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Abstract: In March 2020, Saudi Arabia reported that the 
Coronavirus disease (COVID-19) spread to its territory, 
originating from China. In this study, a new simulation model 
estimates and forecasts the number of infected subjects with 
COVID-19 in the upcoming weeks, based on different 
parameters, in two major cities in Saudi Arabia, namely Riyadh 
(the capital) and Jeddah, the second largest city. Unlike most of 
the recent simulators, our simulator attempts to focus on real data 
related to Saudi Arabia. Moreover, this paper investigates the 
parameters that can help to understand and predict the behavior 
of the biological curve, particularly, in Saudi Arabia. The 
proposed forecasting model considers several parameters, such 
as the infection rate, the virus lifetime, the number of infected 
people, the number of uninfected people, the recovery rate, the 
death rate, the recovery period, the period of simulation (in days), 
and the social distancing. The study investigates different 
scenarios using random test data and real data, where the results 
show the importance of two parameters on the pandemic spread; 
the infection rate and the walking distance. Therefore, this work 
can be used to raise the awareness of public and officials to the 
seriousness of the current pandemic. 
Keywords: COVID-19; Forecasting; Infection rate; 
Virus; Prediction; Simulation. 
 
1.  Introduction 

 
In December 2019, atypical pneumonia caused by the 

zoonotic 2019 novel coronavirus (2019-nCoV) was first 
reported and confirmed in Wuhan, China. 2019-nCoV is a 
fast-spreading virus that infects people in almost all 
countries. On January 25, 2020, human-to-human 
transmission was confirmed [1–3]. 

 

To mitigate the spread of the virus, the Saudi Government 
has applied a partial quarantine to prevent the spread of the 
virus, starting with night curfew from March 23, 2020, 
followed by closing three major cities, Riyadh, Mecca, and 
Medina. Entry and exit from these cities have been banned 
in accordance with the limits defined by the competent 
authorities. 

 
Other extremely serious prevention procedures have 

been applied to mitigate the pandemic spreading: group 
tours, travel packages are suspended across Saudi Arabia; 
mass gatherings are all cancelled; schools and universities 
are closed and transferred to online learning. Moreover, the 
government has closed border crossings and cancelled all 
international flights. 
When writing this paper, we still know little about the 
infectiousness of 2019-nCoV. The most worrisome aspect 
is the infectiousness of incubation (or exposed) individuals.  
That means that incubation individuals are being infected 
and may have the ability of infectiousness even if they do 
not have any symptoms [4]. 
 

The existing forecasting models, such as the 
Susceptible-Exposed-Identified-Recovered (SEIR) model, 
assume that the exposed individual is infected without 
infectiousness. The Susceptible-Infected-Recovered (SIR) 
also model does not consider the exposition process. 
Therefore, the traditional transmission models of pandemic 
spreading might not simulate COVID-19 accurately. This is 
a possible key reason why the infected populations 
estimated by the SEIR model are much larger than the 
official numbers [5]. The estimated number was 75815 
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individuals on January 25, 2020 [6], while the official 
number was only 688; the estimated number was 190000 
individuals in Wuhan on February 4, 2020 [7], while the 
official number was only 1967. Furthermore, a good 
forecasting model should consider other factors such as the 
prevention measures taken and the ones that we will focus 
on in this study. 

 
The main goals of this research paper can be 

summarized as follows: 
 

•   To develop a new simulation model for forecasting the 
pandemic spreading process before and after the prevention 
measures. 
•   To provide a visual interface to educate and inform the 
public and officials about the speed of the pandemic 
spreading, and to raise their awareness in the seriousness of 
the current pandemic. 
•   This simulator will be customized for the Saudi’s case; 
however, it can be extended to other countries taking into 
consideration the local parameters. 
 

It is worth mentioning that the results of mathematical 
models and simulators might not match a real-life situation 
due to the unlimited numbers of parameters that dictate 
those situations. However, such models attempt to give us 
means to explore possibilities. Here, we only wish to 
provide an approximation of the pandemic spreading in 
Saudi Arabia and to find out that, statistically, if the Saudi 
Government procedures are effective to stop the pandemic. 
In addition, we wish to raise the awareness of both public 
and officials in the speed of the pandemic spread. To this 
end, we developed a simulator from scratch using the C# 
language, by which we conducted several experiments 
based on different scenarios, attempting to understand what 
is happening on the Saudi soil in terms of the COVID-19 
pandemic spread. 

 
2. Related Works  

 
Since the arrival of COVID-19, the new variant of the 

coronavirus, several scientific studies have proposed 
tracking, monitoring and prediction solutions analyzing the 
spread and behavior of this virus. In the following, we 
address the most recent studies, their operating methods, 
advantages and disadvantages. 
 
2.1 Overview of methods based on mathematical 
modeling 
 

Mathematical modeling is a powerful tool to design 
and evaluate the behavior of complex dynamic multi-
parameter systems such as the spread of diseases. The study 
in [8] proposes to design mathematical models to trace the 
social process of propagation of the COVID-19 virus. 
Although this study presents a mathematical model to help 

understanding the social practices and the needed social 
actions in the case of pandemics, it is not followed by a real-
case investigation supporting the results of application of 
the suggested models. 

In [9], a framework for simulating the spread of the 
COVID-19 virus in different cities of China is proposed. 
This simulator combines the design of urban multi-layer 
public transport networks with the SEIR model proposing 
four states for people, namely, susceptible, exposed, 
infected and resistant. However, this system is specific to 
the Chinese case, and its extension to the Saudi context, for 
example, seems to be difficult since the proposed transport 
networks concern only some Chinese cities. Besides, this 
model supposes that the recovered persons are not subject 
to repeated infections, which is not true according to the 
latest declarations of the World Health Organization in 
April 2020. 

 
Another study [10] proposes to simulate the spread 

of COVID-19 in Wuhan to make daily predictions based on 
a Kalman filter ensemble. Regarding the long-term 
forecasts, the approach relies on network-based model with 
Markovian processes. However, since the epidemiological 
parameters of COVID-19 do not follow the exponential 
distribution assumed by Markovian models, future works 
must use non-Markovian systems to better predict the 
COVID-19 trajectories of spread. Based on the results of the 
Chinese data making the transition from 15 thousand cases 
on February 12 to zero case on March15, the authors suggest 
"aggressive and continued measures" to control the epidemy. 

 
In [11], the authors suggest a multidimensional 

graphical real-time COVID-19 simulator to monitor the 
propagation of the pandemic and its behavior. The simulator 
named MDNIDC-Mapping relies on mathematical 
modeling based on endogenous variables in different types 
of disks, nano-, micro-, sub-, mega- and general, to compute 
the infected cases in China and the world. Despite its 
efficiency, the proposed system does not rely on real data 
and assumptions which leave unknown several dimensions 
of the tackled disease. 
 
2.2 Overview of methods based on machine learning and 
deep learning 
 

Different artificial intelligence-based approaches have 
been used to solve various real-world problems [12–16]. In 
the case of an emergent and fast-spreading epidemy such as 
COVID-19, machine learning (ML) and deep learning (DL) 
techniques seem to be useful in helping the authorities to 
make right decisions. Indeed, ML and DL can consider 
different parameters such as medical resources, travel 
mobility and population density as features to predict the 
virus propagation. 
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In [17], the authors suggest a composite Monte-
Carlo forecasting method combined with a fuzzy rule 
induction and a deep learning system. This combination 
allows considering an additional dimension of insights 
using the decision rules for helping the decision maker. 
However, the proposed method is not compared with other 
systems (proposed for the SARS in 2003, for example) to 
assess its real advantages. 

 
In [18], the authors propose a deep learning 

algorithm for predicting the risks and the potential 
possibility that novel viruses infect humans. This research 
paper can be used for future studies on other viruses. 
However, since it requires a large amount of data, it seems 
to be inefficient when applied on viruses with rapid spread 
such as the SARS-CoV2. 
 
2.3 Other methods 
 
The study [19] proposes a stochastic agent-based and 
discrete-time model to simulate complex scenarios of 
infection for the Australian context.  The proposed model 
takes into considerations real assumptions such as the 
school closing, the degree of respect of the social distancing 
and the international air traffic. A relevant finding of this 
study is that the closing of schools is effective only when 
coupled with high respect of the social distancing. Another 
interesting deduction concerns the needed duration to 
control the disease. The study suggests that 14 weeks are 
enough to control the disease if the level of respect of the 
social distancing exceeds 90%, while any duration is not 
sufficient if this level is below 70% of the population. 
 

In [20], a SEIR model is suggested to predict the 
evolution of COVID-19 in different Chinese cities during 
the three first months of 2020. This system is used then to 
predict the evolution in other counties such as Italy and the 
USA. However, due to the different rates of infection in 
China and other countries, the results of this system are 
highly uncertain for other countries. 

 
The study [21] presents a COVID-19 simulator for 

the case of Pakistan taking into account the mobility data 
and the population. The results indicate that the order of the 
infection in the Pakistani case will be tens of thousands 
despite the respect of the social distance for a long duration. 
In [22], the authors estimate the mortality and recovery 
ratios of confirmed cases per day. The proposed system 
relies on a SDIR (Susceptible, Dead, Infected, Recovered) 
model applied to data from China in order to forecast the 
situation three weeks ahead as the outbreak evolves. 
However, as reported by the authors, the system lacks 
certainty regarding the dynamics of the pandemic due to the 
inaccuracy of the available data and the unknown real 
number of infected cases. 

 

In [23], a method is proposed to predict the 
evolution of COVID-19 based on quarantined surveillance 
Chinese data and a modified SEIR model. Although the 
study represents a real clinical data-based investigation and 
is more important than a simple mathematical model, it 
forecasts that the COVID-19 will be a local epidemy in 
Hubei and its global cases will be reduced sooner. This 
statement is contradicted in less than one month by the 
statistics of the cases of March 2020. 

The investigation of these different systems 
proposed in the period from December 2019 to March 2020 
indicates several limits and drawbacks such as non-use of 
real clinical big data and non-existence of a system 
dedicated to the Saudi context. Therefore, our objective is 
to propose a simulation to resolve some of the previous 
limitations, particularly, a simulation dedicated to the Saudi 
context. 

 
3. The Proposed Model  

 
In this work, a simulation model is built to investigate and 
monitor the spread speed of COVID-19 in Saudi Arabia. 
The spread rate of the virus within a society (city or country) 
depends upon many factors, such as the movements of the 
people, following the health care rules/recommendations, 
infection rate, etc. Each of these factors plays a role, which 
contributes to the spread rate with a certain probability. In 
the proposed system, we focus on the major factors that 
affect the spread rate significantly. Figure 1 shows the main 
screen of the proposed simulation model. 
 Each factor used in the simulator has its own effect on the 
results of the simulation. For example, if the hygiene rate is 
not high in a community, the people there are more likely to 
be infected with the virus, especially if the population is 
high. In this work, it is assumed that the hygiene rate is 
inversely proportional to the infection rate, and is equal to 
the complement of it. 
 The simulation factors have a cumulative effect on the 
pandemic vastness. However, some of the factors strongly 
affect the pandemic spread in one community and have less 
effect on another one; e.g., the restrictions degree on the 
people movements in a very crowded community should not 
be in the same degree in a less crowded community. 
Therefore, we need to find the most non-pharmaceutical 
measures that slow COVID-19 from spreading and keep the 
health care system under control. 
 The simulator is implemented using C# programming 
language to provide a graphical user interface. The main 
screen of the simulator (Figure 1) is divided into three main 
parts: 
1. The canvas presents the visual part of the simulation. 
Here, the created population appears as points initialized at 
random locations in the canvas. The points perform a 
uniform random walk in the 4 directions, and each direction 
has the probability p=0.25. The color of the points (persons) 
presents their conditions: blue, red, green and black for 
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susceptible, infected, recovered and deceased subjects, 
respectively. 
2. The control panel contains the factors that control the 
simulation procedure. 

3. The output screen shows the results that help one to 
perform statistical analysis for each simulation run. 
 

 
Fig. 1. The main screen of the COVID-19 simulator 

 
 The control panel of the simulator shown in Figure 2 
contains the most effective factors that control the 
simulation procedure, as follows: 
 

 
Fig. 2. The control panel of the simulator 

 
1. The number of samples in the population, where 100 
means that hundred persons are initialized at random 
locations in the canvas. 
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2. The number of populations that represents the number of 
cities to be simulated using given factors. In this work, we 
opt for 1 population only: this parameter is reserved for 
future use. 
3. The duration of the simulation in days. 
4. The initial number of infected people in each population 
started with one (Patient zero) in all experiments. 
5. The infection rate that presents the probability of 
spreading the virus among susceptible subjects: if a 
susceptible subject approaches an infected person within the 
"social distance", then the probability of being infected 
equals this rate. 
6. The hygiene rate that is the complement of the infection 
rate. If the hygiene rate is p, the infection rate is 1-p and vice 
versa. Here, hygiene does not only mean washing hands and 
using hygiene solutions, but also considering all the 
recommended healthy precautions such as wearing gloves, 
masks and other precautions that decrease the probability of 
infection even when approaching an infected subject. The 
rate is assumed to be the same for all the community. 
7. The recovery rate that is the probability of an infected 
person to recover.  
8. The death rate that is the probability of the infected person 
to die. The death rate is the complement of the recovery rate. 
9. Activate/deactivate transportation within the population 
(city). We did not use this parameter in this study since it is 
reserved for future use. 
10. Activate/deactivate the transportation between the 
populations (cities). We did not use this parameter in this 
study since it is reserved for future use. 
11. The "social distance" based on the recommended social 
distancing of 2 meters between persons [24]. In this 
simulation, we assume that if the Euclidean distance 
between a susceptible subject and an infected subject is 
equal or less than the "social distance", this subject will be 
infected with a probability equal to the infection rate. We 
used 2 meters for all experiments; however, the end-user of 
this system can choose any distance. 
12. The delay that is the time between the current frame and 
the next frame. It is used for visualization purposes, in 
particular, for small populations. 
13. The "stride" that is the distance the subject (point) can 
move each time frame in any of the four directions. We opt 
for two random numbers in the range of [-Stride, +Stride], 
one added to the X-coordinate, and the other one added to 
the Y-coordinate of each subject. Therefore, the more 
movement restriction is forced on a community the less the 
stride is. 
14. The recovery period that is the time required for an 
infected person to heal. Here, we assume it is 14 days, 
according to [25], and it can be changed for other scenarios 
if this application is used by practitioners. 
15. The canvas area dimensions, that is, width and height of 
the populated area measured in meters. Each pixel in the 
drawing is equal to 1 meter, calculated based on the real 
density of the investigated population. Here, we use 500 x 

500 meters, where the number of the population per 1 square 
kilometer is divided by 4. 
16. Starts the simulation using the given factors 
(parameters). 
17. Sets the simulation to the default parameters. 
18. Stops the current (in progress) simulation. 
 
 There might be other important parameters to 
be considered, such as the variations in people’s health 
history, different movement speed for everyone in the 
population, smoker rates in different populations, age 
distribution, etc. However, we currently have no available 
information about these factors, so we opt for the 
aforementioned parameters since information about them is 
available. 
 In addition to the random test data based on the population 
densities of the two major cities in Saudi Arabia, we also 
use real data about the infected subjects obtained from the 
Saudi Ministry of health, on which we made regression 
analysis to provide short-time forecasting. 
 
 
4. Analysis of Results 
 
We used the proposed simulator to investigate the spread of 
COVID-19 in two Saudi cities and compute the number of 
infected, deceased, susceptible and recovered subjects 
based on different real parameters and scenarios. 
 Until April 11, 2020, the Saudi government did 
not yet enforce a complete quarantine, and people were still 
walking in the streets. Therefore, our proposed simulation 
focuses on the walking distance of individuals. 
 The average person takes 4,961 steps per day. 
Step counts were the highest in Hong Kong, where people 
took an average of 6,880 steps a day, followed by China, 
with 6,189 steps, and Ukraine, with 6,107 steps. The 
countries with the fewest average daily steps were Malaysia, 
with 3,963 steps; Saudi Arabia, with 3,807 steps; and 
Indonesia, with 3,513 steps [26]. 
 Focusing on Saudi Arabia, one step is normally 
estimated to be 0.762m, and therefore the average Saudi 
walks about 2,901 meter per day. 
 Our simulation allows the selected population 
(infected and uninfected subjects) to move randomly in the 
range of [0, 2091] m, or based on the investigated scenario, 
when the movement is restricted, where the "Stride" 
parameter is chosen for each scenario. 
 The World Health Organization advised people 
to stay separated for at least one meter [27], and later, they 
advised them to stay separated for at least two meters [24]. 
Therefore, the proposed simulator virtually transmits 
infection (based on infection rate) to susceptible subjects if 
they are approached by an infected subjected within 2m 
distance. However, this parameter can be altered by the end-
user. Moreover, the infection might be transferred due to 
passing through the same infected point, and not necessarily 
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a face-to-face meeting, since the virus stays alive for a 
specific time (days). This time is another parameter we need 
to consider. By using the proposed model, one can 
statistically predict the number of infected, recovered, and 
deceased cases using several scenarios focusing on: 
1. No quarantine, large movements of the subjects, large 
stride. 
2. Quarantine, small movements of the subjects, small stride. 
3. Partial quarantine (the current Saudi governmental 
procedures), intermediate movements of the subjects. 
4. Low hygiene and, therefore, high infection rate. 
5. High hygiene and, therefore, low infection rate. 
 
 In addition, the proposed simulator provides 
visual imitation of the spread of the pandemic. It uses real 
information as much as possible to be able to draw 
significant conclusions when only possible. We use the real 
population density of each simulated city. Each simulation 
run is repeated 30 times, and the results are averaged over 
these 30 trials. 
 
4.1 Simulation scenarios 
 
The simulations are run based on the information of two 
major Saudi cities, Riyadh and Jeddah. In order to calculate 
the simulation area needed for each city, its population 
density is computed, then scaled down to an area of 500 x 
500 meters so as to visualize the results and get a faster 
simulation. 
     The city of Riyadh has a population of 7,731 million and 
covers a total surface area of 1,798 km2 (square kilometers). 
Its population density is approximately 4,300 persons per 
km2. Hence, the width of the simulator area is set to 500 x 
500 m, and the population will be 4300 / 4 = 1075 subjects 
since we reduce the area to 500 x 500 meters (pixels). 
Regarding the city of Jeddah, the population is about 
4,471,000 persons, and its area is 1600 km2, which gives a 
population density of 2794 persons per km2. Then the 
population used in the simulation should be 2794 / 4 = 699 
occupying an area of 500 x 500m. Such tuning based on real 
situation gives more significance to the simulation results. 
For each of the two considered cities, two scenarios are 
considered: low versus high hygiene and low versus high 
movement. The results are obtained by two methods: 
- Normal Random Walk, day-by-day infection.  
- Random Walk, but taking into consideration polluted 
locations in the previous 3 days, assuming that the virus 
remains 4 days on some surfaces such as plastic, wood and 
aluminum. This parameter can be altered for different 
scenarios. 
      The factors (parameters) involved in our simulations are 
detailed in Table 1. 
 

                                                           
1https://www.youtube.com/watch?v=TJftq6shQuw&feature=youtu.be 

Table 1. Used parameters relying on real assumptions 
and values 

Property Value 

Size of the random population 
Riyadh: 1075 

Jeddah: 699  

Number of initial infected persons1 
Number of days for prediction 365 

Infection rate
Variable (see 

scenarios)  

Recovery rate 97% 

Remaining period of virus
1 day (scenario 1)

4 days (scenario 2) 

Social distance radius 2 meters 
Delay 100 ms 
Stride +-xy (movement) Variable, in [0,500]
Recovery period 14 days [25] 
Area 500 x 500 
Simulation repeated (times) 30 

 
Scenario 1: Locations from previous day(s) are not 
infectious. When we run the simulator on both cities using 
small infection rate (10%) and small movement of subjects 
(+-10 m), starting with one infected subject, the subject 
remains infected for 14 days, then recovers without 
infecting any other subject. This is expected since the 
probability of meeting within the social distance is very low, 
in addition to the very low infection rate, which comes with 
considering high hygienic standards if used by any 
community. This expected result complies with the medical 
and official advises concerning the maintenance of social 
distancing and high hygiene. However, when both infection 
rate and random movement of the subject are increased, we 
obtain catastrophic results. 
 
       From Figure 3(a), it can be seen that the used 
parameters cause the virus to infect more than 400 subjects 
out of 1075, and if we scale this number up to match the real 
population of Riyadh, then we have about hundreds of 
thousands of infected cases, and this happens around the 
50th day, when the deceased cases were more than 150 
subjects. The slope of the curve of the infected cases shows 
the speed of the virus spread. When increasing the 
movement (stride) from 50m to 300m in the four directions, 
the results become more catastrophic, as it can be seen from 
Figure 3(b) where the infected subjects are more than 400. 
This is also expected, since not only the infection rate 
influences the spread of the disease, but also the increase of 
the movements, even without increasing the infection rate, 
leads to a higher number of infected cases. We have already 
used these expected results to raise the awareness of the 
Saudi public and officials through publishing a video (in 
Arabic)1 showing these preliminary results, so as to foster 
the official advises concerning the "stay at home" slogan 
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and maintain high hygienic standards. By doing so, the 
simulation tells us that the pandemic will be stopped and 
people will return to the normal life that we know. 
      The same last observation is applied to the stride 
influencing the spread of the disease. Moreover, the density 
of the area seems to influence the propagation speed of the 
disease. Jeddah is less populated than Riyadh, therefore, it 
is found to be less infected by the pandemic as can be seen 
from Figure 4(a). 

(a) Infection rate=90; stride =50 

 
        (b) Infection rate=90; stride =300 

Fig. 3. Prediction of the infected, dead and susceptible cases 
of COVID-19 under different infection rates and strides for 

Riyadh city with 1-day infection 

 
This is confirmed by the real infected cases 

reported by the Saudi officials. However, even in less dense 
communities, large movement of the population contributes 
to the increase of the number of infected cases, see Figure 
4(b). The chart indicates that this factor, i.e., movement, can 
also affect the results. 

 
Scenario 2: Locations from the previous 3 days are 
infectious.  This scenario assumes that the virus remains on 
the location visited by any infected subject for 3 days, 
therefore, any susceptible subject who moves to any of these 
infectious locations becomes infected with the probability 
of the infection rate. This of course is expected to increase 
the number of infected subjects dramatically. Interestingly, 
even with all these polluted spots in the inhabitant area, if 
the infection rate is low (10%), which means high hygiene, 

and the movement is also low, e.g., below 10 m, the 
obtained results are good in terms of the number of infected 
subjects, which is almost zero, after healing the patient zero. 
However, given less hygiene, e.g., 90% infection rate, and 
higher movement. e.g., +-50m or even higher (+-300m), we 
have much more catastrophic situation when more than half, 
or even most, of the population is infected in a short period 
of time, particularly, in a dense city like Riyadh, see Figure 
5. Regarding the less dense city of Jeddah, the result of 
scenario 2 is much worse than that of scenario 1 due to the 
many infectious spots in the inhabitant area. However, the 
pandemic is much less catastrophic than that of Riyadh due 
to the lower population density, as can be seen in Figure 6. 

    

 
(a) Infection rate=90; stride =50 

 
(b) Infection rate=90; stride =300 

Fig. 4. Prediction of the infected, dead and susceptible cases 
of COVID-19 under different infection rates and strides for 

Jeddah city with 1-day infection 

 
 In the aforementioned scenarios, we presented 
the main application and discussed how the proposed work 
will be beneficial for the people, in order to educate them 
about the spread rate the COVID-19 pandemic and urge 
them to take all measures necessary to stop the pandemic 
spread, which are mainly decreasing the movement as 
possible (stay at home) and maintaining the highest 
hygienic standards, such as wearing gloves, masks, washing 
hands, faces, maintaining social distances, etc. Moreover, 
the proposed simulator might be beneficial for the decision-
makers, as well, which might enable them to decide which 
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parameters or regulations should they use, particularly, in 
terms of decreasing the movement of the persons to minimize the number 
of infected cases and to save human lives. 

 
      

 
(a) Infection rate=90; stride =50 

 
(b) Infection rate=90; stride =300 

Fig. 5. Prediction of the infected, dead and susceptible cases 
of COVID-19 under different infection rates and strides for 

Riyadh city with 4-days infection 
 
4.2 Regression analysis of data 
 
In order to further understand the real situation of Saudi 
Arabia in terms of the officially recorded infected cases, and 
to better assess the behavior of the proposed simulator, we 
collected the real data of the COVID-19 infected cases from 
the same two major Saudi cities (Riyadh and Jeddah) for 14 
days, starting from March 29th 2020 to April 10th 2020, in 
addition to the total cases in the Kingdom of Saudi Arabia 
(KSA), as can be seen on the left side of Table 2 and Figure 
7 that shows the trends of the infected cases. Regression 
analysis based on real data can be used for short-term 
forecasting [28,29], therefore, we opt for linear and 
exponential regressions to forecast the obtained real data of 
the infected cases, in order to compare their results with the 
proposed simulator’s results. As can be seen from Figure 7, 
the exponential and linear curves were fitted to be used for 
short-period forecasting. The best exponential curve fit for 
Riyadh is 

                        
        y = 22.644e0.0722x                   (1) 
while for Jeddah it is    y = 15.635e0.0891x             (2) 
The best linear curve fit for Riyadh is 
                                     y = 6.2171x + 8.0667      (3) 
while for Jeddah it is 
                                     y = 7.5803x - 15.652       (4) 
 

 
     (a) Infection rate=90; stride =50 

 
(b) Infection rate=90; stride =300 

Fig. 6. Prediction of the infected, dead and susceptible cases 
of COVID-19 under different infection rates and strides for 

Jeddah city with 4-days infection 
 

 

 
(a) All infected cases in KSA 
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(b) Infected cases in Riyadh (c) Infected cases in Jeddah 

Fig. 7. Curve fitting for the number of infected cases in KSA, Jeddah and Riyadh, respectively 
 
 

 

Table 2. Real and predicted values of COVID-19 cases using linear and exponential regression 
Real Values     Predicted Values   

Day KSA Riyadh Jeddah Day
 Linear   Exponential 

KSA Riyadh Jeddah KSA Riyadh Jeddah     

1 (20/04/2020) 1147 148 171 15 1631 238.0994 265 2515 327 423
2 (21/04/2020) 1141 164 114 16 1678 244.3165 272 2729 352 462
3 (22/04/2020) 1158 157 208 17 1725 250.5336 280 2962 378 505
4 (23/04/2020) 1172 131 210 18 1771 256.7507 288 3214 407 552
5 (24/04/2020) 1197 170 271 19 1818 262.9678 295 3488 437 603
6 (25/04/2020) 1223 267 117 20 1865 269.1849 303 3785 470 660
7 (26/04/2020) 1289 178 294 21 1912 275.402 310 4108 505 721
8 (27/04/2020) 1266 171 262 22 1959 281.6191 318 4458 543 788
9 (28/04/2020) 1325 203 224 23 2006 287.8362 325 4838 583 862
10 (29/04/2020) 1351 440 120 24 2053 294.0533 333 5251 627 942
11 (30/04/2020) 1344 282 142 25 2100 300.2704 341 5698 674 1030
12 (01/05/2020) 1362 161 245 26 2147 306.4875 348 6184 725 1126
13 (02/05/2020) 1552 109 245 27 2194 312.7046 356 6711 779 1231

14 (03/05/2020) 1645 131 261 28 2241 318.9217 363 7283 837 1345
 
 
 

By compensating for x in equations (1), (2), (3) and (4), 
which represents the day that we wish to forecast for, we 
get part of the forecast data in the right side of Table 2 (in 
our analysis, we use data of infected cases starting from 
29th of March until 3rd of May, which is collected from 
[30,31]). The curve tends to be exponential in the dense 
city (Riyadh) and linear in the less dense city (Jeddah), and 
also linear in all KSA infected cases as the R2 value 
suggests, and there is no indication that the curves will
 flatten soon. This means that the pandemic is 
spreading and is not reaching its peak. These results are 
compatible the previous simulation results in terms of the 
increase in the infected cases for the first 30 days, 
particularly, in some scenarios. However, we cannot 
compare the previous simulator’s results with the 
regression results, because we used a small sample 
population inhabiting a small sample area, which was a 
quarter of 1 km2, and if we want to scale up the results to 

meet the true number of population, we will end up with a 
large number of patients zero, which is not the case in 
Saudi Arabia. 
 

Therefore, we opt for simulating the whole 
population (7,731,500 and 4,471,000) inhabiting the areas of 
1798 and 1600 km2 for Riyadh and Jeddah, respectively. 
Hence, the Width and height of the simulator are 42403 and 
40000 m for Riyadh and Jeddah, respectively. Since the 
comparison is to be with short-term forecasting, we run the 
simulator for 30 days starting with 7 infected subjects for 
Riyadh and 3 for Jeddah. The results are shown in Figure 8. 
We set the parameters as follows: number of infectious days 
= 3, infection rate = 90%, stride = 2901m, Area width and 
height are the same as each city’s area, and population is the 
same as each city’s population. 
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(a) Results on Riyadh 

                        
(b) Results on Jeddah 

Fig. 8. Simulation results using the whole population of Riyadh and 
Jeddah, respectively 

 
Table 3. R2 values for each method 

Regression 
Reported data Simulation data

Riyadh Jeddah Riyadh Jeddah 

Linear 0.5148 0.7242 0.6156 0.775
Exponential 0.579 0.7369 0.9952 0.9679

 
 We do not expect our simulation results to match the 
regression methods results because both methods depend on 
different factors: the regression methods depend on the historical 
data only, while the simulation results depend on a number of 
stochastic parameters. However, we are interested in the trend of 
the infected cases curve, i.e., whether the growth of the curve is 
linear or exponential. Table 3 shows the R2 values for each 
method: the higher the R2 value the more variation of the 
"independent" variable (day) can be explained by the variation of 
the "dependent" variable (the number of infected cases) [32]. As 
can be seen from Table 3, the trend is exponential in the dense 
city of Riyadh, while is more likely to be linear in the less dense 
city of Jeddah. This is in terms of the reported data, while we find 
that the simulated data tends to be more exponential rather than 
linear in both cities. However, it is more exponential in the denser 
city of Riyadh. 
 

One-day prediction 
The proposed simulator forecasts for a period of time (number of 
days), however, for one-day prediction, we opt for using a 
number of some of the well-known time series forecasting 
algorithms as used by [33], these include Simple Moving 
Average (SMA) [34], Weighted MA, and Exponential smoothing 
(ES) [35,36], to perform one-day forecasting on. We use Pinball 
loss function (PBL) to evaluate our prediction results. PBL can 
be calculated as follows: 
 

     Lµ(y, z) = 
 (y-z)µ     , y ≥ z  

(5)
 

 (z-y)(1-µ)     , z > y 

where y is the real data, z is the predicted value and µ is the target 
quantile (µ = 0.95). 
 Table 4 presents the forecasting results using SMA 
and WMA, based on the real infection data for Riyadh, Jeddah 
and KSA. Table 5 shows the forecasting results using various 
values of a. 
 The average values indicate that WMA and ES have 
close forecasting results. ES results are slightly better than WMA 
while both ES and WMA record better results than SMA method. 

 
Table 4. SMA and WMA average PLF for 36 days in Riyadh, 

Jeddah and KSA 

Period
 SMA   WMA  

Riyadh Jeddah KSA Riyadh Jeddah KSA 

1 29.327 23.237 45.681 29.327 23.237 45.681
2 25.131 24.047 61.129 26.132 22.842 55.257
3 26.452 26.271 77.788 26.340 24.787 69.167
4 26.934 27.598 94.506 26.103 31.475 83.531
5 28.862 28.217 110.98 26.993 27.235 98.231
6 31.054 29.852 127.19 28.548 28.633 112.98
7 32.942 31.569 143.02 30.224 30.093 127.61
8 34.645 33.544 158.66 32.320 31.635 142.30
9 35.953 35.079 173.98 34.293 33.436 156.96
10 37.619 37.060 188.98 36.441 35.386 171.66

Avg. 30.892 29.647 118.19 29.672 28.876 106.34
 

Table 5. ES average PLF for 36 days  
 ES 

(Riyadh) 
ES 
(Jeddah) 

ES 
 (KSA) 

0.1 45.969 49.925 284.92
0.2 33.815 35.143 170.54
0.3 28.682 29.024 120.54
0.4 26.429 26.251 93.670
0.5 26.014 24.716 77.012
0.6 26.112 23.479 65.990
0.7 26.583 22.776 58.091
0.8 27.385 22.451 52.311
0.9 28.363 22.796 48.084
Avg. 29.928 28.507 107.90
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5. Conclusion 
 

In this paper, we investigated the problem of COVID-19 
pandemic spread in Saudi Arabia under different practical 
scenarios. For this purpose, we created a new forecasting 
simulator model that follows the random and actual data trends 
of COVID-19 spread in two major big cities in Saudi Arabia, 
namely, Riyadh and Jeddah. Based on the simulation results for 
the different scenarios, this work showed that controlling some 
parameters, such as the infection rate and the movement of the 
population during the day, can play a crucial role in reducing the 
number of infected persons. Hence, the obtained results will 
contribute to raising the awareness of the public and officials of 
the seriousness of the pandemic spread. 
 Based on the simulation results and the regression 
analysis of the real data collected, it seems that the infection 
curve is not going to flatten soon, therefore, we recommend the 
officials to take more strict steps towards reducing the movement 
of the public and increasing the hygienic standards. The proposed 
simulator can be used by the Saudi officials to help control and 
fight the pandemic spread of the COVID-19, and to provide a tool 
to help in managing the emerging crises caused by the spread. 
 Besides, the developed software can be used by other 
countries for the same purposes provided it is customized to the 
local parameters. While the challenge involves forecasting the 
confirmed cases and fatalities, another advantage of this 
simulation is that it can be used for education. Using the provided 
graphical interface, the students at schools and universities and 
public, in general, will learn about the factors that cause the 
spread of the virus grow faster. 
 Polluting one point with a specific radius every day 
is not enough to spread the virus in the tendency of the real-life, 
and according to the regression results that we analyzed based on 
the reported cases. Therefore, we are thinking of polluting the 
whole track used by an infected subject each day and keeping it 
polluted for the next n days. This will increase the number of 
infected cases and allows our simulator to follow the same pace 
of the virus spread. This modification will be left for our future 
work, in addition to the investigation of more parameters, such as 
the use of cars and transportation within and between cities, and 
the consideration of multi-populations. 
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