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The COVID-19 pandemic has caused severe global disasters, highlighting the importance of understanding the details
and trends of epidemic transmission in order to introduce efficient intervention measures. While the widely used determin-
istic compartmental models have qualitatively presented continuous “analytical” insight and captured some transmission
features, their treatment usually lacks spatiotemporal variation. Here, we propose a stochastic individual dynamical (SID)
model to mimic the random and heterogeneous nature of epidemic propagation. The SID model provides a unifying frame-
work for representing the spatiotemporal variations of epidemic development by tracking the movements of each individual.
Using this model, we reproduce the infection curves for COVID-19 cases in different areas globally and find the local dy-
namics and heterogeneity at the individual level that affect the disease outbreak. The macroscopic trend of virus spreading
is clearly illustrated from the microscopic perspective, enabling a quantitative assessment of different interventions. Seem-
ingly, this model is also applicable to studying stochastic processes at the “meter scale”, e.g., human society’s collective
dynamics.

Keywords: Brownian motion, epidemic spreading, heterogeneity
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1. Introduction
Epidemics often occur in different forms in different

places[1] and may spread globally and finally become pan-
demics. The pandemic coronavirus disease that erupted in
late 2019 (COVID-19) led to hundreds of millions of con-
firmed infections and millions of deaths globally. These num-
bers far exceed those of the previous severe acute respira-
tory syndrome (SARS) and Middle East respiratory syndrome
(MERS), which were also caused by coronaviruses.[2] The de-
structiveness of COVID-19 is tremendous, and its pandemic
has caused severe disaster for humanity. However, we still
lack a detailed understanding of how COVID-19 spreads be-
tween individuals in the community, which is essential for tak-
ing corresponding preventive and intervention measures.

The deterministic compartmental models,[3] including the
classic susceptible–infected–recovered (SIR) model[4] and its
different derivatives, are numerically studied via solving the
differential equations on homogeneous populations with dif-
ferent labels. Due to the random nature of the transmis-
sion, a stochastic compartmental model was also proposed,[5]

incorporating some random elements. Concerning COVID-
19, a significant amount of research has been conducted with
these models to illustrate the effects of control and preven-
tion strategies[6–11] in the early stages of the epidemic. Hu-

man characteristics and behavior undoubtedly affect disease
spreading.[12] However, when the spatiotemporal features of
the community and the heterogeneity of the environment and
individuals are taken into account, we need to divide the pop-
ulation into many sub-populations (metapopulation models)
or construct a complicated agent-based model.[13] Complex
models make it hard to explain epidemics from a microscopic
view.

Indeed, due to the spatially variable structural features
with the high complexity of connections between individuals
in human society and the time evolution of the network, epi-
demic spreading is far more complicated than we can imag-
ine. Statistical mechanics provides an efficient way to study
the macroscopic properties of systems with a huge number of
states by averaging over the microscopic entities. Seemingly,
it is challenging to characterize complicated social behavior
with simplified agents for the individual human. Neverthe-
less, the study of social dynamics with statistical physics has
received substantial attention in recent years.[14] Dynamical
models combined with classical compartmental models[15–24]

have been constructed to explore the microscopic mechanism
of epidemic transmission. For example, pedestrian dynam-
ics was integrated with mathematical models to study disease
spreading, and the study quantitatively explains the associa-
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tion between social distancing and the risk of infection.[22] In

a previous study, we developed a real-scale contact-dependent

dynamic (CDD) model with explicit individuals in a com-

munity and combined it with a traditional compartmental

model.[24] We revealed that the distribution of individual types

in a population exhibits spatial heterogeneity, influencing the

pattern of epidemic spreading.

Brownian motion is a typical stochastic process of par-

ticles suspended in a medium.[25] This method can take into

account the randomness and unpredictability of the movement

of a large number of individuals in a crowd at the molecu-

lar level, and its mathematical treatment is relatively simple.

To some extent, the Brownian features may still exist at the

macroscopic scale, where the movements of individuals are

random and difficult to predict. Thus, the treatment of Brown-

ian motion can be transferred to the study of individual move-

ment in a population.[26,27]

In this study, we propose a stochastic individual dynam-

ical (SID) model by incorporating the individuals’ stochastic

dynamics and social contacts to study the transmission of epi-

demics. In this model, for a specific region, people are divided

into three types: the susceptible, the infectious, and the re-

moval ones (Fig. 1). Brownian dynamics (BD) governs each

individual’s active movement via similar molecular dynamical

simulations in computational physics. If a susceptible person

is within the social distancing, say 2 m, from any infector,

the vulnerable one will be infected with a certain probability.

At the same time, the infected one will switch to the removal

subtype at a specific rate. Thus, the population typically expe-

riences an evolution from susceptible to infected and removed

status. The flowchart of the model is shown in Fig. S1.

By setting the parameters of our SID model relevant to

the reported data for cities, such as Wuhan (China), Lombardy

(Italy) or New York State (USA), we find that the early stages

of the epidemic transmission curves of COVID-19 for these

three cities can be well-reproduced. We show that the lower

mobility of people leads to lower infection, which could be

attributed to the shielding effect on the infectors, leading to

the heterogeneity of the local environment. This demonstrates

that a lockdown policy for keeping people at home or moving

only locally will effectively control the spread of epidemics.

We further find that the outbreak of the epidemic would be de-

layed for the index cases (the patients zero) aggregated some-

what locally than those dispersed in the system. These obser-

vations provide a clue for analyzing and tracing the origin of

pandemics. Therefore, detailed information obtained from our

SID model offers a microscopic explanation of epidemics.

2. Model and simulations
2.1. Setup of the SID model

As shown in Fig. 1, people in an area with a population of
N, which is supposed to be isolated from other parts of the
world, are distributed homogeneously or inhomogeneously.
They fall into three groups: 1) the susceptible one PS who
is vulnerable to the disease, 2) the infector one PI who has
already been infected and could further transmit the virus to
other PS, 3) the removal one PR who has either recovered with
immunity to the disease thereafter or dead and is excluded
from the disease transmission process. Their corresponding
numbers are NS, NI and NR, respectively. Initially, the infected
one NI(0) was rare, implying that most of the individuals had
not yet been infected.

Susceptible

Infected

Removed

dC

Fig. 1. Illustration of the stochastic individual dynamical (SID) model for the
epidemic propagation. Shown are a snapshot of the system and an enlarged
part of the local environment obtained from simulation using the SID model.
Three types of individuals are defined: the susceptible one PS (blue) with a
number NS; the infected one PI (red) with a number NI; the removed one PR
(green) with a number NR. The shading in creamy yellow represents the re-
gions within the social distancing dC of a PI. The numbers of three types of
individuals evolve over time, with the total number N = NS +NI +NR remain-
ing unchanged. The individuals are randomly distributed in a two-dimensional
square space with a side length of L to mimic a region, and a periodic bound-
ary condition (PBC) was applied to the square. L = Ra ·Na, where Ra is a scale
factor used to adjust the system’s density. Na =

√
N, and a broad range of Na

from 20 to 1000 has been calculated. For Wuhan in China, the population
density ρ was equivalent to one person per 1000 m2, and the Ra was then set
at 32 m. Accordingly, the Ra values were 49.4 m for Lombardy in Italy, and
84 m for New York State in the USA.

Due to the human-to-human infectious feature of
COVID-19,[28] close contact is the primary way to become
infected. The SID model was designed to mimic the virus
spreading through this kind of direct contact. Thus, a criti-
cal infectious distance dC ∼ 2 m can be defined, which could
be considered conceptually equivalent to “social distancing”
in reality,[29] though the transmission of COVID-19 via gas
clouds containing pathogen-bearing droplets was found to
travel greater distances.[30] In the SID model, within dC, the
infection occurs with a certain probability pSI; no transmis-
sion occurs beyond dC. At the same time, a PI will transfer to
a PR at a removal rate pIR. Both values of pSI and pIR are in
the range of 0 to 1. The type of individuals is updated every
recording time tR.
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During the evolution of time, all the individuals move
stochastically with different velocities (see the following defi-
nition) in the system. Our task is to calculate the distances be-
tween each PI and its neighbor PS within dC at a specific time
interval. A random number is then assigned to the PS. If this
number is less than pSI, the PS is infected and is subsequently
classified as an infector; otherwise, the PS remains vulnerable
until the next cycle of assessment. At the same time, another
random number is assigned to each PI in the system. If the
number is less than pIR, this PI switches to a PR; otherwise, it
remains infectious until the next cycle of assessment. Random
numbers follow a uniform distribution over the interval [0,1).

2.2. Parameter setting and simulations

To simulate the stochastic movements of each individ-
ual, the Langevin equation d𝑅i/dt = (𝐹 i

C +𝐹 i
R)/γa was used,

where i = 1, . . . ,N. Here, the position vector 𝑅 for all persons
with a unit of 1 m and a time t with a unit of 0.001 d were
used; 𝐹 i

C is the force on the ith individual from all potentials
and constraints, and was set as zero in the present implemen-
tation; 𝐹 i

R is the random force with 〈|𝐹 i
R|2〉 = 2dkBT γa/∆t,

where the drag coefficient γa with a default value of 1 and an
integration time step ∆t = 0.001 day were used. T is the tem-
perature of the system, and its value was obtained as detailed
in the following paragraph. The dimension d = 2 was used
since the system is defined in two dimensions. Clearly, the 𝐹 i

R
results from a random collision between two particles, which
is the basic process of the stochastic BD.

To realize the stochastic BD simulations, we need a “tem-
perature” T of the system, which can be reversely estimated
through an average velocity 〈𝑣〉 of all particles. The 〈𝑣〉 can
be calculated using 〈𝑣〉 = λ/τc = 1/(2

√
2τcρdC), where the

mean free path λ can be evaluated based on the population
density ρ and social distancing dC. The calculated λ values
are 177 m for Wuhan, 431 m for Lombardy and 1247 m for
New York State. τc is the average time between consecutive
collisions. It was reported that each person has close contact
with dozens of people every day.[7] Therefore, it is reasonable
to assume 1/τc = 40, giving a τc of 0.025 day, which is an
order of magnitude larger than the integration time step ∆t.
Thus, we obtain 〈𝑣〉 ≈ 7.1 km/day for Wuhan.

According to the Langevin equation, the displacement
within one integration time step ∆t is 𝐹R∆t/γa. Higher T cor-
responds to faster individual movement. Distribution of dis-
placement in x-direction and y-direction xR and yR in record-
ing time tR approximates a Gaussian distribution. We as-
sume xR, yR ∼ N

(
0,σ2

)
. Thus, the average speed vR (〈𝑣〉R =√

2πσ/2tR) and travel distance RR(
〈R2

R〉=
( tR

∆t

)
·
(
𝐹R∆t

γa

)2

=
2dkBT

γa
tR = 2σ

2
)

in recording time tR can be estimated. Thus, we obtain the
equation kBT = 2γatR

πd 〈𝑣R〉2. To set an initial value of temper-
ature T , we assume 〈𝑣〉 ≈ 7.1 km/day and obtain a value of
kBT as 160000. The calculated daily travel distance of each
individual falls in a range of 0–18 km (Fig. S2). With these
parameters being available, the BD simulations can be carried
out to generate the trajectories of movements.

A probability pIR is required to update the
state of the removal persons. This is determined
by pIR = ∑t pIR (t) ·Nr,I (t)/∑t Nr,I(t), where pIR(t) =

(dNr,R (t)/Nr,I (t))dt is the removal rate at time t. Nr,I(t) and
Nr,R(t) denote the numbers of infectors and removers (the sum
of the recovered and deceased population) in reality at time
t, respectively, which is obtained from the publicly available
epidemiological data.

On the other hand, the pSI value is parameterized itera-
tively (Fig. S1) until the calculated data can fit the epidemic
curve well. In this study, the pSI and pIR values are 0.0975
and 0.0001908 for Wuhan, 0.2 and 0.000379 for Lombardy,
and 0.8 and 0.000202 for New York State, respectively.

It should be noted that in the SID model, the random
movements of all the individuals only depend on kBT , γa and
∆t, while the remaining parameters including pSI, pIR and dC

together with the stochastic dynamic characteristics of the peo-
ple determine the progress of the epidemic. The dependence of
these parameters towards the prediction of the results has been
thoroughly tested, illustrating that the SID model is robust
enough to characterize the outbreak of diseases (Figs. S3a–
S3d). In addition, the system size and the recording interval
have been carefully benchmarked to demonstrate the robust-
ness of the model (supplementary information and Fig. S4).

3. Results and discussion
3.1. Epidemic modeling at realistic scales
3.1.1. Reproduced epidemic transmission curves for

the three regions

The calculated epidemic curves for Wuhan, Lombardy
and New York State illustrate the cumulative prevalence of
the infection and the removed ones (Figs. 2(a)–2(c)). In all
three cases, the calculated curves are in line with the reported
data, which show exponential growth at the early stage of the
epidemic. However, the infection patterns obtained from the
SID model further show that the infection takes place locally
at the early stage and then gradually spreads to other areas,
indicating the vital role of the local environment during the
outbreak (Fig. 2(d)), as further described below. The discrep-
ancy at the right end of the curves could be attributed to the
effects of control strategies, such as actively treating patients
and travel restrictions, which were not considered here with
constant pSI and pIR. Clearly, these measures effectively slow
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down the spreading of the epidemic. Without these specific
effects, the infection level will quadruple within half a month,
from∼ 50000 infections at 30 d to∼ 200000 at 45 d in Wuhan.
A similar situation could be observed in Lombardy and New
York State.

However, the change in the infection probability in reality
is elusive. Various factors, such as public health interventions,
seasonal variations and viral mutations, collectively influence
the propagation of epidemics. Therefore, in addition to the
modeling with a fixed pSI, we further studied the infection
with time-dependent pSI. In order to examine the impact of
different patterns of pSI, a constraint was applied where the av-

erage values are all identical to the constant one. As shown in
Fig. S5, under the present system setup, the modeling with the
monotonically decreasing pSI consistently predicted an early
arrival of the infection peak, though different patterns lead to
slightly different curves. In contrast, the monotonically in-
creasing pSI delayed the spread of the virus. The pSI with
certain fluctuations, on the other hand, showed the infection
curve that is basically the same as the one obtained from the
constant pSI.

To avoid complications caused by the pattern of infection
probability, we use data from calculations under a fixed pSI for
further analysis.

(a)

(d)

(b) (c)

t0 t50 t100 t200

Fig. 2. The calculated epidemic curves in three regions, and a representative transmission pattern generated with the SID model. (a)–(c) The number of
infections (in red) and removals (in blue) in Wuhan (a), Lombardy (b) and New York State (c) during the early stage of the COVID-19 outbreak. 50000
individuals were used for these three areas. The solid lines represent the publicly reported data, and the dashed lines are the average of the calculated
results from 15 trajectories, with the deviation shown by the shading. The start time is Jan. 22nd for Wuhan, Mar. 4th for Lombardy and Mar. 17th

for New York State, respectively. The y-axis in (a)–(c) represents the ratio of the population. (d) A typical pattern of the infection spreading shows the
effect of local inhomogeneity on the propagation of the virus. For illustration, a model system containing 400 individuals was used.

3.1.2. Detailed nature of the spread of the epidemic

Further infections generated by a single infector, the pri-
mary case, could be identified by tracking each person’s move-
ments. R0, an index to characterize the transmission potential
of a virus, is estimated to be 1.92 by averaging the secondary
cases caused by the infectors using the SID model. This value
is in accordance with the reported values of 2.2 (95% con-
fidence interval, 1.4 to 3.9),[31] 2.24 to 3.58,[32] or 2.68.[8]

Accordingly, we estimate that 50% or more of the population
needs to be effectively immunized (denoted as pimmun) to pre-
vent the sustained spread of the infection of COVID-19, as
calculated by pimmun = 1−1/R0.

Superspreading is an important factor in dynamical mod-
els and has been observed in the SID model. Our results show
that different individuals have different capacities to spread a
virus (Fig. 3). Among them, nearly half the infected people
(46.5%) were removed (more likely to recover from the dis-
ease) even without being able to transmit the virus to any oth-
ers. In contrast, a few infected ones could disproportionately

infect many others (Fig. 3(a)). 27.0% of infected people who
excreted pathogens to at least two people caused 74.7% of in-
fectees, which is the secondary case in Wuhan. For COVID-
19, approximately 10% of the infected population causes 80%
of transmission.[33] The difference between the SID model
and the real world is that particles hardly gather high-density
crowds by Brownian dynamics. A more realistic motion may
better characterize a high-level superspreading.

In addition, the distribution of time length for switching
a PI into a PR shows an exponential decay (Fig. 3(b)). No-
tably, this trend of decline is independent of the simulation
time. Our calculations show that nearly half of the infected
people are removed within 5 d. This data provides evidence
for preventing medical run-up in the epidemic, which could
bring substantial social problems. On the other hand,∼ 22.6%
of the infected people cannot be cured for more than 14 d. The
latter is qualitatively consistent with the reported 20% severity
of COVID-19,[28] which partially validates the pIR value used
in this study.
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(a) (b)

Fig. 3. The infection and recovery dynamics of the epidemic in Wuhan. (a) The distribution of the infector, the primary case, and the infectee,
the secondary case. The blue bar shows the ratio of the infectors with different abilities to cause new infections to the total infectors (y-axis on
the left). The fitted curve (in red) implies exponential decay of the infection ability. The yellow bar shows the ratio of infectees caused by one
infector to the total number of infectees (y-axis on the right). Nearly half the infectors were removed before transmitting the virus to others;
74.7% of infectees (yellow bar when n≥ 2) were caused by 27% of infectors. (b) The time for the infected ones to be removed also shows an
exponential decay. ∼ 45% of them were removed within five days, but ∼ 23% had infections lasting longer than 14 d.

3.2. Parameter effects in epidemic modeling

3.2.1. Dynamic characteristics of epidemic transmis-
sion

Population mobility is highly associated with the spread
of the virus.[34] According to the equation kBT = 2γatR

πd 〈𝑣R〉2

previously mentioned, we can adjust the mobility of particles
by changing the value of drag coefficient γa or temperature T .

The SID model quantitatively measures the dynamic
lagged effect caused by mobility. At relatively high mobility
(kBT = 160000), the peak of the curve for PI appears early,
while much later emergence of the summit along with the
lower peak height was observed at relatively small mobility
(kBT = 1600) (Fig. 4(a)). This could partially explain the
practical efforts in curbing the spread of the epidemic with the
months-long lockdown strategy in China.

kBT/

kBT/

Mixed γa

γa=1
γa=100

(b)

(d)
(c)

(a)

Gathered
Scattered

GatheredScattered

Fig. 4. The dynamic features revealed by the SID calculations. (a) The infection curves with different mobility of the community. The relatively
high mobility of the population (blue line) leads to an earlier occurrence of the infection peak than the low-mobility one (orange). Mixed γa
(green line) is a model system where half of the persons move fast (γa = 1) and half move slowly (γa = 100). (b) The number of further
infections per infector in the mixed γa system. Those with higher mobilities show similar infection ability to those with lower movements. (c)
and (d) The aggregated state of the index case shows a slower (orange line) spreading rate of the virus than the scattered one (blue line).

The different patterns of human mobility also affect the
transmission of diseases. In a model system with mixed γa,
where half of the population moves fast (γa = 1) and the rest
moves slowly (γa = 100), an overall delay in the occurrence of
a peak on the epidemic curve was observed (Fig. 4(a)). How-
ever, it is unexpected that the numbers of infections caused by
different mobility groups are basically the same (Fig. 4(b)).
This result probably implies that the partial lockdown policy

may not efficiently interfere with transmissions in the popula-
tion.

3.2.2. Infection probability pSI and removal probability
pIR

The infection probability pSI represents the spreading ca-
pacity of the virus. The removal probability pIR represents the
recovery rate and mortality rate. Decreasing pSI or increas-
ing pIR can reduce the transmission speed in the early stages

058301-5
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of infection (Figs. S3a and S3b). Lower pSI corresponds to
the effect of public health interventions or reduced virulence
of the virus. Higher pIR corresponds to the improvement of
treatment effect or decreased disease duration. R0 < 1 and the
epidemic outbreak will be prevented when pIR increases four-
fold.

3.2.3. Social distancing dC

The dC value used here represents how far the virus can
travel, though it can occasionally travel much further. De-
creasing dC dramatically reduces the transmission speed in the
early stages of infection (Fig. S3d). For example, the peak
of the transmission curve with dC being 2 (∼ 90 d) appears
almost twice as late as the one with dC equal to 3 (∼ 45 d),
and much smaller values of dC, e.g., 1, are not likely to cause
large-scale infections. Therefore, our data show that wearing
a mask correctly, which decreases the infectious distance, is
a simple and efficient way to block viral spread and protect
people during the epidemic outbreak.

3.3. Heterogeneity in epidemic modeling
3.3.1. Aggregated status of the index case

When the two systems only differ by the initial distri-
bution state of the infected persons in the population, either

gathered or scattered around, the effects of the index case (oc-
casionally referred to as “patient zero”) can be explored. As
shown in Fig. 4(d), the system with initially gathered infec-
tions shows a notably reduced transmission rate and a lowered
peak on the epidemic curve. The difference between the two
curves depends on the overall mobility of individuals in the
system, which is associated with their local environment (see
below); the higher the mobility, the smaller the difference. Hu-
man movement tends to slow down during an outbreak. There-
fore, it may be possible to speculate from the progression rate
whether the epidemic originated locally or was imported from
other places.

3.3.2. The local environment of the infection

We define the local heterogeneity of the central particle
PI as the ratio between the local and global concentrations of
a certain person (either PS or PI). Under the low-mobility con-
dition, this ratio is less than 1 for PS but greater than 1 for
PI (Figs. 5(a) and 5(b)), indicating a low efficiency for the
spread of diseases. In contrast, along with the increased mo-
bility of the population, these two values gradually approach
1. Therefore, local heterogeneity makes a difference in the
low-mobility condition of the community during epidemics.
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Fig. 5. The local heterogeneity significantly affects the spread of epidemics in a community with relatively low mobility. (a) and (b) Histograms of the
local heterogeneity, which is defined as the ratio between the local and global concentrations of PS (a), and PI (b). The cases for low (top panel), medium
(middle panel) and high mobility (bottom panel) are shown. The inset shows the local heterogeneity over time in each panel. (c) The time evolution of
the proportion of the active (blue dots) and trapped (orange dots) infected ones in the system (y-axis on the left). The solid line shows an average of each
type of particle. The infection curve is shown in the solid line in yellow (y-axis on the right). For illustration, a model system containing 1600 particles
is used. All the data were obtained from 15 sets of simulations using the SID model.
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To further explore the heterogeneity, PI with neighbors
within dC was subdivided into two categories, PI,a and PI,t. The
former represents those having susceptible PS particles within
dC, while the latter has only PR or other PI nearby. The relative
proportion of the two is associated with spreading efficiency.
As shown in Fig. 5(c), PI,t is dominant in the system with very
few PI,a when the particles’ overall mobility is relatively low,
mainly due to less effective contact between PS and PI. This
represents a low-infection case. In contrast, in the system with
relatively high mobility, PI,a is dominant at the early stage of
the outbreak but gradually decreases to a low level due to the
reduced number of PS in the system. Indeed, the relatively lo-
cal concentration of PI/PS around PI is an indicator to measure
the spreading efficiency.

The inhomogeneously mixing population across space
could also affect the spread of the disease. When the in-
dex cases were initially located in a high-density community,
we observed an earlier outbreak of the infection (Figs. S6a
and S6b). In contrast, a delayed infection pattern was found
when the index cases were originally in a low-density pop-
ulation (Fig. S6c). A recent work discloses that population
heterogeneity in age also plays an important role in affecting
the spread of diseases.[35] Seemingly, the change in the trans-
mission pattern could also be attributed to the difference in
the local environment. Therefore, the shielding effect of in-
fected ones induced by regional heterogeneity provides a mi-
croscopic interpretation of the lockdown policy.

3.4. Comparison with other epidemic models

By fitting the calculated transmission curve from the SID
model, the parameters for the corresponding SIR model can be
obtained. The two models show consistent results for the pop-
ulation with high mobility. However, we found a notable dis-
crepancy between the two when the mobility decreases, where
the SIR model underestimates the occurrence of the infection
peak (Fig. 6). This could be attributed to the constant transmis-
sion rate applied in the SIR model throughout the epidemic.
However, time-varying infectivity depends on each individ-
ual’s local dynamics and mobility, and the heterogeneous na-
ture of the population plays an essential role in disease trans-
mission. In other words, simple behavior of each particle gen-
erates complicated properties at a higher level. This informa-
tion is well represented in the SID model.

It should be noted that the groups used in the SID model
follow the definition in the SIR model. However, each group
only takes integer values in the SID model, which is different
from the SIR model’s continuous values. More importantly,
the characterization of the spatiotemporal variation in the SID
model makes the conversion from PS to PI and finally to PR,
which is totally different to that in the SIR model.

In addition to deterministic compartmental models, such

as the SIR model, stochastic dynamic models based on in-
dividual movements are one of the most important tools for
studying the spread of epidemics, which can take into account
the uncertainty and stochastic nature of the infection and re-
covery process, thus reflecting more realistically the dynamics
of epidemic spread. These models have a wide range of appli-
cations and can be used to predict the spreading trend of epi-
demics, evaluate the effects of different interventions, etc. Our
SID model is similar to the dynamical model in work[21] with
regard to active Brownian motion. However, our model takes
into account realistic temporal and spatial scales. Compared
with dynamical models on a realistic scale,[22,24] a larger-scale
system and a longer-time simulation are easier to archive in the
SID model. Furthermore, the random variation of individual
movement due to interactions between individuals in the SID
model introduces strong stochastic features that enhance its
use for describing epidemic spread.

(a)

(b)

PS(SID)

PI(SID)

PR(SID)

PS(SIR)

PI(SIR)

PR(SIR)

PS(SID)

PI(SID)

PR(SID)

PS(SIR)

PI(SIR)

PR(SIR)

Fig. 6. A comparison between the SID and SIR models. The epidemic
curves obtained by the two models show a certain difference in low-
mobility condition (a), which could be attributed to the transient local
heterogeneity described by the SID model. This effect cannot be well-
characterized in the SIR model. However, the two give almost identical
curves when the local inhomogeneity of the population cannot be main-
tained under the condition of relatively high mobility of everyone (b).

4. Conclusion and perspective
The COVID-19 pandemic has caused immeasurable

losses to human society. Now, more than ever, we need a
healthier world, and consequently, we need a better under-
standing of the disease. The SID model proposed in this study
is robust enabling it to characterize the dynamic features of
infectious disease epidemiology with randomness and hetero-
geneity, and quantifies the effects of control and prevention
strategies. It should be noted that additional degrees of free-
dom, such as allowing people with incubation duration before
infection, introducing isolation of the infectees and other in-
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terventions resulting from the development of drugs and vac-
cines, could be easily introduced by properly setting the pa-
rameters as variant types (for example, time dependency) in
this model.
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