higher
probability of recurrence will lead to a longer duration of the
epidemic, which will delay the economic recovery.

The above policies have one thing in common: the gov-
ernment implemented lockdown measures in the early stages
of the outbreak to avoid significant medical expenses and
deaths caused by the increasing diagnosed cases. We assume
that the government did not lock down the city to maintain
the economy and only adopted minimal quarantine measures
l2 within 90 days after March 11. Figure 10 compares the eco-
nomic growth curve of this policy and the optimal strategy rec-
ommended by the agent. It can be seen from the figure that al-
though the adoption of loose quarantine measures can achieve
rapid economic growth in the short term, as the number of di-
agnosed cases and deaths further increases, medical expendi-
tures increase. The growth rate of the economy slowed down
and reached an inflection point on April 24, which means that
most of the population in the environment has been diagnosed
and hospitalized without considering the carrying capacity of
the medical system. They were unable to work, and the medi-
cal expenses exceeded the economic output of the whole soci-
ety, and the economy began to grow negatively. After the epi-
demic was basically controlled, the economy of negative pol-
icy began to grow again, but the speed was significantly lower
than the optimal strategy. Compared with the optimal pol-
icy given by the deep RL, the economic output decreased by
37.8% under the negative policy that the government adopted
minimal quarantine measure l2.
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Fig. 10. Economic output curve under different control strategies.

The above results indicate that whether it is from the
perspective of ensuring economic growth or controlling the
spread of the epidemic, the strictest isolation measures should
be taken during the outbreak stage when the newly diagnosed
cases increasing rapidly. When the epidemic is under control,
gradual unblocking will help recover the economy.

4.3. Public policy in different time points of the second out-
break stage

Due to the economic pressure caused by the long-term
lockdown, European countries have gradually unblocked the
city after the epidemic was basically under control. However,
there have still been some virus carriers in the environment.
The epidemic is far from over until the vaccine is successfully
developed and put on the market on a large scale. As time
passed, the newly diagnosed cases in most European countries,
including Italy, began to rebound, and the epidemic entered the
second outbreak stage or even the third outbreak stage.

The conclusions we got in the first outbreak stage are still
applicable to the second or third outbreak stage. Specific gov-
ernment policies can be given after the RL training. In this
section, we have set September 26, October 6, and October
16 as the starting date for the government to adopt isolation
measures to study the impact of the control strategy on the
epidemic and economy on the different dates of the second
outbreak stage. From Fig. 11, although the control strategy
on different dates has little effect on the epidemic’s duration,
the sooner control measures are taken, the fewer cumulative
diagnosed cases and cumulative dead cases, and the higher the
total economic output. Table 4 compares the specific data.

In Fig. 11(a), after the government implemented lock-
down measures, the number of cumulative diagnosed cases
began to slow down and eventually stabilized. Besides, in
Figs. 11(a) and 11(b), compared with the date of lockdown on
September 26, the final cumulative diagnosed cases of October
6, and October 16 were increased by 17.54% and 64.37%, re-
spectively, and the cumulative dead case increased by 4.94%
and 15.81% respectively. According to Fig. 11(c), the later
the government takes lockdown measures, the greater the eco-
nomic loss, even if the government can obtain more economic
growth in the early stage. The reason for this phenomenon
is that the later the government lockdown the country, the
more infections and hospitalizations in the environment, and
the time for unblocking will be later, which will lead to more
significant economic losses.

The results indicate that if the government can take effec-
tive prevention and control measures in time during the sec-
ond explosion, it can effectively reduce the number of peo-
ple infected with the epidemic and ensure continued economic
growth. Although the policy of balancing economy and epi-
demic has controlled the spread of the epidemic, the virus car-
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riers in the population have not completely disappeared. If
the government relaxes inspections or the people’s awareness
of epidemic prevention declines, the epidemic may break out

again. Therefore, the government should strengthen personal
nucleic acid testing and establish the case tracing mechanism
to increase the diagnosis rate.
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Fig. 11. Impact of the same reward coefficient on: (a) cumulative diagnosed cases, (b) cumulative dead cases, and (c) economic output compared to the
pre-epidemic period.

Table 4. Comparison of data after adopting optimal policy at different dates.

Date of lockdown
Newly diagnosed cases

Cumulative Cumulative Economic

diagnosed cases dead cases output

Second peak value Final value
Final value (increase rate Final value (increase rate

Final value
compared to 9/26) compared to 9/26)

9/26 3719 181
439000 38549

80.23%
(–) (–)

10/6 7832 75
515996 40452

76.76%
(17.54%) (4.94%)

10/16 16308 478
721587 44646

74.55%
(64.37%) (15.81%)

5. Conclusion
At present, the global COVID-19 epidemic is still se-

vere. More and more countries have experienced second or
even third outbreaks. The epidemic is far from over until the
vaccine is successfully developed and put on the market on
a large scale. Under the premise of controlling the spread of
the epidemic, how to ensure economic development as much
as possible has become a major problem considered by many
countries. In the above research, we improved the SIHR model
to simulate the spread of COVID-19 in Italy at different stages
and the determination coefficient R2 is used to evaluate the
goodness of the fitting results. On this basis, we established
an economic model affected by the quarantine measures. We
used the effective regeneration number and the eigenvalues at
the equilibrium point of the model as indicators of controlla-
bility and stability of model. We adopted the DQN-based deep
reinforcement learning method and introduced the cumulative
diagnoses and cumulative gross production value into the re-
ward function as rewards and punishments. After adequate
training, an economy-life balanced policy at different stages
of the epidemic was formulated.

The research results show that our model and scheme are
effective, to control the spread of the epidemic effectively, the
government should adopt the most stringent blockade mea-

sures l1 during the outbreak stage, and the time t for unblock-
ing should be determined by the country’s ability to resist eco-
nomic risks. These results also suggest that optimal policies
may differ in various countries dependent on the level of dis-
ease spread and anti-economic risk ability ϕ . For example, in
countries with more vulnerable economies and a lower trans-
mission rate α , the consequences of the disease may be less
than those of other countries. In contrast, the consequences
of blockade policies may cause an economic crisis which will
lead many people to be unemployed and difficult to live. In the
second outbreak stage, the sooner the lockdown measures are
taken, the smaller the losses caused by the epidemic will be.
Although the economic output G will suffer in the short term,
it will benefit the long term.

The research is not only applicable to Italy, but also pro-
vides references for other countries to formulate policies. Sim-
ilarly, deep reinforcement learning can also be applied to dif-
ferent models. When the model is closer to the real world, the
optimal strategy given by deep reinforcement learning will be
more accurate.
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