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Abstract

Chikungunya is one of the Aedes aegypti diseases that mosquito transmits to humans and that are common in tropical coun-
tries like Yemen. In this work, we formulated a novel dynamic mathematical model framework, which integrates COVID-19
and Chikungunya outbreaks. The proposed model is governed by a system of dynamic ordinary differential equations (ODEs).
Particle swarm optimization was employed to solve the parameters estimation problem of the outbreaks of COVID-19 and
Chikungunya in Yemen (March 1, 2020, to May 30, 2020). Besides, a bi-objective optimal control model was formulated,
which minimizes the number of affected individuals and minimizes the total cost associated with the intervention strategies.
The bi-objective optimal control was also solved using PSO. Five preventive measures were considered to curb the envi-
ronmental and social factors that trigger the emergence of these viruses. Several strategies were simulated to evaluate the
best possible strategy under the conditions and available resources in Yemen. The results obtained confirm that the strategy,
which provides resources to prevent the transmission of Chikungunya and provides sufficient resources for testing, applying
average social distancing, and quarrying the affected individuals, has a significant effect on flattening the epidemic curves

and is the most suitable strategy in Yemen.
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1 Introduction

Yemen is a country located in the southwest of Asia on
2000 km coastline, and it is considered one of the tropi-
cal countries. Therefore, infectious and seasonal diseases
are highly prevalent there, such as Aedes aegypti, Aedes
albopictus, dengue, Chikungunya, malaria, cholera, and
other infectious diseases. Recently, the Chikungunya virus
(CHIKYV) has spread in some areas, especially in Al-Hadi-
dah, Lahj and Aden. Spread of the Chikungunya virus coin-
cided with the COVID-19 pandemic, causing many deaths. It
is well known in epidemiology that Chikungunya is an infec-
tious disease caused by a virus of the Togaviridae family and
transmitted to humans by either the genus Aedes aegypti or
Aedes albopictus mosquitoes. COVID-19 is an infectious
disease caused by the virus SARS-CoV-2 of the Coronaviri-
dae family and transmitted to humans by infectious droplets
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of another human. Hence, most of the studies that addressed
epidemiological optimal control models focused on break of
the vector-borne using some intervention strategies.
Lately, several studies have been proposed to explore
optimal control models for infectious diseases including
Chikungunya diseases. Ruiz-Moreno et al. (2012) com-
bined stochastic model, which is related to season-based
mosquito vector dynamics with an epidemiological model,
to investigate the potential risk of Chikungunya entering
the US. Moulay et al. (2012) formulated an optimal control
problem for the Chikungunya model, which is controlled
by three time-dynamic variables: prevention and treatment
and vector breeding sites destruction. Yakob and Clements
(2013) addressed the Chikungunya outbreak in Réunion
2006, and Monte Carlo simulation is used in the sensitiv-
ity analysis study. Liu and Stechlinski (2015) discussed
the spread of CHIKV outbreak in Réunion with respect to
some time-varying parameters that are related to the rate
of breeding of mosquitoes in the rainy and dry climate and
the rate of dynamic contact between the mosquitoes and
the human. Agusto et al. (2016) developed a transmission
model with focusing on the influence of age on Chikungunya
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transmission. The population is classified into three age-
structured: Juveniles, adults and senior subcategories. Zhu
et al. (2018) employed the input—output polynomials with
QR decomposition to estimate the parameters of a CHIKV
transmission model. Liu et al. (2020) investigated the impact
of temperature and rainfall on the CHIKV model. Dodero-
Rojas et al. (2020) formulated a compartmental mathemati-
cal model, which was implemented in the city of Rio de
Janeiro in the period 2017-2019 on the Chikungunya epi-
demic. The basic reproduction number was estimated, and a
potential outbreak of Mayaro virus was predicted. Moreover,
a number of different intervention strategies were simulated
with the aim of reducing the number of infected individu-
als. The optimal control model was proposed for the Chi-
kungunya epidemic model in Gonzalez-Parra et al. (2020)
when Pontryagin’s maximum principle was utilized to solve
the optimal controls and to find the optimal final time. This
study was also carried out on real data in Colombia 2015.
The optimal control policies of the Chikungunya epidemic
model were presented through three time-varying variables
to control the spread of the CHIKV between humans and
vectors. The first time-varying variable related to educa-
tional awareness and personal protection through bed nets,
wearing full body clothing, and avoiding water stagnation.
The second time-varying variable relied on the impact of
the treatment of infected individuals. The third time-varying
variable related to spraying insecticides in order to reduce
mosquito population to reduce the proportion of the infected
individuals. (Ali et al. 2020) presented a clinical study on the
Chikungunya outbreak in Yemen (March 2020-May 2020).

On the other hand, this year, coinciding with the outbreak
of the COVID-19, many studies have emerged that addressed
the epidemiological model of COVID-19. (Abbasi et al.
2020) proposed a dynamic of SQEIAR Susceptible, Quar-
antined, Exposed, Infected, Asymptomatic, and Recovered
individuals model considering two time-varying variables
to control the outbreak: quarantine and treatment. Besides,
they used Pontryagin’s maximum principle to solve the opti-
mal controls model. Kouidere et al. (2020) considered three
actions to control the COVID-19 outbreak, i.e. prevention,
quarantine, and treatment. Also, Pontryagin’s maximum
principle utilized and analyzed the model. The Susceptible-
Exposed-Asymptomatic-Infected-Removed (SEAIR) model
was expanded to include the perished class due to infection
with COVID-19 in Tsay et al. (2020). Social distancing,
quarantining, and availability of testing kits were used as
time-dynamic variables for dynamic optimal control. The
aim of the optimization problem was to minimize social
and economic costs provided that the size of the epidemic
remains under a given epidemic peak value. The optimal
control model was solved directly by Python by considering
the discretization of time domain into one finite element per
day. Morato et al. (2020a, b) proposed epidemic models of
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COVID-19 with respect to the real data from Brazil. Social
distancing was investigated as the time-varying parameter
for controlling the optimization model. Ullah and Altaf
(2020) formulated a mathematical model to explore COVID-
19 in Pakistan, presenting a mathematical analytic study.
The parameters were estimated using a least square fitting
method. Moreover, two actions were investigated for control-
ling the epidemic, namely, quarantine, and hospitalization.
Also, some articles addressed the optimal distribution of
vaccines, such as Narayanamoorthy et al. (2021), Hezam
et al. (2021b) or discussed the humanitarian response plan
for high-priority countries as an optimal distribution model
(Hezam 2021a).

There are a number of epidemiological models in the lit-
erature that try to describe the co-infection models. Samat
and Ma’Arof (2014) presented a stochastic susceptible—infec-
tive-recovered (human); susceptible—infective (vector) SIR-
SI model to estimate the relative risk of Chikungunya and
dengue infection in Malaysia. They determined the high-risk
and low-risk area of Dengue and Chikungunya, which can be
employed for the prevention and control of both outbreaks.
Kumar et al. (2019) studied the Chikungunya, dengue and
zika outbreaks in Mexico 2015-2016. They estimated the
parameters for each virus. Besides, they presented some
strategies based on isolation and self-protection factors to
control the outbreaks. Aldila and Agustin (2018) proposed a
transmission model of dengue-Chikungunya coinfection and
presented the mathematical analysis and numerical simula-
tion. In Isea and Lonngren (2016), transmission dynamics
models were developed of Dengue, Chikungunya and Zika,
including the possibility of a dual-infection of any two infec-
tious diseases in the same population. Musa et al. (2020)
proposed a co-infection transmission dynamics model for
Chikungunya and dengue. The model was implemented on
real data from India and a study of sensitivity analysis for
model parameters was presented. An interesting study was
presented in Jindal (2020), in which the authors investigated
the effect of the lockdowns due to COVID-19 on outbreaks
of mosquito-borne diseases, including dengue, Chikun-
gunya and malaria. They found that the risk and severity
of the outbreak increased with lockdowns. Hezam et al.
(2021a) addressed the COVID-19 and Cholera coinfection in
Yemen 2020. Four time-dynamic variables were investigated
to show its impact on epidemics curbing: social distanc-
ing, quarantine, test kits availability, rate of the population
able to access to pure water. Also, some studies discussed
the interactive COVID-19 with other outbreaks like den-
gue (Lam et al. 2020), HIV (Doungmo Goufo et al. 2020),
Ebola (Zhang and Jain 2020), or the impact of COVID-19
pandemic on TP patients (Marimuthu et al. 2020), or on
unemployment problem (Hezam 2021Db).

Limited studies have been carried out with respect to
solving the epidemiological models using metaheuristic
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algorithms. Yan and Zou (2008) used genetic algorithm to
find sub-optimal solution of the optimal control in SARS
epidemics. Florentino et al. (2014) employed genetic algo-
rithm to solve multi-objective optimal control models
derived from a dynamical model of dengue virus epidemic.
Florentino et al. (2018) also used genetic algorithm to solve
the optimal control model that aims to reduce Aedes mos-
quitoes through preventing breeding or spreading insecti-
cides. Chaikham and Sawangtong (2018) used differential
evolution to solve the optimal control model applied to curb
the Zika virus outbreak. Rahmalia and Herlambang (2018)
applied artificial bee colony algorithm to find the optimal
weights of objective function in optimal control derived from
Influenza epidemic models. In Akman et al. (2018), particle
swarm optimization was employed to solve the parameter
estimation problem in ordinary differential equations. Putra
and Mu (2019) used particle swarm optimization to esti-
mate the parameters, then Euler method was used to solve
Susceptible, Infected and Resistant (SIR) models. Kmet and
Kmetova (2019) introduced two approaches for solving the
optimal control model, i.e. the direct method and the indirect
method. The direct methods were based on collaborating
Bernstein—Bézier parametrization for control variables, in
addition to invasive weed optimization algorithm and par-
ticle swarm optimization for solving the optimal control
model, while Pontryagin’s maximum principle and the nec-
essary conditions of optimal control model are the indirect
methods. Windarto et al. (2020) employed particle swarm
optimization to estimate the parameters of dengue transmis-
sion model. Lobato et al. (2020) applied stochastic fractal
search algorithm to solve both parameters estimation prob-
lem and multi-objective optimal control model of COVID-
19 outbreak in China. Mahmoodabadi (2020) used PSO to
find the unknown variables in the epidemic model, compar-
ing it to other classical methods. Yousefpour et al. (2020)
used a genetic algorithm to solve the multi-objective opti-
mal control model of COVID-19 outbreak. Besides, some
control strategies were discussed and analyzed, which can
contribute to curbing the COVID-19 epidemic. Similarly,
in Okuonghae and Omame (2020), social distancing, use
of face mask and case detection of COVID-19 outbreak in
Nigeria were the investigated actions. Salgotra et al. (2020)
used Genetic Evolutionary Programming (GEP) to predict
confirmed cases and death cases of COVID-19 in 15 worst
affected countries in the world for the period (February 1st,
2020, to last of May 2020. He et al. (2020) employed PSO
to estimate the parameters of the SEIR model based on real
data from Hubei province. A similar study, Abdallah and
Nafea (2021), used PSO to estimate the parameters of the
SEIQRD model and predict the COVID-19 outbreak in Italy.

However, up to the time of writing this paper, no study has
formulated a mathematical model of the coinfection COVID-
19 and Chikungunya. The contributions of this work are as

follows. Firstly, the present study formulates a new dynamic
transmission model of the coinfection COVID-19 and Chi-
kungunya. Secondly, PSO will be used to estimate the param-
eters based on historical data for both infections in Yemen
from March 1, 2020, to May 30, 2020, and also to predict the
trajectories of both outbreaks for one year. Thirdly, we present
an optimal control model that includes two objective func-
tions: minimizing the expected cumulative number of infected
people for COVID-19 and Chikungunya, and minimizing the
total cost associated with the intervention strategies. The opti-
mal solutions of the optimal control model will be found also
by PSO. Fourthly, we investigate the sensitivity of the time-
dynamic inputs of the optimal control by evaluating a novel
set of control strategies. The focus is on time-dynamic inputs
related to lockdown, social distancing, test kits numbers, per-
sonal protection and insecticides and larvicides to fight mos-
quitoes. These five actions are used to identify the optimal
strategies that contribute to infection mitigation. Lastly, all
the strategies are carried out for COVID-19 and Chikungunya
outbreaks in Yemen to determine the suitable optimal strategy
in Yemen under the conditions and available resources.

The remainder of this work is organized as follows. In
Sect. 2, we discuss the co-infection model formulation. PSO
is presented in Sect. 3, while the estimated parameters are
discussed in Sect. 4. In Sect. 5, we provide the optimal control
model and its analysis. In Sect. 6, we discuss several strate-
gies. Finally, in Sect. 7, we summarize and conclude the work.

2 Model formulation

To describe the co-infection dynamics of COVID-19 and
Chikungunya, the dynamical compartment model includes
both human and mosquito population. The human popula-
tion will be divided into sixteen different epidemiological
classes, while mosquito vector will include three classes.
Descriptions of the present classes with associate parameters
are defined in Tables 1 and 2, respectively.

The classes of human population are
S, E (1), A (1), 1,(2), R, (1), P, (2), Ipo (1), E5(1), Ay (1),
L), Ry(1), Py(0), I g(0), 115(1), Ry»(2) and Py, (¢) correspond
to the number of individuals in the sixteen epidemiologi-
cal classes at time ¢. The total human population at time ¢,
denoted by Ny(¢), is given by:

Ny =85@) + E\ () + A (1) + 1,(0)
+ Ry (1) + P (1) + Iy (1) + E5(2)
+A5(0) + L(1) + Ry (1) + Py (1)
+ 11g(0) + 115() + Ry5(1) + Py,(1)
Moreover, the classes of mosquito vector population are

X(1), Y(t), and Z(f) where the total mosquitoes’ population
at time ¢ is given by:
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Table 1 Description and initial values of model variables

Variables Description Initial conditions Source

Ny Total population size of humans 29, 825, 964 (Worldometers 2020)
Sy Number of susceptible humans to both COVID-19 and CHIKV Ny Assumed

E, Number of humans exposed to COVID-19 [0, Ny % 10_6] (Tsay et al. 2020)

A Number of asymptomatic COVID-19 individuals 0 Assumed

I Number of COVID-19- infected individuals 0 Assumed

R, Number of recovered from COVID-19 individuals 0 Assumed

P, Number of perished with COVID-19 individuals 0 Assumed

I, Number of infected to CHIKYV after recovery from COVID-19 0 Assumed

E, Number of humans exposed to CHIKV 0 Assumed

A, Number of asymptomatic CHIKV individuals 0 Assumed

1, Number of CHIKYV infected individuals 0 Assumed

R, Number of recovered from CHIKYV individuals 0 Assumed

P, Number of perished with CHIKYV individuals 0 Assumed

Lig Number of infected to COVID-19 after recovery from CHIKV 0 Assumed

1, Number of dually infected with both COVID-19 and CHIKV 0 Assumed

R, Number of recovered from both COVID-19 and CHIKV 0 Assumed

P, Number of perished by both COVID-19 and CHIKV 0 Assumed

N, The total population of mosquitoes [103’ L% 104] (Sanchez et al. 2018)
X Number of susceptible mosquitoes to CHIKV [103, 5% 104] (Sanchez et al. 2018)
Y Number of mosquitoes exposed to CHIKV 0 (Sanchez et al. 2018)
VA Number of CHIKV-infected mosquitoes 1 (Sanchez et al. 2018)

N, (1) = X(0) + Y(1) + Z(0) RO _
dt
The structure schematic diagram of the compartmental
COVID-19- Chikungunya co-infection model is illustrated dP, (1)
in Fig. 1. “ar
The proposed co-infection model is described by the fol-
lowing dynamic differential equations system.
dlpy(2)
(1—uy () (1= uy(0) dt
—E O+ ——F4L0)
das() Ny Ny
@ (1= uy(0)) 0 dlp@
N—Ez(t)(l — us(1)) Z(t) + oy, dt

H

+ u R () + iRy (1) + ppR 15 (8) + uNy

=, (A1) +1,(1)

= AR (1) — 01 gy (1)

=a,8(1) + 6, (A, (1) + I, (1))

+ 8, (A1) + L(0) = (013 + @15 I15(0)

B (Al(t) +[1(t)) - (/41 + Al)Rl(t)

)]
dE,(t) (1—u,(0) (1= uy(0)) % = 011y (1) + 0L (1) + V15115 (1) — U1 R H(0)
l = ——————————
a7 N, E @)+ N, I(2) )S()
= (1= @) E\() - @0, (1) dPZ(t) = wypl1(0)

dA
dlt(t) = (1= @)) 0 E (1) = (8) + us(t) + B; + @, ) A, (1)
3)
al(t
cll_:) = 104,00 + @0, E\(0) = (8, + B + @ ) [, () (4)
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Table 2 Parameters description and their values

Parameters Description Value (range) Reference

]f"“k The peak limit of the infected individuals with COVID-19 [104’ 28 X 106] Assumed

Ige“k The peak limit of the infected individuals with CHIKV [104, 28 X 106] Assumed

Zpeak The peak limit of the infected mosquitoes [1()4’ 1()5] Assumed

u, (1) Time-dynamic function to measure the social distancing rate [0.05,0.5] (Tsay et al. 2020)

uy (1) Time-dynamic function to measure the quarantining rate [0.01,0.3] (Tsay et al. 2020)

us(1) Time-dynamic function to measure the testing rate [0.1,0.3] (Tsay et al. 2020)

uy(1) Time-dynamic function to measure the personal protection rate [0.2,1] Assumed

us(1) Time-dynamic function to measure the ratio of used the insecticides and [0.2, 1] Assumed

larvicides for reducing the mosquitoes population

a, Rate of exposed to CHIKV 0.0209 Estimated

a Transmission rate of COVID-19 0.09 Estimated

a, Transmission rate of CHIKV 0.0780 Estimated

a5, Rate of dually infected with both COVID-19 and CHIKV 0 Assumed

a3 Rate of mosquitoes exposed to CHIKV 0.3574 Estimated

@, Rate of infected to COVID-19 Asymptomatically-Symptomatically 0.55 Estimated

®> Rate of infected to CHIKV Asymptomatically-Symptomatically 0.5 Estimated

6, Rate of infected to CHIKV of COVID-19 patient 0 Assumed

6, Rate of infected to COVID-19 of CHIKYV patient 0 Assumed

b, b Recovery rate from COVID-19 and CHIKYV respectively 0.0964, 0.98 Estimated

@), 0, D)y Death rate from COVID-19, CHIKV and both respectively 0.0974, 0.0127, 0.0889 Estimated

His Moy Hip Susceptible for COVID-19, CHIKV and both again 0.0889,0.09,0.07 Estimated

A Infected rate by CHIKYV after recovered from COVID-19 0 Assumed

Ay Infected rate by COVID-19 after recovered from CHIKV 0 Assumed

A3 Rate of mosquitoes infected to CHIKV 0.5 Estimated

v, Recovery rate of COVID-19 and CHIKYV sequentially 0 Assumed

v, Recovery rate of CHIKV and COVID-19 sequentially 0 Assumed

01y Recovery rate of both COVID-19 and CHIKYV simultaneously 0 Assumed

O (1 et (524 Brroi (12 L X0 (a1 10) (40 + 10) "

= Y(0)(p3 + A3 + us(0))

dI;El) = @0, Ex (1) = (85 + By + 0,) [ (1) (13) iz
— = MY = (3 +us(®))Z(0) (19)

@ =B (A(0) + L(0) = (1 + A Ry(1) (14) Equation (1) defines all susceptible humans’ populations
for both COVID-19 and Chikungunya infections. We will
consider that the total population in Yemen, including those

@ = w, ( A1) + Iz(t)) (15) individuals recovered from any infectious, are susceptible

dt to infection with COVID-19 or Chikungunya infections, or

both, in varying proportions. Four times-variant variables

dl g(0) = JoRy(t) — vy, (1) (16) @€ sug.gested to rejdl.lce the susceptible .individuals: social

dt distancing, quarantining, personal protection and rate of pes-

ticides that are used to kill mosquitoes. u, (f) and u,(#) which

ax() _ correspond to the social measures taken during the course

py = X0 (a3 (1 = uy () (A, () + L(0)) + 3 + us(1))
a7

dt

of the COVID-19 pandemic. u, (¢) refers to the control rate
of social distancing of the exposed individuals. u,(¢) refers to
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Fig. 1 Schematic diagram of the compartmental Chikungunya and COVID-19 co-infection model

the control rate of the quarantine of the infected individuals.
On the other hand, u,(f), and us(f) correspond to the meas-
ures taken during the course of the Chikungunya pandemic.
The time-dependent input u,(f) measures the personal pro-
tection from CHIKYV through education and awareness from
the risk of CHIKV and how to protect yourself and your
family using mosquitoes’ nets, wearing long clothes and not
exposing the body to mosquitoes’ bites. us(¢) refers to the
control rate of using the insecticides and larvicides to fight
mosquitoes. Equation (2) describes the individuals exposed
to COVID-19. This epidemiological class includes a fraction
of susceptible individuals minus infected individuals with
COVID-19, irrespective of the fact that they have symptoms
or not. Equation (3) describes the individuals infected with
COVID-19 that are asymptomatic or unconfirmed. The indi-
viduals for this epidemiological class come from the exposed
class at arate of (1 — ¢, )a;. This class will be left, either by
confirmation of COVID-19 infection through a screening
test, by direct recovery, by direct perished due to COVID-19
infection, or by co-infection at a rate of §,. This epidemio-
logical class contributes to spreading infection in a latent
way, so our aim in this work is to reduce the number of the
individuals of this class by increasing the level of test kits
for the largest possible rate of the exposed individuals. The
screening level is measured by a time-dependent parameter
us(t). Equation (4) describes the confirmed infected indi-
viduals who have been tested. The individuals of this class
come directly from the exposed class at a rate of ¢, or by

@ Springer

confirming the asymptomatic individuals at a rate of u(z).
This epidemiological class will be left either for recovery at
arate of f;, for death at a rate of w,, or for co-infection at a
rate of 6,. Equation (5) describes the individuals who have
recovered from COVID-19 with or without symptoms. This
class is increased by the recovery of the individuals affected
with COVID-19 of both classes at a rate of ;. Also, this
class is decreased by infection with Chikungunya at a rate
A, or again infection by COVID-19 at a rate u;. Equation (6)
describes the individuals perished due to COVID-19 at a
rate of w,. Equation (7) represents the individuals who have
recovered from COVID-19 but are still susceptible to Chi-
kungunya. This class is increased by recovering the individu-
als infected with COVID-19 and still susceptible to CHIKV
at a rate of 4,. It is decreased by recovery from both diseases
at a rate of v;. Equation (8) characterizes the individuals
infected with both COVID-19 and Chikungunya diseases,
either consecutively or simultaneously. The inputs of this
class come from either the infection of susceptible individu-
als or if a patient with one infection becomes infected of
the other infection at rates a,,, §;, and 6,, respectively. It is
decreased by the individuals’ recovered at a rate of v, or
individuals’ death at a rate of w,,. Equation (9) describes
the individuals recovered from both COVID-19 and Chi-
kungunya diseases, either consecutively or simultaneously.
It is increased when infected individuals recover from Chi-
kungunya, COVID-19, or both at rates of v;,v,,and v,,,
respectively. It is decreased by natural death or by being
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susceptible to both infections at a rate of y;,. Equation (10)
describes the individuals perished due to both COVID-19
and Chikungunya diseases at a rate of w,.

Equation (11) defines the individuals exposed to Chi-
kungunya. This epidemiological class includes a fraction
of susceptible individuals minus infected individuals with
Chikungunya, with or without symptoms. The time-dynamic
variables u,(f) and us(f) are being entered to control the
number of the exposed individuals to Chikungunya. Equa-
tion (12) describes the individuals infected with Chikungu-
nya who are asymptomatic or unconfirmed. The individu-
als for this epidemiological class come from the exposed
class at a rate of (1 - (p2)a2. Leaving this class is carried out
with four possibilities, either by confirming the individuals
infected with CHIKYV by testing, by direct recovery, by direct
death due to Chikungunya, or by co-infection. Equation (13)
describes the individuals infected with Chikungunya. The
individuals of this class come directly from the exposed class
at a rate of @,a,. Leaving this class also carried out three
possibilities, either by recovery at a rate of f,, or death at a
rate of w,, or for co-infection at a rate of 6,. Equation (14)
defines the individuals recovered from Chikungunya at a rate
of f,. This epidemiological class is decreased by returning
to being susceptible to coinfection or COVID-19 at rates of
H, and A,, respectively. Equation (15) describes individuals’
deaths due to Chikungunya at a rate of w,. Equation (16)
describes the individuals recovered from Chikungunya but
are still susceptible to COVID-19 at a rate of 4,.

On the other hand, the last three equations describe mos-
quito vectors. Equation (17) determines all the susceptible
mosquito populations. Equation (18) describes the exposed
mosquito. This epidemiological class increases when the
mosquito bites a person infected with Chikungunya at a
rate of ;. Equation (19) describes all the infected mosquito
populations. This class is the most dangerous class in the
spread of the virus among humans. However, time-dynamic
variables u,(¢) and u5(¢) are used to control of the number
of the mosquitoes in these classes. u,(f) controls the num-
ber of the individuals infected with Chikungunya and thus
reduces the number of the infected mosquitoes. us(¢) is used
to eliminate mosquito colonies or larvae and eggs as a whole
by using pesticides as well as not to create a fertile environ-
ment for mosquitoes to breed. Overall, the parameters in this
work are divided into three categories. The first category of

parameters includes time-varying inputs that reflect levels
of measures taken during the course of the COVID-19 and
Chikungunya pandemics. Social distancing, quarantining,
COVID-109 test kits, personal protection from Chikungunya
using mosquito nets, and wearing long-sleeved shirts and
pants as well as insecticides and larvicides to fight mos-
quitoes are the five parameters in this category. The second
category of parameters includes values that need to be esti-
mated from real data collected from Yemen such as trans-
mission rate, recovered rate, and death rate. The third cate-
gory of parameters includes values taken from the literature.

3 Particle swarm optimization

Particle swarm optimization is a metaheuristic algorithm
based on the principles of behavior of flocks of birds, fish
schooling, or insect swarms for finding food positions. This
algorithm was developed by Kennedy and Eberhart (1995).
The optimal solution of the given function is the swarm posi-
tion that can be calculated using the following equation:

T

Vw1 = %% T Ve (20)
where x is the particle position, and v is the velocity of the
particle that are given in the following equation:

P i ;
Vigl =0V, +C1 07, <x(Pbest)k - xk)
. A 2D

1 l
ten (X(Gbest) - xk)

where w is the inertia weight, ¢,, ¢, are coefficients that indi-

cate the swarm’s ability level to the cognitive of personal
. l .

and social successes,y;, y, € rand(0, 1), X phesii 15 the per-

sonal best solution of swarm position, and x’ is the
(Gbest)

global best solution for all swarms and for all iterations as
well. Table 3 report the parameters of PSO that are used in
this work. Besides, the PSO pseudo-code is expressed in
detail by the following algorithm:

Table 3 PSO configuration parameters

Parameter NP Max_iter o c cy

Value 1000 200 0.75 1.5 2
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Algorithm 1 PSO

Start

Input: set the parameters (population size NP, dimensional D, Xpyax Xmin, Max_iter, Viax, Vinins

w, €y, Cy.

Initialize uniformly randomly the particles positions and velocities.

While iter < Max_iter do
Fori=1:NP do
Generate y4,7;
Update velocity using the equation (21)
Update the position using the equation (20)

Calculate the fitness of each particle position from the given problem

Find the xppest Solution
End for
Find the x;pest solution
iter = iter +1

End while

Return the best solution

End

4 Parameter estimation

In this section, the parameters estimation problem is solved
by using PSO. The real data on COVID-19 and Chikungunya
outbreaks in Yemen during the period March 1, 2020 to May
30, 2020 are used to solve the parameters estimation prob-
lem. The COVID-19 data were taken from the Center for
Systems Science and Engineering (CSSE) at Johns Hopkins
University (https://github.com/CSSEGISandData/COVID-
19). The Chikungunya data were obtained from health
officials in Yemen. Since the Chikungunya data in Yemen
were recorded weekly, we considered the data for both
diseases weekly, not daily.

The mean squared error (MSE) between the historical
data and the predicted data is minimized using the PSO,
where the Eq. (22) is used as the fitness function in PSO.

N
min £y = )" wpx; — §(0)° (22)
=0

where w, represents normalization weights and x;andX; rep-
resent the number of each epidemiological class and its pre-
dictions, respectively. Table 1 reports the mean and standard
deviation (Std.) of the estimated parameters for Yemen dur-
ing the period (March 2020-May 2020).

For brevity, only one of the experiments, which were car-
ried out during solving the parameters estimation problem,
is discussed and shown in Fig. 2. The first panel displays
simulations for all human classes of historical data and the
data calculated using the system of Egs. (1)—(19). The sec-
ond panel shows the estimated trajectories of time-dynamic
functions, and the rest of the panels illustrate the infected,

@ Springer

death, and recovered for both the COVID-19 and CHIKY,
while the last panel shows the trajectory of the mosquito
vector obtained from simulating the system (1)—(19). It’s
clear from the panel of infected with COVID-19 that the
end of the epidemic is not coming soon, while the CHIKV
epidemic curve will come back down faster as shown in the
panel of infected with CHIKV. Also, from the same panel,
the curve fitting does not exactly match the historical data,
but the predicted data are still logical. We can see from
the panels of the death and recovered individuals for both
infections the cumulative numbers continue to increase over
time. Besides, the panel of the mosquito populations con-
tinues to decrease by the passage of time, which explains
the effectiveness of pesticides and the different seasons as
well. On the other hand, we can clearly see in panels 3 to
9 that the curves obtained using PSO are more fitness than
those obtained using Pyomo optimization modelling. This
confirms that the proposed algorithm is effective.

5 Optimal control problem

The basic principle of the proposed optimal control model
is to curb epidemic outbreaks by breaking the link between
the epidemic vector with individuals through time-dynamic
interventions, so that the number of infected individuals is
reduced as well as the detection of infected individuals with-
out symptoms by increasing test kits and then isolating and
treating affected individuals. Moreover, minimizing the cost
associated with optimal control is another goal for decision
makers. Five control functions, i.e. u; (f), u,(?), u5(t), u,(¢) and
us(1), are considered in this work. The first control function
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Fig.2 The result of simulation for all human classes, the estimated
trajectories of the time-dynamic functions, and analysis and week-
wise prediction using the proposed system. The real data represented
by the black dotted, the red dotted lines represent the fitting line from

u,(?) represents the control rate of the social distancing.
This variable can be applied to the whole society by rais-
ing awareness and obliging individuals to wear masks, per-
sonal protection, hygiene and spacing between individuals
at least a meter distance, and this, in turn, contributes greatly
to breaking the chain of transmission between humans for
COVID-19 directly and also indirectly contributes to limit-
ing the transmission of the Chikungunya. By increasing the
control rate of this variable, the number of people who are at
risk of infection decreases. The second control function u,(f)
indicates quarantine and insolation rates. It is easy to apply
isolation of individuals who are confirmed to be infected, but
it is difficult to implement quarantine on a large scale, espe-
cially in Yemen, where most of the population live on daily
wages. Hence, comes the importance of the third variable
u3(t), which is to increase the number of tests. It is possible
to discover infected individuals without symptoms and work
to isolate and treat them, which contributes to curbing the
spread of COVID-19. The fourth variable u,(¢) refers to the

Time (weeks)

Time (weeks)

the proposed system, the predicted data using PSO represented by
the red solid lines, and the predicted data using Pyomo optimization
modelling represented by the blue solid lines (color figure online)

rate of personal protection through protective clothing and
the rate of awareness and education of the risks of infectious
diseases by mosquitoes including CHIKV. Increasing the
rate contributes to reducing the infected individuals with
CHIKV. The fifth variable us(¢) indicates the importance
of purity of the surrounding environment, the seriousness
of the swamps, and the fertile places for mosquito breed-
ing. Increasing the use of pesticides contributes to killing
mosquitoes and reduces the transmission rate of CHIKV
to humans.

Two objectives are proposed in this work. The first one
is to minimize the infected individuals with each infection
or both. The second one is to minimize the cost associated
with optimal control strategies.

t

,
J 2 ,(0) + 2,1,(0) + 2311,(1)

fo

h (23)

= min
1 (0).1,(1).115(7)
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i 2 2
= min A(u(2))” + Blu,(t
5 ul<t>,uz(z>,u3<t>,u4(t),u5<t>,{ ()" + B(u(0)) on

+C(uy(0) + D(ug®)” + E(us0))’

(1-19)
max L(7) < ek L=1,1,2Z (25)
u,(t) € [0.05,0.5] (26)
u,(1) € [0.01,0.3] 27
u5(t) € [0.1,0.3] (28)
uy(t) € [0,1] (29)
us(t) € [0, 1] (30)

The objective function in Eq. (23) minimizes the number
of the individuals infected with COVID-19, CHIKYV, and
both. The objective function in Eq. (24) represents the cost
associated with the optimal control strategies. The dynamic
differential Egs. (1)—(19) are also included as constraints
of the optimal control model. Constraint (25) defines the
maximum limit of the infected individuals for each infection
and the peak value of the infected mosquitoes as well. The
constraint bounds (26)—(30) define the ranges of the time-
dynamic parameters, where z;,2,,23,4,B,C, D, and E are
weight coefficients. The optimal control model is assumed
during the full-time horizon [to, tf], where I is 52 weeks.

The summarized steps of the present work are given as
the following:

There are two approaches to solve the above optimal con-
trol model, namely, indirect methods such as mathematical
analysis and direct methods such as PSO. In this work, we
use the PSO to solve the optimal control model. Before we
solve it using PSO, we briefly illustrate the mathematical
analysis to prove the theorem of the solution.

In mathematical (indirect) methods, Pontryagin’s maxi-
mum principle is used to solve the optimal control model,
through driving the Hamiltonian function and defining the
necessary conditions for the optimal control. The optimal
solution of the control model is (1} (£), u} (1), w} (1), u (1), (1))
in which

I (w5 (0), (1), wy(0), (1), i (D))
N I (w0, (1), uy (1), uz (1), uy (), us (1)) (31)

|1 (0, uy (), u5(0), uy (D), us(t) €Y |
where W = (g (1), uy(0), u5(2), uy (1), us(t)) and
0<u; () <05, 0<u,(®)<03, 0=<uy(t)<03,
0<u()<l,and0 < us(r) <1

The Hamiltonian H is defined as:

H=z,1,(t) + 2,1,(t) + 231}, (¥)

+A(u, (1) + B(uy(0)’

+ C(u30)” + D(uy(1)’

19
+E(us(0)* + Y, Mg,
=1

where M, is an adjoint variables, which corresponds to each
g; that represents the right-hand side of the system Eqgs.

(D-(19).

Algorithm 2: Procedure steps to solve optimal control model using PSO

Start

Input data of both epidemics.

Input the parameters values of PSO.
Select the strategy.

Justified the range of the time-dynamic variables based on the selected strategy.
Call PSO to solve the parameters estimation problem (22)

Report the obtained parameters values to use for solving the optimal control model.
Call PSO to solve the optimal control model in (23)-(30).

Keep the best solution.
End
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H =2,1,(0) + 21,(0) + 231,(1) + A (u, (1))

+B(u,0))” + C(us())” + D(uy () + E(us(0)’
MR (D) + U Ry (0) + pp R (1) + uNy

(1 - ”1(0) (1 - uz(f))
My N, E(n)+ N, 1, (1) »
(1= uy(®)

+aCN—E2(l)(1 - Ms(t))z(t) + (YT
H

<(1 _Nb:(t))El(t)'i' (1 _NL:([))Il(t)>S(t)
—(1 = @,)E\ (1) — @, E\ (1)
+ My, (1= @) Ey(0) = (6) +us(1) + By + @y )A; (1))
+M; (Ms(f)Al(t) + @0 E (1) - (51 + B + wl)ll (l))
+ Mpg, (B (A + 1,(D) = (uy + AR (D))
+Mp (@ (A[ )+ 1,D)) + M, (4R (1) = 0y (1))
M, (ale(t)+6l(A1(t) +Il(t)) >
2\ 46, (A, + (1) — (013 + @15 I15(0)
+ My (0o (8) + 0311 (D) + 015115 (0) = 1R (D))
My (nals) + My (xc—(l N”r(t))@(r)(l —us()Z(1S(1)
—(1 - (Pz>0‘2E2(t) — Py E5(1)
+M,, ( (1 - (Pz)“zEz(f) - (52 + 6, + wz)A2(f))
+M,, (020:E5(1) = (85 + B + ;) (1))
+ Mg (B, (A0 + L) — (1 + 42 Ry (1))
+ Mp, (0, (Ay(0) + L)) + M, (ARy(1) = vy1 (D))
+ My (13 = X(0) (a3 (1 = uy () (Ay (1) + L(0) + p3 + us(2)) )
+ My (X0 (a3(1 = uy(0) (Ax(0) + L)) = Y(0) (u3 + A3 + us()))
+ My (A3Y (1) = (5 + us(0)) 2(1))

(32)

Table

4 The estimated parameter values using PSO

Parameters a, a, a, o5

@,

(2]

4

Mean
Std

0.0209
0.0630

0.0900
0.1449

0.0780
0.1839

0.3574
0.0701

0.55
0.2415

0.5000
0.0000

0.5000
0.0000

Parameters @

@,

H

B

B>

Mean
Std

0.0974
0.0275

0.0127
0.0013

0.0889
0.1432

0.0900
0.1449

0.0700
0.0483

0.0964
0.0038

0.9800
0.0000
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where Mg, Mg, My, My, My, Mp, My, My .My .M, My,
MAz’Mlz’ MRQ, Mpz’Mlm’ My My, and M, are adjoint variables
or co-state variables.

My (tr) = My, (17) = My (17) = M, (1)
=My, (1) = Mp, (1) = My, (1) = M, (17)
=My, (1) = Mp, (1) = Mg, (1) = M, (1)

Theorem Given the optimal control =M, (t~)=MR (t)=MP (t)=M1 (t)
s € 5 € * . L \'f W\ L \'f iR\
ui (1), us (1), uy (1), w, (1), uz(r) and solutions iy (t)—M (t)—M (t)—O
S’El’Al’Il’Rl’Pl’IRZ’IIZ’RIZ’PIZ’EZ’AZ’]Z’RZ’PZ T YAy =z
i, X, Y and Z of the corresponding state system (1)— and
(19) that minimize J(u (1), up (1), u3(t), uy(0), us(?))
over Y. There exist adjoint variables uT(t)=min{1»maX(0,91)}
Ms’ MEI ’MAl ’ MII ’ MRI ’MPI ’ MIRQ’Mllz’ MRlz’ MPlz’ MEz’ u;(t) = min {1, max (O, 92) }
M, M, My ,Mp M, ,MyMy,and M, such that . .
o 2 ¥ IR u3(t)=m1n{1,max (0,93)}
—dM, _0oH (33) w}(f) = min {l,max (0, 94)}
dt al # .
u}(t) = min {1, max (0,Q;)}
where | = S,E Ayl Ry Pl T, R, Pro, By Ay b Ry Py
Jig, X, Y and Z with transversality conditions where
(MEI — Mg)E\()S(t)
Q) =
24N,
COVID-19 COVID-19 COVID-19
10000 Baseline 3500 Baseline Baseline gr=y
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Fig.3 Comparison of the simulation results of the control levels of strategy 1
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(Mg, = Mg)1;(nS(0)

@, = 2BN,,
M, —M, A
Q, = (M, 2C11) 1(0)
[ a,E>(1)(1 = us(0))Z()S() \ |
I A e
4 = E H
| +(MY - MX) (a3X(t)(A2(t) + Iz(f)))
[ @, Ey(1)(1 = uy () Z(1)S(1)
o -1 (Mg, — M) 201 N4 )
5 = E H
| +MyX(0) + My Y (2) + M, Z(0)

6 Numerical simulations

In this section, we investigated and analyzed the impact of
the five dynamic control measures, the peak limits, and the
coefficient weights of control measures in the objective func-
tion, which will determine the best strategy to curb the rapid
spread of both Chikungunya and COVID-19 in Yemen in
2020. The initial conditions that are used in all the strategies
of the present model are mentioned in Table 1. Besides, the
parameters that are needed for estimation are reported in
Table 4, and the other parameters are reported in Table 2. We
assume the weights A, B, C, D, and E are equal one all simu-
lations except when discussing the impact of their changes.
We also used the same limit peaks for all simulations except
when discussing the impact of limit peaks constraints. The
weighted method was employed to convert the bi-objective
optimization model into a single-objective optimization

(34)
Proof. See A dix A model. In addition, the dynamic differential equations sys-
rool. See endix A. . . . .
PP tem (1-19) was discretized using the orthogonal collocation
method with considering the time domain which consists of
weekly finite elements. Also, we used the penalty function to
CoVID-19 CovID-19 CovID-19
14000
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Fig.4 Comparison of the simulation results of two cases of strategy 2
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Fig.5 Comparison of the simulation results of two cases of strategy 3

the sake of brevity. The strategies are discussed in this work
as the following.

Strategy 1: In this strategy, we discussed three levels of
controls, which are max control, partial control and no con-
trol (baseline). In the max control level, the range of time-
» dynamic variables were 0.4 < u,(f) < 0.5,0.2 < u,(¢) < 0.3,

40 1 0.2 <us(¢) £0.3,04 < uy(r) £0.6,0.3 < us(r) < 0.5, while
were 0.2 < uy () £0.4,0.1 <u,y(1) £0.2,0.1 < us(r) £0.2,
20 - ' 0.3 <uy(r) £0.4, 0.2 < us(t) < 0.3 in the partial control
level. Here, the range of the inequalities for the u, (), u,(¢)
0o - and u,(#) means that a fraction of the population who imple-

2000 3000 4000 5000 6000 7000 8000

2

0 1000 ment these rules lies between the values of the left and right
sides of the inequalities. For u;(f), the rate of the availability
of screening tests for the individuals exposed with COVID-
19 is located between the boundaries of u;(f) inequality.

Also, the rate of using the insecticide lies between the values

Fig. 6 Trade-off curve of both functions for all cases

deal with the constraints. Then, the new optimization model
was be solved using PSO. It is worth mentioning here that
the proposed algorithm was implemented in Python 3.7.
Plus, the figures were omitted for each case, and only the
figures that are related to the comparisons were shown, for
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of the left and right sides of the us(¢) inequality. We also set
the coefficients of the time-dynamic variables equals zeros in
the objective function in the baseline (without control) level.
Figure 3 illustrates the compression of the max control,
partial control, and baseline levels for both infected, death,
the individuals recovered from COVID-19, infected, death,
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individuals recovered from CHIKV and infected mosques
vector throughout the simulated time. We can see that max
control comes in the first rank. It is more effective to reduce
the number of infected individuals and to decrease the time-
span of both epidemics, then partial control comes in the
second rank, and no-control (without control) level comes
in the last rank. It is normal to expect this ranking due to the
impacts of interventions through applying social distancing,
quarantine, detection of latent cases by providing test Kkits,
personal protection and use of insecticides, which in turn
reduces the number of individuals with both diseases. On the
other hand, the cost associated with max optimal control was
higher than the cost associated with other optimal controls.

Strategy 2: we concentrated on the effect of the limit
of the peaks in the constraint (25). Two cases were investi-
gated, i.e. small and large limit peaks. For infected humans,
the small limit of peaks was 10°> while the large limit of
the peaks equals the total of population in Yemen 29 x 10°.
The small and large limit peaks for the infected mosquitos
were 10* and 10° respectively. We also used the same range
of time-dynamic variables in all cases. As it is shown in
Fig. 4, the right-hand side values of limit constraints affect
all epidemiological classes. The number of individuals was
less when the limit constraints were small. We conclude that
the number of individuals can be reduced by decreasing the
right-hand side values of limit constraints and vice versa,
i.e., we can increase the number of individuals for all classes
by neglecting limit constraints. However, the cost associated
with small limit peaks was higher than the cost associated
with large limit peaks.

Strategy 3: In this strategy, we focused on the effect of
the combination of the coefficients of intervention vari-
ables in the second objective function, and whether or
not they will be reflected in the number of individuals in
the epidemiological classes. We investigated that in two
cases. In the first case, all the coefficients were equal one
A=B=C=D=F =1, and in the another case, A = 0.3,
B=0.1,C=04,D = 0.6, and E = 0.5. Figure 5 shows the
simulation of the two cases throughout the time horizon. It
is clear that the first case is superior to the other case in all
epidemiological classes. It is also known that the coefficients
of the intervention variables are the relative cost associated
with these interventions. Therefore, the more coefficient
values are, the higher the cost value is. Thus, as expected,
the cost of the first case (with coefficients are one) is higher
than the cost of the other case (with coefficients are less
than one).

Figure 6 shows the trade-off curve of both functions that
can be obtained when using different weights, w,f; + w,f,.

It can be concluded that we need some interventions to
curb the spread of the epidemics. These interventions depend
on the awareness of the community as well as its economic

capacity and response to implement them. It should be borne
in mind that some interventions cannot be applied such as
imposing quarantine and total closure, especially in poor
societies that depend on daily income. Hence, we recom-
mend that partial control is the closest and most appropriate
solution that can be applicable in the Yemen case, as it will
be more harmonious and compatible with other economic,
social, cultural factors outside the framework of this study.

7 Conclusions

In this study, an optimal control model with strategies of
COVID-19 and CHIKYV co-infection was investigated. First,
the state-space model was formulated, and then the parame-
ters were estimated for the outbreaks in Yemen for the period
(March 2020-May 2020). Critical epidemiological interven-
tions were identified, and their impact on the optimal control
model was investigated. The bi-objective optimal control
model aims to minimize the infected individuals and the
cost associated with the corresponding control. PSO algo-
rithm was used to solve the parameter estimation problem
and the optimal control model as well. Numerical simula-
tions clearly show the importance of the present optimal
control model for controlling epidemics, which may give the
government highlights to select the suitable strategies that
curb epidemics while simultaneously preventing economic
collapse. As a future suggestion, the introduction of uncer-
tainty to some parameters of the model can be considered.

Appendix A
In this appendix, we prove the theorem in Sect. 5.

Proof. By applying Pontryagin’s maximum principle to the
Hamiltonian H, we get the following adjoint systems.

aM, _ _oH

)

am I —u (0 I —uy(®
T[S=(MS_ME])<%E10)+%IIO)>

1 —uy(r)
+ (Mg — My, (a%

+ (Mg =My, oy,

Eyn(1 - u5(t))Z(t)>
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dMy, (1—u, (1)
= =(My —MEI)(N—ISU))

H
+(1- @1)“1(ME1 _MAI) Ty (ME1 _Mll)

am

WAI =M3(f)(MA, —M,]) + By (MAI _MRI)

+ o (My —Mp ) +6,(My —M, )

M, (1=uy(»)
dt, =—z + (Mg — M) (N—;S(t)>

+ By (M;, — My ) + o, (M; —Mp ) + 6 (M; =M, )

M

L =y (My, = M) + Ay (M, = My,,)
M,

a P
am,,

7 =0 (MIRZ - MRIZ)

am, |
dt

=4 + (MIIZ - MRlz)v12 + (MIIZ - MPlz)a)lz

dMy, | _ —0H
dt oR,

= (MR,2 - MS):“12

dMP12
dr

dM, (1 - uy(®)
o = Ms _1‘4‘52)(0“‘N—H4

+ (1 - @2)“2(ME2 _MAZ) + (1’2“2(ME2 _Mlz)

(1- us(t))Z(t)S(t)>

dM,,
7 =p, (MAZ - MRZ) + o, (MA2 - MPZ)
+6,(My, =M, ) + a;X(0)(1 = uy (1) (My — My)
+ Y0 (1 = uy (1)) (My — My)
M,
=gt Py (M, — M) + @y (M;, — Mp,)

+6,(M;, — M, ) + o X(0) (1 — uy(r)) (My — My)
+ A3Y() (1 — uy(0)) (My — M)
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Mrs o (M — M) + Ay (Mo — M
o7 —Mz( R, ~ S)+ 2( R, ~ I,R)
dMP2 0
dr
dMIm

d[ = DZ(MIIR - MRIZ)

M

TIX = (My(p3 + us®) = My) (a5 (1 = uy(®) (A0 + L))
dM

— =My (s + 25 + us(0) = 43My

(1= 1- E,(H)S
H

— My (p3 + us(0))
(35
We obtain the time-dependent function controls
wi(t), uk (), wi(), ut(t), ut(t w h e n
Q050150

aullfz) T 0uy(t) T Ous(t)  Ouy(r) = a;)iz) = 0. Then, we obtain
the following:
_ O0H _ E®. . . E®
0= D 2Au, (1) + M N, S(t) — My, > S(t)
_oH_ O 0
= 3,00 = 2Bu,(t) + M N, S(1) — Mg, N, S()
oH
= 2Cu; () — My Ay (1) + M, Ay (1)
_ 0H _ a Ey(0)(1 = us(1)) Z(1)S(0)
= ED) =2Du,(t) + Ms< N, )
<acE2<r>(1 - u5<r>)Z<r)S(r>)
— ME
2 NH
+ My (X(D)a3 (Ay(1) + L (1)) )
- My (X(f)% (Az(f) + Iz(l)))
(36)
_ OH (1 = uy () E,(0Z(1)S(2)
= w0 =2Fus(t) + M5<ac N, >
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- ME a.
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— M X(t) — My Y () — M, Z(t)



COVID-19 and Chikungunya: an optimal control model with consideration of social and...

14659

Hence, we obtain
(0.2)}
(0.2,)}
uy(t) = min { 1, max (O, 93) } 37)
(0.24)}
(0.Q5)}

By standard control arguments involving the bounds on
the controls, we conclude

0 if Q<0
Uit =49, if 0<Q <1

1 if Q=1

0 if Q<0
u,(t) =42, if 0<Q,<1

1 Q>1

0 if ;<0
u;() =4 Q; if 0<Q;<1 (38)

1 Q>1

0 if Q,<0
u,(t) =4, if 0<Q, <1

1 if Q>1

0 if Q<0
us(t) =4 Qs if 0<Qs5<1

1 if Qi>1

Acknowledgements We would like to thank the editors of the journal
as well as the anonymous reviewers for their valuable suggestions that
make the paper stronger and more consistent.

Author contributions The author confirms sole responsibility for the
following: study conception and design, data collection, analysis and
interpretation of results, manuscript preparation, revision of draft
preparation, and approved the final manuscript.

Funding This work was supported by the Research Supporting Project
Number (RSP-2021/389), King Saud University, Riyadh, Saudi Arabia.

Declarations

Conflict of interest The authors declare that they have no known com-
peting financial interests or personal relationships that could have ap-
peared to influence the work reported in this paper.

References

Abbasi Z, Zamani I, Mehra AHA et al (2020) Optimal control design
of impulsive SQEIAR epidemic models with application to

COVID-19. Chaos, Solitons Fractals 139:110054. https://doi.org/
10.1016/j.chaos.2020.110054

Abdallah MA, Nafea M (2021) PSO-Based SEIQRD modeling and
forecasting of COVID-19 spread in Italy. In: ISCAIE 2021—IEEE
11th symposium on computer applications and industrial elec-
tronics, pp 71-76. https://doi.org/10.1109/ISCAIE51753.2021.
9431836

Agusto FB, Easley S, Freeman K, Thomas M (2016) Mathematical
model of three age-structured transmission dynamics of chikun-
gunya virus. Comput Math Methods Med. https://doi.org/10.1155/
2016/4320514

Akman D, Akman O, Schaefer E (2018) Parameter estimation in ordi-
nary differential equations modeling via particle swarm optimiza-
tion. J Appl Math. https://doi.org/10.1155/2018/9160793

Aldila D, Agustin MR (2018) A mathematical model of dengue-chi-
kungunya co-infection in a closed population. J Phys Conf Ser
974:012001. https://doi.org/10.1088/1742-6596/974/1/012001

Ali EA, Ali KS, Alsubaihi RM (2020) Clinical features and hemato-
logical parameters in some chikungunya patients, Yemen. Elec-
tron J Univ Aden Basic Appl Sci 1:100-104. https://doi.org/10.
47372/ejua-ba.2020.2.24

Chaikham N, Sawangtong W (2018) Sub-optimal control in the Zika
virus epidemic model using differential evolution. Axioms.
https://doi.org/10.3390/axioms7030061

Dodero-Rojas E, Ferreira LG, Leite VBP et al (2020) Modeling Chi-
kungunya control strategies and Mayaro potential outbreak in the
city of Rio de Janeiro. PLoS ONE. https://doi.org/10.1371/journ
al.pone.0222900

Doungmo Goufo EF, Khan Y, Chaudhry QA (2020) HIV and shift-
ing epicenters for COVID-19, an alert for some countries. Chaos,
Solitons Fractals 139:110030. https://doi.org/10.1016/j.chaos.
2020.110030

Florentino HO, Cantane DR, Santos FLP, Bannwart BF (2014) Mul-
tiobjective genetic algorithm applied to dengue control. Math
Biosci 258:77-84. https://doi.org/10.1016/j.mbs.2014.08.013

Florentino HO, Cantane DR, Santos FLP et al (2018) Genetic algo-
rithm for optimization of the aedes aegypti control strategies.
Pesqui Operacional. https://doi.org/10.1590/0101-7438.2018.
038.03.0389

Gonzalez-Parra G, Diaz-Rodriguez M, Arenas AJ (2020) Mathemati-
cal modeling to design public health policies for Chikungunya
epidemic using optimal control. Optim Control Appl Methods.
https://doi.org/10.1002/oca.2621

He S, Peng Y, Sun K (2020) SEIR modeling of the COVID-19 and
its dynamics. Nonlinear Dyn 101:1667-1680. https://doi.org/10.
1007/s11071-020-05743-y

Hezam IM (2021a) COVID-19 global humanitarian response plan: an
optimal distribution model for high-priority countries. ISA Trans.
https://doi.org/10.1016/j.isatra.2021.04.006

Hezam IM (2021b) COVID-9 and unemployment: a novel bi-level opti-
mal control model. Comput Mater Contin 67:1153-1167. https://
doi.org/10.32604/cmc.2021.014710

Hezam IM, Foul A, Alrasheedi A (2021a) A dynamic optimal control
model for COVID-19 and cholera co-infection in Yemen. Adv Dif-
fer Equ 2021:108. https://doi.org/10.1186/s13662-021-03271-6

Hezam IM, Nayeem MK, Foul A, Alrasheedi AF (2021b) COVID-
19 vaccine: a neutrosophic MCDM approach for determining the
priority groups. Results Phys 20:103654. https://doi.org/10.1016/j.
rinp.2020.103654

Isea R, Lonngren KE (2016) A preliminary mathematical model for
the dynamic transmission of dengue, chikungunya and zika. Am
J Mod Phys Appl 3:11-15. https://doi.org/10.48550/arXiv.1606.
08233

Jindal A (2020) Lockdowns to contain COVID-19 increase risk and
severity of mosquito-borne disease outbreaks. 5103:1-13. https://
doi.org/10.21203/rs.3.rs-22289/v1

@ Springer


https://doi.org/10.1016/j.chaos.2020.110054
https://doi.org/10.1016/j.chaos.2020.110054
https://doi.org/10.1109/ISCAIE51753.2021.9431836
https://doi.org/10.1109/ISCAIE51753.2021.9431836
https://doi.org/10.1155/2016/4320514
https://doi.org/10.1155/2016/4320514
https://doi.org/10.1155/2018/9160793
https://doi.org/10.1088/1742-6596/974/1/012001
https://doi.org/10.47372/ejua-ba.2020.2.24
https://doi.org/10.47372/ejua-ba.2020.2.24
https://doi.org/10.3390/axioms7030061
https://doi.org/10.1371/journal.pone.0222900
https://doi.org/10.1371/journal.pone.0222900
https://doi.org/10.1016/j.chaos.2020.110030
https://doi.org/10.1016/j.chaos.2020.110030
https://doi.org/10.1016/j.mbs.2014.08.013
https://doi.org/10.1590/0101-7438.2018.038.03.0389
https://doi.org/10.1590/0101-7438.2018.038.03.0389
https://doi.org/10.1002/oca.2621
https://doi.org/10.1007/s11071-020-05743-y
https://doi.org/10.1007/s11071-020-05743-y
https://doi.org/10.1016/j.isatra.2021.04.006
https://doi.org/10.32604/cmc.2021.014710
https://doi.org/10.32604/cmc.2021.014710
https://doi.org/10.1186/s13662-021-03271-6
https://doi.org/10.1016/j.rinp.2020.103654
https://doi.org/10.1016/j.rinp.2020.103654
https://doi.org/10.48550/arXiv.1606.08233
https://doi.org/10.48550/arXiv.1606.08233
https://doi.org/10.21203/rs.3.rs-22289/v1
https://doi.org/10.21203/rs.3.rs-22289/v1

14660

I. M. Hezam

Kennedy J, Eberhart R (1995) Particle swarm optimization. In: Pro-
ceedings of IEEE international conference on neural networks.
vol. IV. Neural Networks, pp 1942-1948

Kmet T, Kmetova M (2019) Bézier curve parametrisation and echo
state network methods for solving optimal control problems of
SIR model. BioSystems. https://doi.org/10.1016/j.biosystems.
2019.104029

Kouidere A, Khajji B, El Bhih A, Balatif O, Rachik M (2020) A math-
ematical modeling with optimal control strategy of transmission
of COVID-19 pandemic virus. Commun Math Biol Neurosci.
https://doi.org/10.28919/cmbn/4599

Kumar N, Parveen S, Doharea R (2019) Comparative transmission
dynamics and optimal controls for chikungunya, dengue and zika
virus infections: a case study of Mexico. Lett Biomath an Int J
6:1-14

Lam LTM, Chua YX, Tan DHY (2020) Roles and challenges of pri-
mary care physicians facing a dual outbreak of COVID-19 and
dengue in Singapore. Fam Pract 37:578-579. https://doi.org/10.
1093/fampra/cmaa047

Liu X, Stechlinski P (2015) Application of control strategies to a sea-
sonal model of chikungunya disease. Appl Math Model. https://
doi.org/10.1016/j.apm.2014.10.035

Liu X, Wang Y, Zhao XQ (2020) Dynamics of a periodic Chikungunya
model with temperature and rainfall effects. Commun Nonlinear
Sci Numer Simul. https://doi.org/10.1016/j.cnsns.2020.105409

Lobato FS, Libotte GB, Platt GM (2020) Identification of an epide-
miological model to simulate the COVID-19 epidemic using
robust multiobjective optimization and stochastic fractal search.
Comput Math Methods Med 2020:1-8. https://doi.org/10.1155/
2020/9214159

Mahmoodabadi MJ (2020) Epidemic model analyzed via particle
swarm optimization based homotopy perturbation method. Infor-
matics Med Unlocked. https://doi.org/10.1016/j.imu.2020.100293

Marimuthu Y, Nagappa B, Sharma N et al (2020) COVID-19 and
tuberculosis: a mathematical model based forecasting in Delhi,
India. Indian J Tuberc 67:177-181. https://doi.org/10.1016/].ijtb.
2020.05.006

Morato MM, Bastos SB, Cajueiro DO, Normey-Rico JE (2020a) An
optimal predictive control strategy for COVID-19 (SARS-CoV-2)
social distancing policies in Brazil. Annu Rev Control 50:417-
431. https://doi.org/10.1016/j.arcontrol.2020.07.001

Morato MM, Pataro IML, da Costa MVA, Normey-Rico JE (2020b)
Optimal control concerns regarding the COVID-19 (SARS-
CoV-2) pandemic in Bahia and Santa Catarina, Brazil. In: XXIII
Brazilian Congress of Automatica, pp 1-17. https://doi.org/10.
48011/asba.v2il.1673

Moulay D, Aziz-Alaoui MA, Kwon HD (2012) Optimal control of
chikungunya disease: larvae reduction, treatment and prevention.
Math Biosci Eng. https://doi.org/10.3934/mbe.2012.9.369

Musa SS, Hussaini N, Zhao S, He D (2020) Dynamical analysis of
chikungunya and dengue co-infection model. Discret Contin Dyn
Syst - Ser B. https://doi.org/10.3934/dcdsb.2020009

Narayanamoorthy S, Pragathi S, Parthasarathy TN et al (2021) The
COVID-19 vaccine preference for youngsters using promethee-
ii in the ifss environment. Symmetry (basel). https://doi.org/10.
3390/sym13061030

Okuonghae D, Omame A (2020) Analysis of a mathematical model
for COVID-19 population dynamics in Lagos, Nigeria. Chaos,
Solitons Fractals. https://doi.org/10.1016/j.chaos.2020.110032

@ Springer

Putra S, Mu K (2019) Estimation of parameters in the SIR epidemic
model using particle swarm optimization. Am J Math Comput
Model 4:83-93. https://doi.org/10.11648/j.ajmcm.20190404.11

Rahmalia D, Herlambang T (2018) Weight optimization of optimal
control influenza model using artificial bee colony. Int ] Comput
Sci Appl Math. https://doi.org/10.12962/j24775401.v4i1.2997

Ruiz-Moreno D, Vargas IS, Olson KE, Harrington LC (2012) Modeling
dynamic introduction of chikungunya virus in the United States.
PLoS Negl Trop Dis. https://doi.org/10.1371/journal.pntd.00019
18

Salgotra R, Gandomi M, Gandomi AH (2020) Evolutionary modelling
of the COVID-19 pandemic in fifteen most affected countries.
Chaos, Solitons Fractals Interdiscip J Nonlinear Sci Nonequi-
librium Complex Phenom. https://doi.org/10.1016/j.chaos.2020.
110118

Samat NA, Ma’Arof SHMI (2014) Disease mapping based on stochastic
SIR-SI model for Dengue and Chikungunya in Malaysia. In: AIP
Conference Proceedings, pp 227-234

Sanchez F, Barboza LA, Burton D, Cintrén-Arias A (2018) Compara-
tive analysis of dengue versus chikungunya outbreaks in Costa
Rica. Ric Di Mat. https://doi.org/10.1007/s11587-018-0362-3

Tsay C, Lejarza F, Stadtherr MA, Baldea M (2020) Modeling, state
estimation, and optimal control for the US COVID-19 outbreak.
Sci Rep 10:10711. https://doi.org/10.1038/s41598-020-67459-8

Ullah S, Altaf M (2020) Modeling the impact of non-pharmaceutical
interventions on the dynamics of novel coronavirus with opti-
mal control analysis with a case study. Chaos, Solitons Fractals.
https://doi.org/10.1016/j.chaos.2020.110075

Windarto, Khan MA, Fatmawati (2020) Parameter estimation and frac-
tional derivatives of dengue transmission model. AIMS Math.
https://doi.org/10.3934/math.2020178

Worldometers (2020) Yemen population

Yakob L, Clements ACA (2013) A mathematical model of chikungunya
dynamics and control: the major epidemic on Réunion Island.
PLoS ONE. https://doi.org/10.1371/journal.pone.0057448

Yan X, Zou Y (2008) Optimal and sub-optimal quarantine and isolation
control in SARS epidemics. Math Comput Model. https://doi.org/
10.1016/j.mcm.2007.04.003

Yousefpour A, Jahanshahi H, Bekiros S (2020) Optimal policies for
control of the novel coronavirus disease (COVID-19) outbreak.
Chaos, Solitons Fractals 136:109883. https://doi.org/10.1016/j.
chaos.2020.109883

Zhang Z, Jain S (2020) Mathematical model of Ebola and Covid-19
with fractional differential operators: Non-Markovian process
and class for virus pathogen in the environment. Chaos, Solitons
Fractals 140:110175. https://doi.org/10.1016/j.chaos.2020.110175

Zhu S, Verdiere N, Denis-Vidal L, Kateb D (2018) Identifiability
analysis and parameter estimation of a chikungunya model in a
spatially continuous domain. Ecol Complex. https://doi.org/10.
1016/j.ecocom.2017.12.004

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1016/j.biosystems.2019.104029
https://doi.org/10.1016/j.biosystems.2019.104029
https://doi.org/10.28919/cmbn/4599
https://doi.org/10.1093/fampra/cmaa047
https://doi.org/10.1093/fampra/cmaa047
https://doi.org/10.1016/j.apm.2014.10.035
https://doi.org/10.1016/j.apm.2014.10.035
https://doi.org/10.1016/j.cnsns.2020.105409
https://doi.org/10.1155/2020/9214159
https://doi.org/10.1155/2020/9214159
https://doi.org/10.1016/j.imu.2020.100293
https://doi.org/10.1016/j.ijtb.2020.05.006
https://doi.org/10.1016/j.ijtb.2020.05.006
https://doi.org/10.1016/j.arcontrol.2020.07.001
https://doi.org/10.48011/asba.v2i1.1673
https://doi.org/10.48011/asba.v2i1.1673
https://doi.org/10.3934/mbe.2012.9.369
https://doi.org/10.3934/dcdsb.2020009
https://doi.org/10.3390/sym13061030
https://doi.org/10.3390/sym13061030
https://doi.org/10.1016/j.chaos.2020.110032
https://doi.org/10.11648/j.ajmcm.20190404.11
https://doi.org/10.12962/j24775401.v4i1.2997
https://doi.org/10.1371/journal.pntd.0001918
https://doi.org/10.1371/journal.pntd.0001918
https://doi.org/10.1016/j.chaos.2020.110118
https://doi.org/10.1016/j.chaos.2020.110118
https://doi.org/10.1007/s11587-018-0362-3
https://doi.org/10.1038/s41598-020-67459-8
https://doi.org/10.1016/j.chaos.2020.110075
https://doi.org/10.3934/math.2020178
https://doi.org/10.1371/journal.pone.0057448
https://doi.org/10.1016/j.mcm.2007.04.003
https://doi.org/10.1016/j.mcm.2007.04.003
https://doi.org/10.1016/j.chaos.2020.109883
https://doi.org/10.1016/j.chaos.2020.109883
https://doi.org/10.1016/j.chaos.2020.110175
https://doi.org/10.1016/j.ecocom.2017.12.004
https://doi.org/10.1016/j.ecocom.2017.12.004

	COVID-19 and Chikungunya: an optimal control model with consideration of social and environmental factors
	Abstract
	1 Introduction
	2 Model formulation
	3 Particle swarm optimization
	4 Parameter estimation
	5 Optimal control problem
	6 Numerical simulations
	7 Conclusions
	Appendix A
	Acknowledgements 
	References




