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Computer modelling and simulation methods are very important and play a
critical role in the mitigation and response to the ongoing COVID-19
pandemic. In this study, we propose a computational modeling technique
based on cellular automata (CA) with realistic proposed rules. The rules are
designed to simulate the propagation of COVID-19 disease through a
bounded area. Our proposed CA rules are novel in many respects. For
example, we introduce rules regarding surface states not only the states of
the person rules to the proposed model. In addition on, the classification of
neighbors to nearest neighbors and range of neighbors based on cellular
layers is explained. Moreover, the concepts of time generation and access
time are deployed for the first time to model the propagation of the disease
over time in this work. Further details of the proposed model including the
topology of the defined area, the initial states of the cells and four-layer
transfer mechanism are explained as well. This work may be considered a
criterion of spreading for COVID-19 from point source in a defined
population area. The results of the proposed algorithm represent the
percentage of the population whose infectious status is described by different
cellular state objects after a defined generation time. The results are
compared under different circumstances and analyzed equanimity.
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1. INTRODUCTION

COVID-19 seems to have become a major worldwide concern as one of the strongest infectious
disease epidemics currently, with a death toll exceeding five million people globally. The disease is highly
infectious being transmitted from person to person through close contacts, via respiratory droplets and
aerosolized particles produced by infected person during any exhalation, especially coughing or sneezing [1].
The SARS-COV?2 virus the causative agent of this disease, tends to infect the respiratory system, leading to a
range of outcomes from cold like symptoms to pneumonia, cold, sneezes and coughing. In situations of
severe infection, it has caused upper respiratory illnesses, kidney dysfunction, diarrhea, and heart damage [2].
On the other hand, the globalization of the COVID-19 pandemic and its economic consequences to cause
economic disruption and dislocation throughout the world, sending many economies into steep recessions or
depressions. As the number of infected people and deaths rise, global recovery from the pandemic remains
uncertain, based on existing statistics declared for COVID-19 pandemic. Even economies of the developed
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countries such as those of Europe, as well as the United States have been already affected by the COVID-19
crisis [3].

Computational modeling is an efficient tool in the struggle against the COVID-19 pandemic because
modeling approaches able to observe in depth the characteristics of pathogens in details and effort to predict
its behavior over long period of time [4], [5]. In general, differential equations, Poisson's equation [6],
LaPlace's equation, and Maxwell's equations [7], [8] have been used to model all epidemics. These methods
can solve some complex and dynamic propagation problems. However, these approaches involve some
serious drawbacks and thus tend to neglect the local character of the propagation of each epidemic [9], [10].
Most current causeways do not allow for individual differences and do not consider the complicated
boundary and start up conditions. Cellular automata (CA) modeling techniques can overcome the
aforementioned drawbacks and have been employed as an alternate method of epidemics modelling by
various savants [11], [12]. CA as well prove to be a better alternative of usage under specific boundary and
preliminary conditions in solving the scientific problems associated to partial differential equations [13]. The
nature of cellular automata, which abstracts the system's global behavior from the interactions of local cells,
makes it a better alternative solution for estimating epidemic spread than differential equations. CA modeling
technique is adapted to stochastic systems that exhibit simultaneous variation with space and time [14], [15].

In this paper, a practical model is proposed that based on a Cellular Automata technique, which can
be employed to mimic the spread of coronavirus disease COVID-19 for different topologies and situations.
The reminder of this work is organized as follows, section 2 introduces the related work model, and the
proposed) model, named MAD-COV19, is presented in section 3. In section 4, results obtained from
simulations are presented and analyzed to demonstrate the effectiveness of the proposed approach. In
section 5, we present our conclusions in context and discuss the possible relevance of the proposed approach
to existing efforts to model and predict the course of the pandemic.

2. THE COMPREHENSIVE THEORETICAL BASIS

Duan et al. [5] classify epidemic modeling to mathematical and computational approaches. These
approaches play an essential role in understanding epidemic spread patterns and assessing disease control
strategies. According to duan classification, the computational approaches in turn can be classified as agent
based model and complex network models. Mathematical models can be classified as deterministic or
stochastic. In deterministic epidemic modeling approach, the population is assumed to be homogenous, well-
mixed and aggregated into small set of states. Transitions of the population between different states are
formulated using differential equations with different factors such as infection rate, onset rate of symptoms,
and recovery rate. Due to the variance in epidemic progress of different diseases, infected individuals may be
categorized with a variety of healthy-state models. Two types of state models have been primarily proposed
in the literature namely, susceptible, infected and recovered (SIR) and susceptible, infected (SI).

Keeling and Danon [14] represented SIR, which has become a most important generic mathematical
model. This model concentrated on classifying the population into three classes. Those are susceptible (S),
infected (I) and recovered (R). The traditional SIR model is represented as (1), and (2) [5].
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The susceptible individuals are the ones who can catch the disease; while the infected people are
those who can spread the disease, and the recovered people are those who are resistant to the disease, whether
by the virtue of surviving the disease and recovering or because of their natural immunity concerns. When
susceptible individuals are infected by an epidemic with infection rate (f), they are considered to fall into the
infected states. Meanwhile, infectious individuals can transmit the epidemic. After the infectious period,
infected individuals are then in a recovered state with recovery rate (r) and become immune to the epidemic.

In the SI model, the population is divided into two classes, including the susceptible individuals who
may contract the disease and infected individuals who may spread the disease to susceptible persons [14].
When a susceptible person becomes infected, he is transferred to the infected class, increasing the count of
the infected class while decreasing the count of susceptible. The SI model supposes that each person in the
vulnerable population has an equal chance of contracting the disease through interaction with an infected
individual. Once infected, a person cannot recover; they are livelong assigned to the | class [16]. Allen [17]
assumed that the length of the disease outbreak modeled to be short compared with an average person’s
lifespan. This framework is developed to consider a spatial or indoor domain over a limited time period.
Therefore, this model can be applied to diseases from which individuals never recover and the spread is
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relatively rapid, such as herpes caused by the virus Herpesviridae, and COVID-19 caused by SARS-COV2
virus in a spatial domain. The count of individuals in the susceptible and infective populations at time (n+1)
At in the SI epidemic model with discrete time can be described by the two difference equations:

sn+1:sn(1 - “T“) I, ®3)

|n+1:|n(1 + “T“) s, 4)

where At is the fixed time step, N is the total size of the population, and a is the ratio of contact between the
susceptible and infectious agents that enables the susceptible to become infected per unit time. The time step
At should be shorter than the mean transmission time.

The beginning conditions for disease progression are given by Sp and lo, the count of susceptible and
infected individuals at time n = 0. With the assumption that So + lo = N with 0 < So <N and 0 <Iy <N. The
non-discretized SI model includes two equilibrium points. The first one is (N, 0), which denotes there have
never been any infected individuals, as well as the second is (0, N), that denotes, the entire population
becomes diseased [15].

The parameter is given as the rate of infection so that the continuous analogues (3) and (4) may be
readily derived. Using the approximation, (Sn+1-Sn)/At=ds/dt, the analogous differential equations has the
following form [15]:

as(t) _ o«
el NSI (5)
dr(t) _ x
ek NSI (6)

the solution of the continuous model can be obtained exactly from [15].

1(0)N
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Substituting N-1 for S in the Sl differential equation model yields a logistic differential equation (5)
in which I(t) approaches N monotonically. The continuous model exhibits the same behavior as the discrete
model. The spread of infectious diseases can be characterized well in a non-uniform field using cell-based
models namely, cellular automata (CA). Instead of the complicated solution methods for differential
equations described in the relevant literatures, CA models have been successfully solved by tracking the
number of cells along a time evolution. White et al. offered a deterministic model derived from the cellular
automata to mockup the dissemination of an outbreak of an epidemic disease [18]. In the model, individuals
are assumed to be dispersed in the cellular space within two shapes. In the first shape, each cell holds for an
individual in the population whereas in the second shape, each cell includes several individuals instead of a
single one to simulate large zones. However, White et al. [18] considered three classes of population,
including susceptible, infected, and recovered. Sirakoulis et al. [19] demonstrated that the distance of
movement and the count of individuals moving are the two most significant parameters, which are taken into
interest by their set of rules. Dascilu et al. [20] presented a cellular automaton model to examine the effects
of inhabitants” movement and vaccination on epidemic propagation. The model assumed that each cellular
automaton cell denotes a part of the total population that may be found in one of three states: infected,
immunized, and susceptible. They explored the effect of the two factors of population movement parameters
on the spread of epidemics namely, the distance of movement and the percentage of the inhabitants moving.
Furthermore, their model was augmented to include the effect of vaccination on epidemic spread in some
parts of the population. Their model exhibits an accurate epidemic disease because of the increase in the
percentage of the population moving, or of the maximum distance of population movement. They also
modeled that the effect of population vaccination in reducing the propagation percentage of epidemic.
Dascalu et al. presented an enhanced cellular automaton modeling autonomous agent, to simulate the
evolution of the spread of COVID-19 [20]. They conducted simulations that showed that the combination of
cellular automata with autonomous agents can be used to successfully modeling the evolution of this disease,
due to its sensitivity to factors associated with processes of infection and restoration. They introduced some
improvements for their model including considering the topography of the space, a timer associated with
each autonomous agent to model their change of state (and the testing strategies), a FIFO memory designed
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to model the treatment facilities, and the global control of the system by various law enforcement groups and
governmental authorities. Dai et al. [21] presented a cellular automats model designed to analyze the
evolution of COVID-19 epidemic. A simplified physical social community is simulated and expressed on a
two-dimensional plane. Individual heterogeneity parameters were considered including sex ratio, age,
individual immunity, treatment period, and population movement, but object infections, effects of vacant
spaces and congestion were not included. Also, the authors adapted COVID-19 confirmation data from New
York City and lowa to validate purposes of that study.

Jithesh build up a probabilistic cellular automata model designed to estimate the peak and duration
of COVID-19 propagation in a cluster under various situations. The two-dimensional CA arrangement was
applied as a regular lattice that represents a population subset, with each cell representing a person in a
specific stage. A transition table and transmission neighborhoods were developed around each single cell.
The transition rule asserts that virus transmission happens when susceptible individuals are present in the
infected individual's transmittable area, which breaches the conditions of social isolation. The model
parameters such as the size of the susceptible population, the range of the neighborhood, and various illness
features the pandemic's time trajectory was simulated. The impact of migration and lockdown policies on the
dynamics of the pandemic were also studied in this search [22]. Cardenas et al. [23] developed a system
simulator named a Cell-DEVS to imitate and investigate the spread of disease, focusing on the COVID-19
pandemic. Cell-DEVS [24] combines CA with discrete event system specifications (DEVS) to describe n-
dimensional cell spaces as discrete-event models. Cardenas et al. [23] applied SIR and SIER models on the
simulator. The simulation language was explained also in this work [23],[24]. In general, the existing
research on computer modelling and simulation of COVID-19 propagation documented in the relevant
literature is still restricted and unresolved. As a result, this research is unique in that it predicts the spread of
this disease in a restricted area with precise characteristics. The proposed cellular automata rules are intended
to be realistic and to be consistent with COVID-19 data in order to clarify future possibilities. This study is
groundbreaking in that it proposes guidelines for both surface states and the states of persons to be evaluated.
The suggested model introduces the concept of cellular layers around each current cell to represent the
nearest neighbors or range of neighbors. In the following part, the ideas of generation time and access time
for modelling disease propagation are also created and discussed. To the best of our knowledge, this is the
first study to look into the latter two areas.

3. METHOD

The features of the proposed modelling algorithm that explain the propagation of COVID-19 can be
described as follows. The area of virus propagation under study is square matrix of size (L+10) x(L+10) units
or cells. The boundary area is taken into consideration so that the actual area of propagation is L? cells. Each
cell represents either an infected person or a susceptible person or either a contaminated surface or a cleared
surface or vacant space. Each cell region represents the unit length of the area under consideration.

Each person cell in our proposed model may represent a person that carries the SARS-COV2 virus,
or a person who doesn’t carry the virus. The carrier may be in an exposed state (EX) or in infected state
(INF). Persons in the infected state (INF) are taken in to consideration only in our proposed model, whereas a
person not carrying the virus may be in a susceptible state (SUS) or recovered (R). The susceptible state
(SUS) is taken in to consideration only in our model. Each surface cell may carry the SARS-COV?2 virus, and
are thus referred to as contaminated (CO) or cleared (CL), indicating that they no longer carry the virus. It is
assumed that eight nearest neighbors in a two-dimensional plane encircle each cell, and the interaction rule
with the neighbors is expressed by a transition matrix N where N represents the Moore's neighborhood of A
(i, j) [25]. For each individual cell, the transition rules for A (i, j) are also inspired by the range neighbor up
to four layers around the cell A (i, j) namely R. The classification of neighbors for cell A is defined in
Figure 1. Figure 1(a) represents Moore’s neighborhood (N) which is the first layer that encircle the cell A.
Figure 1(b) illustrate the range of neighbors up to four layers around the cell A namely R.

The access times of all cells of the matrix were created randomly and inserted in a queue. Spreading
time is referred to as the generation time. The generation time is a multiple of generation periods. The
generation period is the period in which each cell in the area takes the opportunity to operate according to access
time in a semi parallel approach with each neighbor. The operation of an individual cell is the ability of this cell
in its infection state to transfer the virus to all its nearest neighbors in the next four cellular layers or to move to
any vacant space in the first or second layer. Also, the operation of surface cells is the ability of this cell in its
contamination state to transfer the virus agent to all nearest neighbors in the first cellular layer. Moreover, each
cell should have its own access time in each generation period. The access times of all cells of the matrix were
created randomly with uniform distribution and inserted in the queue. All cell regions of the matrix have a
unique ID. The cell regions are sorted dynamically according to access times and inserted in another separate
priority vector namely, regions. In other words, each cell should have its own access time in each generation
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period. The cell region which has the least access time would operate first in its generation period. The access
times for this technique of modeling is developed to guarantee the fairness of the current propagation model.
The representation of the sorted access times through each generation period is shown in Figure 2.
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Figure 1. The classification of neighbor region for each cell A (i, j), (2) N is Moore's neighborhood for A (i, j)
and (b) R is the range of neighbors for cell A (i, j)
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Figure 2. Representation of the access time queue and priority queue regions

The proposed model assumes that the SARS-COV?2 virus is transferred from any cell with an INF state
(infected person) to the range of neighbors (R) with different probabilities. In other words, if any one of nearest
neighbor cells (N) is in a CL (cleared surface) state or SUS state (susceptible person), the move occurs with a
probability 100%. The epidemic virus transfers to the second layer neighbors from the current cell with INF
state with possibility 75% and to the third layer neighbors with probability 50%. The epidemic transfer to the
fourth layer neighbors with probability 25%. Also, each person cell either SUS state or INF state can be moved
or replaced by probability 50% if there are unfilled spaces around it in eight nearest neighbors (N). If the cell is
vacant and surrounded by SUS or INF person, it can be replaced with INF individuals with probability 20% or
SUS Individuals with probability 40% or remain in vacant space with probability 40%. If the current cell state is
CO (contaminated surface), there is transfer of the virus agent from CO to its neighborhood (N) if any one of
them is CL or SUS with probability 100%. Virus agents transfer only from CO cell to neighborhood (N)
because of the touching possibility from the contaminated surface. Figure 3 represent the simple transfer rules
through N. Figure 4 is the flowchart diagram for the proposed propagation algorithm.
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Figure 4. Flow chart plan for computer modeling system of dissemination of COVID-19 in indoor places
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4. RESULTS AND DISCUSSION

An algorithm for the simulation of the propagation of COVID-19 pandemic based the proposed
model developed. Figure 4 in the previous section shows a flowchart plan of this algorithm which represents
the rules of our proposed model. To begin with, the size of the matrix, the primary states of every CA cell, as
well as the primary concentration of every state are read by the algorithm. These parameters can be proposed
initially at shown in Table 1. Nevertheless, the CA cells are supposed to characterize the population as
infected or susceptible. The range of each cell R is determined in conjunction with the nearest neighbor (N).
Afterwards, the algorithm determines the ratio of infected individuals in all CA cells. Consequently,
termination condition is applied. Usually, this condition is normally the completion of the amount of time
generations identified by the user. The access time of every cell in the matrix is illustrated at the beginning of
the time generation phase. This time is the assigned time for every cell randomly throughout every period
indicating the beginning of the spreading process of COVID-19 from the cell to another cell throughout each
time generation period. The access time designed for every cell differs from each successive time generation
to another to satisfy the objectivity of the stochastic modeling technique. Therefore, in every time generation,
the formation of the access time satisfies the transparency and fairness requirements for the simulation
experiments.

4.1. Results with performance analysis

A number of simulation experiments were performed by MATLAB 2021 to predict the propagation
pattern of COVID19 in bounded area. In the first case study, the author assumes one infected person cell
(INF) transfers the virus agent through the whole cellular area such that the matrix of spreading is occupied
by vacant cells or by susceptible cells (SUS) or cleared surface cells (CL). The initial conditions in the first
experiment are shown in Table 1. The sample images of the population pattern with different species of
population before and after dissemination produced by the proposed simulator are shown in Figure 5.
Figure 5(a) presents population pattern with one infected person at the center of the area before virus
propagation. Figure 5(b) presents the population pattern after virus propagation. Figure 6 shows the plot of
population amount for various cellular species against the generation time.

Table 1. The initial conditions in the first experiment

Variable Initial value
Matrix dimension 100x100
Initial number of holes 10% of cells
Initial number of surfaces contaminated with COVID-19(CO) 0
Initial number of people carry COVID-19(INF) 1
Start location of INF (53,53)
Initial number of persons susceptible to COVID-19 (SUS) 45%
Initial number of surfaces cleared from COVID-19(CL) 45%
Time epochs 7

(b)

Figure 5. Population pattern indicates different concentration of population before and after propagation. (a)
one person carry COVID-19 at approximately the center of the matrix at time generation=0 before virus
dissemination and (b) all persons and all surfaces carry COVID 19 at time generation=t_end.
(White—holes, INF -ANCHOR, SUS—-PEWTER, CL—STEEL, and CO—~CHARCOAL)
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No variation was noticed if the initial pattern was one cellular surface (CO) in the center of the
matrix. At this point the experimentation was extended to study the effect of variation of the percentage of
cellular holes on the infected population (INF) pattern as shown in the Figure 7. It is notable that the
percentage of holes is taken as 10%, 20%, and 30%. 40%, 1%, 3%, 5%, 7%, and 9% to show the infection
pattern. Figure 7(a) shows, the infected population decreased with the increase in the percentage of holes for
percentages greater than 10%. This shows the importance of increasing holes positions to decrease the
percentage of the infected population. This pattern issues is different for holes percentages below 10% as
shown in Figure 7(b). Figure 8 shows the shape of the population matrix produced by the simulator for holes
with a concentration of 1%.
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Figure 7. Effects of variation of percentage of holes on the INF population for (a) percentages above 10%
and (b) percentages less than 10%

20 60 100

Figure 8. 1% of the locations are occupied by holes
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The next case study assume the number about M? of infected personal cells (INF) such that M<<N
concentrated at the center of the region and disseminate across the whole area with limited speed. Such that
the matrix dominated by vacant cells or by susceptible cells (SUS) or cleared surface cells (CL). The
dissemination simulation pattern is shown in Figure 9.
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4500 ——— ey
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B 2500 ?
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Figure 9. Shows how the size of the initial cluster of infected people affects the dissemination pattern

We noticed that the propagation patterns for the first three clusters with size 9, 16, 25 INF were
nearly close to each other. Furthermore, the viral load is assessed throughout the area, and it is defined as the
number of times each cell region is exposed to the Coronavirus carriers' infection. The cell region is assumed
in our model to occupy an area of 50 m2. The graph of viral load against region number is shown in Figure 10
under initial conditions of Table 1.

It should be noted that each epoch's time generation period is made up of a large number of viral
spreading sessions for INF or CO cells, with each virus-spreading session lasting about one second. This is
the time it takes for an illness to spread from an infected person to a cellular range or from a contaminated
surface to a cellular range. The range of the INF cell was two meters whereas the range of the CO cell is half
meter owing to contact probability. The real time is equivalent to the summation of all spreading sessions.
Figure 11 indicates the population of all cellular species against real time in seconds. Further experiment,
aims to study the effect of speed up of transfer of infective persons to holes positions on the dissemination
pattern. The model assumes two rates of transfer for infected individuals 90% and 20%. The results are
satisfactory and consistent with the clinical findings of the disease spread as shown in Figure 12.

viral concentation

6000 8000 10000

Figure 10. The load is raised in the middle regions because the initial infected person was localized in the
middle of the squared area
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Figure 11. The population of all cellular species against real time in seconds
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Figure 12. Effect of speed up of the population on the infective population

5. CONCLUSION

In this paper, a forecasting model based on a factual cellular automata approach is proposed and
implemented with writing suitable MATLAB code to produce the proposed MAD-COV19 system simulator
model. This model is largely based on formal empirical observations of spread of COVID-19 disease in
indoor location based on the use of cellular automata techniques of thinking. Several experiments have been
conducted on this model, which aims to track the percentage of people infected with time in different
conditions and situations, as well as the percentage of contaminated surfaces over time. As well as tracking
the infected cases over time with the change in the proportion of primary infected cases with the COVID-19
disease. The percentage of vacant places was also changed, and the extent of its impact on the spread of the
disease was seen. A very fast spreading behavior was shown in the proposed area. This work may be
considered a criterion for the propagation of COVID-19 in a defined population area. The propagation
patterns for COVID-19 with our simulation model are compatible with theoretical background of SI model.
The viral load is measured and explored in a specific area of a particular dimension. This paper also describes
the model's dynamic mode. Infectious people's population is counted in a variety of ways. The population of
polluted surfaces is also examined and evaluated. The overall technique and results are novel. A scenario
where partly vaccinated individuals could be introduced in the population of susceptible individuals and
should be considered in future work to make the model more realistic. In addition, further research is
necessary on the utilization of big data collected on the COVID-19 pandemic in the future.
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