ISSN: 2146-0957 eISSN: 2146-5703
PUBLISHING
Vol.15, No.2, pp.294-310 (2025)
https://doi.org/10.36922/ijocta.1735

E SCIENCE An International Journal of Optimization and Control: Theories & Applications

RESEARCH ARTICLE

Collocation method with flood-based metaheuristic optimizer for
optimal control on a multi-strain COVID-19 model

Asiyeh Ebrahimzadeh’, Raheleh Khanduzi?”, and Amin Jajarmi®*"

!Department of Mathematics Education, Farhangian University, P.O. Box, 14665-889, Tehran, Iran
2Department of Mathematics and Statistics, Gonbad Kavous University, P. O. Box, 49771-99151, Gonbad
Kavous, Iran

3Department of Electrical Engineering, University of Bojnord, P.O. Box, 94531-1339, Bojnord, Iran
4Department of Mathematics, Saveetha School of Engineering, Saveetha Institute of Medical and Technical
Sciences, Saveetha University, Chennai 602105, Tamil Nadu, India

a.ebrahimzadeh@cfu.ac.ir, khanduzi@gonbad.ac.ir, a.jajarmi@ub.ac.ir

ARTICLE INFO ABSTRACT

Article History: This paper describes a new and powerful way to solve optimal control problems
Received: November 17, 2024 (OCPs) on a multi-strain COVID-19 model for strategies related to vaccina-
Accepted: February 19, 2025 tion and amplification. We call it the collocation method with a flood-based
Published Online: April 4, 2025 metaheuristic optimizer (FBMO). We use a collocation method with Laguerre
Keywords: polynomials and their derivative operational matrices to turn the OCP into
Multi-strain a nonlinear programming (NLP) problem. To address the NLP, the research
Amplification employs the FBMO to determine the control variables u; for ¢ = 1, 2, and 3,
Optimal control representing isolation, vaccination efficacy, and treatment enhancement, in con-
Vaccination junction with the state function of the multi-strain COVID-19 model. These

strategies are executed within an SVI.I, R-type control model for COVID-19 in
Flood-based metaheuristic optimizer M(.)rocco7 Flesi‘gned to (.:ontrol t.he outb?eak of .multi—stra.in disease. T.he paper’s
- - primary aim is to achieve a high-quality optimal solution for the given OCP,
?QMJSJC?;]S\;;;&;%%O thereby contributing to the advancement of efficient strategies for managing

2 ; the COVID-19 pandemic.
(@her |

Collocation method

1. Introduction and background strains can stay alive in the coexistence scenario.

The Omicron variant of COVID-19 has caused These include viral mutations that create new

. . strains, reinfection with different strains, mixed
much worry worldwide because it has many mu- . X : . .
. . A . infections, cross-immunity between strains, mor-
tations and is very good at hiding from the im-

mune system compared to other variants. Two tality rates that depend on density, exponential
main types of dynamics can explain how'multi— growth dynamics, and vaccinations that change

strain infectious diseases like COVID-19 spread: the competitive landscape. .For example, m t.h ©
L . . 1 case of COVID-19, the Omicron variant and its
competitive exclusion and coexistence.® The com-

it . ) : i ickl h -
petitive exclusion scenario says that when differ- :gfng li?giﬁgrgiilql};ﬁe %H?fﬁjgse;ysi}égere%ﬁgs
erlltt.StraTﬁ cotmpete ‘;Vfltl&ln ‘il}}ehsartni hPSt POP™ pheant that they had the ability to infect indi-
uation, the stralll wi ¢ DIGRESt Dasic TEPro- yjqyals who had already received vaccinations or
duction nun{lber.(Ro)fthe strain that can sprgad contracted the disease. Due to its immunity and
the most—will win and replace the other strains.

. . ease of spread, Omicron defeated earlier versions
Researchers have developed various mathematical and took their place in various locations 23
models to simulate the progression of multi-strain P . )
infectious diseases, including COVID-19. These ~ The COVID-19 pandemic underscored the
models have primarily focused on exploring con- critical need for effective control strategies to
trol measures, such as vaccination and isolation ~manage the spread of multi-strain infectious dis-
strategies. There are many reasons why different eases. Variants like Delta and Omicron, which
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have their ways of spreading and hiding from
immune systems, showed how hard it is to con-
trol epidemics with more than one strain. These
changes are affected by competitive exclusion, in
which one strain beats out others, and coexis-
tence, in which different strains can stay alive
due to reinfection, cross-immunity, and muta-
tion. The optimal control theory allows us to plan
strategies, like immunizations, isolation, and pub-
lic awareness campaigns, that stop the spread of
disease as much as possible while considering the
cost and availability of healthcare.

Multi-strain epidemic mathematical models
build on single-strain frameworks like SIR and
SEIR by adding compartments and parameters
to account for how strains interact, how trans-
mission and recovery rates change, and how in-
terventions affect different groups. These mod-
els enable researchers to quantify the impact of
control strategies and predict their outcomes un-
der different scenarios. Using optimal control on
these kinds of models lets us find the levels of in-
tervention (like vaccination rates or policies that
keep people from interacting with each other)
that minimize objective functions like the disease
burden and the costs of intervention. Key ar-
eas of focus in these models include finding the
best way to vaccinate so that limited resources
are used efficiently, finding the right balance be-
tween isolation measures to stop the spread of
disease without causing too many social and eco-
nomic problems, and raising awareness about self-
protection to get more people to follow through
and lower the risk of getting sick.*©

To better understand how COVID-19 and
its multi-strain variants move and behave, many
mathematical models have been created to show
how the epidemic spreads (see Table 1). We have
employed these models to investigate the dynam-
ics of the pandemic and explore control measures,
such as vaccination strategies, to mitigate its
spread. Further research is still needed, though,
especially on the best ways to keep COVID-19
under control in vaccination programs, especially
when it comes to multi-strain variants. This
study addresses this knowledge gap by compre-
hensively reviewing the current literature on opti-
mal control strategies for COVID-19 multi-strain
vaccination.

Even though there have been improvements,
many studies that look at multi-strain epidemic
control still use old-fashioned methods like the
Pontryagin Maximum Principle and Runge-Kutta
methods. While effective in specific contexts,
these approaches often encounter difficulties in
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handling large-scale, nonlinear systems or multi-
objective problems. In addition, there are still
significant gaps in the research about improv-
ing control strategies for multi-strain vaccination
programs. Specifically, many studies have not
fully explored the role of strain amplification in
disease transmission, leaving this aspect largely
underexplored. Also, even though it is important
to find the best ways to control diseases, not many
studies have looked at how to use computers to
quickly solve these kinds of problems (called op-
timal control problems, or OCPs) for multiple
strains of diseases. This study addresses these
challenges by proposing a hybrid framework inte-
grating a Laguerre-based collocation method with
the flood-based metaheuristic optimizer (FBMO).
This method improves computation speed, deals
with the complexity of multi-strain dynamics,
and looks into areas that have not been explored
much, like strain amplification and the best way
to vaccinate. By applying the proposed frame-
work to real-world COVID-19 data from Morocco,
we demonstrate its robustness and practical rele-
vance for managing multi-strain epidemics effec-
tively. Therefore, the study adds to the knowl-
edge about optimal control theory for epidemic
models by looking into previously unexplored as-
pects of strain amplification and improving vac-
cination strategies. Another key objective is to
provide a computationally efficient approach for
solving the OCP, which can enhance the precision
and effectiveness of control measures in managing
the pandemic. The innovation also lies in utiliz-
ing Laguerre polynomials to transform the OCP
into an NLP, making it computationally efficient
and providing better ways to handle multi-strain
pandemics like COVID-19.

The proposed methodology offers several key
benefits. The study ensures that the system’s dy-
namics are accurately represented using the col-
location method, making solving the OCP easier.
Adding the FBMO improves the global optimiza-
tion, making it possible for the NLP to be solved
quickly. The practical application of this frame-
work to real-world COVID-19 data from Morocco
highlights its relevance and utility in optimiz-
ing vaccination, isolation, and public awareness
strategies. Therefore, this study helps move the
field forward by examining multi-strain epidemic
control’s theoretical and practical sides and pro-
vides a valuable tool to address complex public
health issues on a large scale.

This paper’s orthogonal Laguerre collocation
method presents numerous benefits, including
augmenting computational effectiveness, guaran-
teeing precise solutions, improving efficiency and
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Table 1. Categorization of pertinent studies on multi-strain COVID-19 models published in the literature

Paper Model Data Solution Approach Vaccination Multi-Strain
9] SEIQRDV Saudi Arabia Ensemble Kalman Filter v X
[10] SEIQR Pakistan Pontryagin’s Maximum Principle X X
[11] SEIARQD Nigeria Pontryagin Maximum Principle X X
(12] SSEIQAHR  Malaysia Fourth Order Runge-Kutta Method X X
(13] SIR China Runge-Kutta-Fehlberg method 4 X
(14] SVEIR Pakistan Pontryagin Maximum Principle v X
[15] SEAIR Pakistan Forward-backward Runge-Kutta method v X
(17] SEVI, iR Ry India Pontryagin Maximum Principle v X
(18] SEIR England Pontryagin Maximum Principle v v
(19] SIR Unknown Pontryagin Maximum Principle v v
[20] SVLI,R Morocco Pontryagin Maximum Principle v v
(21] SIR Unknown Stochastic Maximum Principle v v
[22] SLIHQR UK Pontryagin Maximum Principle v v
(23] SEAIGRD India Pontryagin Maximum Principle v v
Current Paper SVI.I R Morocco Collocation method and FBMO v v

numerical accuracy, and facilitating straightfor-
ward implementation when addressing complex
systems. Alternatively, the sparse derivative op-
erational matrix approximates the derivative La-
guerre vector, significantly boosting the compu-
tational process’s reliability and efficiency. The
rationale behind selecting Laguerre polynomials
as a basis for the approximations is as follows:

1- Laguerre polynomials are orthogonal con-
cerning the exponential weight function
w(t) = e7!, which naturally aligns with
problems involving decaying processes
over time. This property ensures sta-
bility and precision in approximating our
model’s state and control variables.

2- Expanding functions in terms of Laguerre
polynomials facilitates the reduction of
the infinite-dimensional OCP to a finite-
dimensional system. This significantly
reduces computational complexity while
preserving high accuracy.

3- Laguerre polynomials have sparse deriva-
tive operational matrices, which makes it
easier to solve the NLP that comes from
the OCP.

4- Several OCPs have been successfully
solved using Laguerre-based collocation
methods. This shows that they work well
and are reliable when using computers
to deal with constraints and dynamics in
complex systems.

Because of these features, Laguerre polynomi-
als were chosen as the best way to turn the OCP of
the multi-strain COVID-19 model into a solvable
NLP. This facilitated the rapid and accurate iden-
tification of the most effective control strategies.

Since the converted OCP for the multi-strain
COVID-19 is a large-scale NLP, we should select
efficient local and metaheuristic methods to solve
this optimization problem. Conjugate gradient,
trust-region, and quasi-Newton methods are some

296

of the local approaches used to solve large-scale
nonlinear optimization problems because they are
efficient.?426 However, they get local solutions in
a high running time as the problem dimension in-
creases. To prevent these types of defects, a meta-
heuristic algorithm called FBMO is developed in
this paper. The efficacy of FBMO in making
high decisions and global searches are some of
the benefits of using FBMO to solve the con-
verted OCP of the multi-strain COVID-19 model
in the form of an NLP. More to the point, the
FBMO is among the newly published prosperous
metaheuristic methods that attracted the inter-
est of various authors in this short period of one
year.?” 32 Indeed, the FBMO is a nature-inspired
optimization method that simulates the regular
movement and flow processes of water masses
throughout the flooding phenomenon in nature.
It obtains near-optimal answers or the global
minimum of NLPs efficiently. About the novel
FBMO, it should be noted that this approach
is efficient and robust, significantly when solving
large-sized instances of NLPs.2” Comparing the
FBMO algorithm with some recent metaheuristic
methods is a noteworthy comparison, after which
the performance of the FBMO is well-appraised
compared to benchmark functions and engineer-
ing problems.?” 32 The assessment of the FBMO’s
results assimilates four statistical metrics: mean,
best, standard deviation, and average Friedman
rank. These values are considered for ranking the
metaheuristic methods concerning each bench-
mark function and engineering problem. These
criteria show that the FBMO provided highly
competitive solutions compared to some modern
metaheuristic methods.?” 32 Therefore, we have
proven that the FBMO is a suitable approach for
our NLP problem.

The proposed hybrid strategy, combining the
collocation method with the FBMO, offers several
key advantages:



Collocation method with flood-based metaheuristic optimizer for optimal control ...

Advantages of the Collocation Method:

1- Efficient Transformation of OCP to NLP:
The collocation method turns the OCP
with infinite dimensions into an NLP with
finite dimensions. This makes it easier to
solve computationally.

2- Accuracy and Stability: Laguerre polyno-
mials and their derivative operational ma-
trices are used in the collocation method
to keep the numbers stable while getting
good state and control variable estimates.

3- Simplicity and Applicability: The
method’s straightforward implementation
makes it suitable for handling complex
dynamical systems with nonlinear con-
straints.

Advantages of the Flood-Based Meta-
heuristic Optimizer (FBMO):

1- Global Optimization: FBMO is an algo-
rithm based on nature that finds near-
global optima in big, complicated opti-
mization problems. It does this by get-
ting around the problems that local search
methods have.

2- Computational Efficiency: The optimizer
uses tools like erosion coefficients and
Gaussian random distributions to find the
best balance between exploration and ex-
ploitation. This lets it quickly find high-
quality solutions.

3- Robustness for Complex Systems: The
FBMO is excellent at dealing with non-
linear constraints and big problems, as
shown by its performance in benchmark
studies and engineering applications.

Improvements Achieved by the Hybrid
Strategy:

1- Enhanced Computational Efficiency: The
hybrid strategy cuts computation time by
a large amount while keeping the quality
of the solution. It does this by combining
the structured approach of the colloca-
tion method with the global optimization
power of FBMO.

2- Improved Solution Quality: The hybrid
method makes sure that the estimates of
the state and control variables are accu-
rate and reliable, and it solves the result-
ing NLP quickly to find the best solutions.

3- Scalability: The hybrid strategy is scal-
able and adaptable to various complex
OCPs, making it suitable for real-world

applications such as the multi-strain
COVID-19 model.

Thus, the hybrid strategy combines the best
aspects of both approaches and creates a strong
and valuable framework for solving OCPs accu-
rately and reliably.

Here, we organize the rest of the paper:
First, definitions and notes are presented, fol-
lowed by developing an optimal control strategy
for a multi-strain COVID-19 model in Section 2.
Section 3 outlines two methods for addressing this
issue. The results of computer experiments are
discussed in Section 4. Finally, Section 5 summa-
rizes alternative research avenues in this field.

2. Mathematical model for the
multi-strain co-infection

In this section, we develop a compartmental epi-
demic model to investigate a multi-strain COVID-
19 scenario on disease propagation dynamics and
control measures. The OCP for the multi-strain
COVID-19 model is shown mathematically using
the parameters and variables depicted in Tables 2
and 3.

Then, the multi-strain epidemic model can be
mathematically described as a nonlinear system
of differential equations:

ds BSLe
A — - — BSI, — 1
7 1/}S /,LS 55 v ]_—|—Oé.[c’ ( )
dv
S == BLV = uV + 5, (2)
dl,
— == (ntcet pwe + (1= pJwe) e

BSI,

1+4+al.’ ®)
dl,
o =LV + BSI, + (1 = pJwele

— (1 + o+ wo)l,, (4)

% = — ,uR + ’UJUIU + chIm (5)

based on the starting circumstances, where the
values of S(0), E(0), 1(0), V(0), and R(0) are not
negative. In addition, vaccines are effectual on
the common strain but ineffectual on the ampli-
fied strain, which is important for controlling the
propagation of multi-strain disease. We present
the flowchart of the model (1)-(5) as in Figure 1.

In our study, we introduce three key con-
trol strategies. Let wj(t) symbolize the adjust-
ments to vaccination tactics. We utilize revised
disease transmission rates to illustrate the im-
pacts of isolation strategies and media coverage,
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Table 2. Model parameters and their definitions

Parameter Definition

Proportion of individuals transitionary from common strain to amplified strain

A Recruitment rate of susceptible population

0 Natural mortality rate

I3 Effective contact rate between infected and susceptible populations
Ce Death rate due to common strain infection

Cy Death rate due to amplified strain infection

Wy Cure rate of infected population with amplified strain

We Cure rate of infected population with common strain

p

o Inhibition or psychological factor in population behavior

P Vaccination rate

Table 3. Model variables and their definitions

State variable Definition

N Total available population

S Susceptible people

\%4 Vaccinated people

I, Infected population with drug-sensitive strain at time ¢

1. Number of infected population with common strain at time ¢
R Recovered people

Control variable Definition

Uy Change in vaccination strategy

us Effectiveness of isolation for I,

us Increase of awareness of self-protection for the infected population I. under media coverage

so ug(t) signifies the efficacy of isolation for I,,
while ug(t) represents the enhancement of self-
protection awareness among the infected popula-
tion I. due to media coverage. Subsequently, we
present the control model as follows:

% —A —ur(£)S — 1S — (1 — ug)BS1,
BS(1 = uz(t))1e
R (6)
dv
—r == (L= w)BLV — pV +m(®)S, (7)
%%:—%u+%+pmﬁwl—mwak
B(1 — us(t))SI,
+ 1+ al, ’ ®)
dci“ =B(1 — uz(t)) L,V + B(1 — ua(t))SI,
+ (1= p)wele — (p+ ey +wp) Ly, (9)
dR
% = — uR 4+ wy Iy + pwel.. (10)

The objective function to be minimized is de-
fined as:
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min J(uy, ug, uz) =

1

T
2/[a@+&ﬁ+&ﬁ+m@+m@ﬁg
0

(11)

in which the state functions I. and I,, as well as
the control functions w; for ¢ 1,2,3, are bal-
anced by parameters B; for i 1,2,3,4,5 with
the final time denoted as T'. This optimization
process involves determining the optimal values
of u; as outlined in Table 3.

3. Solution approach

The section introduces a novel hybrid strategy
to address the OCP related to a multi-strain
COVID-19 model. The method for solving the
OCP involves key steps. At first, it shows how
the basic features of Laguerre polynomials and
the derivative operational matrices that go with
them are important parts of the method. The
Laguerre-based collocation technique then breaks
down the OCP into an NLP problem. This trans-
formation allows for leveraging the advantages of
the collocation technique in handling dynamical
constraints and converting the OCP into a more
tractable form. Finally, a novel metaheuristic al-
gorithm called FBMO addresses the NLP and de-
termines the optimal solution for the OCP. This
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Figure 1. Flowchart of the propagation of multiple infectious strains with vaccine

new hybrid strategy uses the best parts of the col- L2 (f2), then f(¢) can be expressed in terms of
location method and the FBMO to solve the com-  Laguerre polynomials as follows:
plicated OCP that comes with the multi-strain

COVID-19 model wholly and quickly. F(t) = i a; P;(t) (15)
= AR
0

3.1. Collocation method where:

o0
The Laguerre polynomials can be determined re- aj = /0 fOPt)w(t)dt,  j=0,1,2,.... (16)
cursively, where the first two polynomials are de-

fned as follows: In practice, only the first (/N +1) terms of La-

guerre polynomials are considered. Subsequently,
we proceed with:

(2k + 1 —t)Py(t) — kPr_1(t) N
Pri(t) = . (13
e (f) F 13) fv(t) = aBi0) = ATo(r), (1)
Following is a definition of the closed form: 0

where the Laguerre coefficient vector A and the

"L /n\ (—1)F Laguerre vector ¢(t) are given by:
Pty =) (k) ot (14)
5 !

Now. let Q = (Q OO) and w(t) — et be A= [aov'”yaN]Ty (18)
9 - ) — . T
a weight function on {2 in the usual sense. o(t) = [Po(t), Pa(t),..., Pn(D)]" (19)
Define Lo% = {v|v is measurable on Q = The derivative of the vector ¢ can be ex-
(0,00) and ||| < oo}, equipped with the Pressed by:
following inner product and norm: (u,v), =

> — p®
Jou®o®w®ydt, [olle = (wv)d. I f() < g~ Do), (20)
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where DY) = [d;;] is the (N + 1) x (N + 1) oper-

ational matrix of derivative given by: STp® o(t) =
0, i <, A — (UL o(t))(STp(t)) — (ST (1))
dij = { 1, i> j (21) ! .
By utilizing equations (17) and (20), we ob-
g e canations (17) and (20) (- UF )BT S0 (T (1))
$'(1) =5"¢'(t) = sTDWo(r),  (22) B(STo(8)(1 — UL o(t) (IT6(1))
- I+ a(ITo(1) 88
Vit)=vT¢(t)=vTDWe(t),  (23)
VvIDWe(t) =
I(t) = IT¢/(t) = I DWg(t), (24)
, — (1 =UF o()BUL o) (VT (1))
L(t) =IF¢'(t) = I} DWe(t), (25)
, — u(VTo(t) + (UT o(1)) (ST (1)), (39)
R(t)=RT¢/(t) = R”"TDWe(t),  (26)
1I'DWe(t) =
ui(t) = UL (t), (27)
— (1 + e+ pwe + (1 — pwe) (IXp(t))
us(t) = U3 (1), (28)
L B UTo(0))(STo(M) 1T 6(t) (40)

us(t) = Us ¢(t), (29) 1+ alZTo(t), ’
where the vectors S, V, I., I,, R, Uy, Us, and Us
are defined as follows:

T 11
S=lco....cal”, o) L DWe(t) =
V =lcat1,--comn]”, (31) B(1 = U3 ¢(t))(Iy ¢()(VT (1))
I. = [cont2, .- C3npa] T, 32
[Con 2, Cone2) B2 s UF o) (ST o) (I o)
Iy = 30435 - - Cangs] (33) . .
+ (1 = plwe(l ¢(t) — (1 + co +wo) L, ¢(2),
(41)
R = [C4n+4, N ,C5n+4]T, (34)
RTDWg(t) =
Ut = [Cn+5- - - Conts) s (35)
— pRT(t) + wu Iy $(t) + pwell d(t).  (42)
Uz = [Cont6, - - - » Crnte) 5 (36)
Us = [ctns7s -+ Cant7) - (37)
Using equations (20) and (22)-(29), we sim- Also, the initial conditions yield the following
plify the system dynamics as follows: five linear equations:
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S(0) = 5T¢(0), V(0)=VT¢(0),
1.(0) = 179(0), 1,(0) = I, (0), (43)
R(0) = R"¢(0).

From (19), we obtain ¢(0). Then, we select n
T(2i—1) 1.9

2(n+1) RIEER

tute them into the equations. This leads to:

points 7; = for ¢ = ,n and substi-

STDWe(r;) =
A= (U o(m)) (ST d(75)) — (ST ¢(75))
— (1=US ¢(1j))B(STd(5)) (L1 d(75))
~B(STo(m)) (A = U p(m)) 7 8(75))

I+ (I o(ry) W)
VvIDWe(r;) =
— u(VTo(1j)) + (U] o(5)) (ST o (7)), (45)
17 DWe(ry) =
— (p+ cc + pwe + (1 = p)we) (1] ¢(7;))
N B(1 - U?cé(Tj))(STczS(Tj))Icst(Tj)’ (46)

1+ a[gQS(Tj),
I;DWo(7y) =

B(L = U3 o(m)) Ly ¢(7) (VT (7))
+B(L = Uy o(1)) (ST o(77)) (L5 6(75))
+ (1= p)we(IL 9(7)) = (1 + co + wo) Iy 6(75),
(47)
RTDWe(r;) =
— nRYo(15) +wuly §(7)) + pwel? o(75).  (48)

By substituting equations (22)-(29) into (11),
we obtain:

J(U1,Uz,Us) =

T
;/0 [B1(IFp(t))* + Ba(I (1))*
+ By (UT6(1))* + By (UL 6(1))

+B5 (U 9(1))°] at,

(49)

which simplifies to:
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B, (IZ¢<T(S;”>)2

T 1
78

+BQ<IT¢ >2
+Bg< s+1 )2 (50)
+B4<U2¢ (s +1) )2
+B5<U3T¢ (s +1) )2]

which further simplifies to:

o (5 (7570

T N
=3
i=1

w22
onfi ()
noe(2))
1B <U3T¢ (T“J;”)) ]

In the interval [—1, 1], the nodes s; are zeros of
Legendre polynomials Py (t). The following equa-
tion can be utilized to determine the associated
weights w; for j =0,1,..., N:

2
(1= s)[Py(s))*

The original OCP is transformed into an NLP,
where (51) serves as the objective function, and
equations (44)—(48) are treated as constraints.

The FBMO for solving NLPs is explained in Sec-
tion 3.2, which can be employed to solve this NLP.

wj = (52)

3.2. Proposed flood-based metaheuristic
optimizer (FBMO)

This subsection comprehensively discusses the
concepts of a new nature-inspired optimizer, re-
leased in 2024, based on the flooding phenome-
non, i.e., FBMO. The FBMO is a new metaheuris-
tic algorithm that simulates the ruinous and in-
cursive food phenomenon in watersheds. The sci-
entific concepts of the flooding phenomenon were
used to model the mathematics behind FBMO.%7

FBMO operates in two stages, as follows:
(1) Step 1 (Regular Movement): This step in-
volves population search in the NLP into
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the better solutions (water flow), soil im-
permeability coefficient, and its impact on
flooding. The direction indicates the best
mass of water (best solution), where Upest
indicates the exact slope of the water flow
path. Thus, the U;-th mass travels nor-
mally to the slope and finds an approxi-
mate value of Upes, and the goal is to de-
crease the distance between the U;-th and
the best mass, namely, it travels around
Upest about U; —U;. We compute this gen-
eral momentum relation and then proceed
as follows:

U™ = Upest +rand x (U; = U;),  (53)

in which rand creates random values from
interval [0, 1] to the dimension of D. The
NLP has a value of j = 1 : D, and Uj
is the jth mass of the crowd at random.
Concerning the relation (53), the water
mass travels toward the path’s slope and
typically toward a better mass. Indeed,
water travels towards the river due to the
pressure behind it, not the slope. There-
fore, by increasing the river’s water flow,
floods may occur. This erosion coefficient
concerning the repetitions of the FBMO
is modeled based on the relation (54):

1.2
[H
Ttermaz )

Pk =
Iter
In(k+
(Ltermas) x Iter < 4

(54)

where k = v/Iterpas x Iter? + 1. In this
relation, Pk is the water erosion coeffi-
cient, and Itery,,, indicates the maximum
number of FBMO repetitions; [ter indi-
cates the current repetition of the FBMO.
On the other hand, the flood phenomenon
is randomly generated by a rand value,
which will be the relation of motion of the
masses during the flood as in the relation
(55):

PkrandG
SN (i

Iter
(rand X (Unaz — Umin) + Unmin) -

The water masses are collected from the
pool on this border and the other bor-
der of the region at random, determined
by the value of the water erosion coeffi-
cient. In addition, randG is a Gaussian
distribution from the interval [—oo, +00],
which is one dimension, and U,,q, and

(55)
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Upin are the most significant and most
minor amounts of control variables of the
NLP. Also, water infiltration in the soil
makes the water sink or become trapped
in the water ditches and propagate around
or evaporate, decreasing the probability of
overflow. This relation indicates that the
smaller or better the objective function of
the mass amount, the smaller the infiltra-
tion rate, and the greater the probability
of overflow:

Py (200’

Jmax - szn
In the equation (56), Jyin and Jpq, show
the best and worst values of the objec-
tive function that was found for this run
of FBMO. Water erosion from the pool
reduces the probability of overflow in
FBMO. The below code shows this step
for the ith mass:

(56)

if randG > rand + Pe;
pk,randG
_— X
Iter >

U{Leszﬂr(

(rand x (Umaz —

else

Uinew = Upest + rand X (Uj - UZ‘)

end

So, a new situation for the ¢th mass, i.e.,
U, is compared to the previous situa-
tion and altered if it is better.

Step 2 (A Growth and Reduction in the
Crowd): Rainfall, snowmelt, or fountains
replenish the water in a pool. Water evap-
oration occurs when it sinks into the land
or becomes stuck in water ditches. We
have reversed these two situations. This
means that Ne number of masses vapor-
ize, which are the most weak. Addition-
ally, when we add Ne masses, the total
number of masses remains constant. In re-
turn, the probability of the event in these
two situations (Pt) is the same:

. rand
sin .

Iter
These new masses will alter the worst an-

swers, and they will be in the best situa-
tion:

Pt = (57)

UMY = Upest + randx

58

(rand x (Umaz —
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Initialize the sizes of the control parameters of the FBMO,
i.e., the scaling element Ne, the maximum number of repetitions (Iter_{max}),

the mass size (N_{popl}),

and the repetition number (Iter=0) for the crowd.

1: To generate the randomly initial swarm N_{pop} (i=1,...,N_{pop});
2: U_{i}=U_{min}+rand*(U_{max}-U_{min})

3: To compute the objective functional of the initial random mass;
4: While the i till Iter_{max}, do

5: To arrange the repetitions, Iter=Iter+l;

6: for i=1 to N_{popl}, do

7: Pe_{i}=(J(W_{iP)-J_{min}/J_{max}-J_{min}) "2

8: if randG>rand+Pe_{i} then

9: U_{i} " {new}=U_{i}+(Pk~{rand}/Iter)* (rand* (U_{max}-U_{min})+U_{min})
10: else

11: U_{i} "{new}=U_{best}+rand*(U_{j}-U_{i})

12: end if

13: if JU_{i} " {new})<J(U_{i}) then

14: U_{i}=U_{i} "{new} and J(U_{best})=JU_{i});

15: end if

16: if J(U_{i})<J(U_{best}) then

17: U_{best}=U_{i} and J(U_{best})=JWU_{i});

18: end if

19: end for

20: if rand<Pt ; Pt=|sin(rand/Iter)| then

21: for e=1 to Ne, do

22: U_{e} {new}=U_{best}+rand* (rand* (U_{max}-U_{min})+U_{min})
23: if J(U_{e} " {new}) < J(U_{best})

24: U_{best}=U_{e} "{new} and J(U_{best})=J(U_{e} {new});
25: end if

26: end for

27: end if

28: end while

Output: U_{best}

Figure 2. Pseudo-code of the FBMO for solving the presented NLP

e=1: Ne. (59)
This step will be repeated until the num-
ber of repetitions is implemented or a sat-
isfactory optimal answer is obtained.

Figure 2 is a demonstration of the FBMO’s
pseudo-code for solving the NLP. Figure 3 also
indicates the flowchart of the presented FBMO.

4. Simulation results

In this section, we discuss the simulation out-
comes for the OCP associated with the COVID-
19 pandemic model introduced in Section 2, us-
ing the collocation method and the FBMO. The
parameter values for this analysis were drawn
from,2° which provides daily data on active
COVID-19 cases in Morocco between December
28, 2021, and January 16, 2022 (see Table 4).
The simulations were performed on a 64-bit sys-
tem with a 12th Gen Intel(R) Core(TM) i7-1255U
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processor and 16 GB of RAM, with MATLAB
(R2023b) used for coding and execution. To as-
sess the effectiveness of control interventions, we
developed two distinct scenarios that explore their
influence on the spread of the disease. The first
scenario examines the simultaneous implementa-
tion of two control measures, focusing on their
combined effect. The second scenario evaluates
the impact of three control strategies together,
observing how they influence the model’s state
variables. A cost-effectiveness analysis is then
conducted to compare the efficiency of both epi-
demiological scenarios. We provide detailed dis-
cussions, graphical representations, and compar-
ative cost-effectiveness results for each scenario
below.

4.1. Scenario 1: twofold optimal control

This scenario investigates the impact of two con-
trol variables, u; (vaccination) and ug (isolation
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Initialize the control parameters of
the FBMO and NLP

R

Generate the initial masses for
FBMO

)

Compute the objective
functional of the initial swarm

S

A 4

Update the mass based on the FBMO
proce

dure

Is there a new mass that has less
objective functional than previous
mass?

Yes

L ]

Change the location of previous mass
and new mass

”a
<
y

Is there a new mass that has less
objective functional than the best
mass (Upest)?

Yes

y

Change the location of previous
mass and the best mass

No

v

(—( Is the stop condition satisfied? )

Yes

Figure 3. Flowchart of the FBMO for solving the presented NLP

for the I, group), on disease dynamics, while the
awareness of self-protection among the infected
population . is not addressed (us = 0). Fig-
ure 7?7 depicts the effects of this approach on
different segments of the population within the
model. The findings reveal that relying exclu-
sively on this combined control leads to irregular
behavior in the trends of susceptible and vacci-
nated populations despite their overall increase
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and decrease, respectively. Moreover, while there
is a notable decrease in the number of infected
individuals (/. and I,), the time taken to reach
a steady state is excessively long. This delay in-
dicates that infections persist within both pop-
ulations for an extended period. Consequently,
the sole use of vaccination and isolation strate-
gies proves inadequate for promptly reducing the
transmission of COVID-19 in the community.
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Figure 4. Effects of twofold optimal control uf,u} on various population groups over the time period [0, 500]

x1 06 T T T T
‘—With twofold optimal control u‘uz‘

10 ’

8 ]

n 6 ]
4 ]
ol ]

0 100 200 300 400 500
Time (days)

(a2) Susceptible people under optimal control.

x10”
361 1
3.4 ’
32 I—With twofold optimal control u“,u‘2 7]
>
3 ]
2.8 ’
26 ’
0 100 200 300 400 500
Time (days)

(b2) Vaccinated people under optimal control.

5000 ‘—th twofold optimal control u1,u2‘ |
4000 4
53000 4
2000 ’
1000 4
ok ;
0 100 200 300 400 500
Time (days)

(c2) Infected population with common strain

150

50

under optimal control.

‘—With twofold optimal control u",u;

100 200 300
Time (days)

400

500

(d2) Infected population with amplified strain

9.5

9.48

9.46

9.44

9.42

9.4

9.38

x10°

under optimal control.

I—With twofold optimal control u“,u‘

2

100 200 300
Time (days)

400

500

(e2) Recovered people under optimal control.



A. Ebrahimzadeh, R. Khanduzi, A. Jajarmi / IJOCTA, Vol.15, No.2, pp.294-310 (2025)

Table 4. Parameter values for the OCP related to the multi-strain COVID-19 model

Parameter Value Reference
A 37641835 3331

365x77.43
Wy 0.46655 20

1 34

i XTI
B 3.155 x 1078 20
& 3.063 x 107° 20
Ce 0.015494 34,35
Cy 0.91685 20
L—p 0.9 20
We ﬁ 36
5(0) 11875467 34,37,38
V(0) 24824790 34,37
1.(0) 3450 20
1,(0) 8 20
R(0) 938120 38

4.2. Scenario 2: threefold optimal control

This scenario investigates the combined effects
of vaccination (u1), isolation for the I, group
(u2), and increased self-protection awareness for
the I. group through media coverage (ug) on the
spread of COVID-19. The goal is to evaluate
the biological efficacy of applying all three con-
trol strategies to the disease’s progression. To
do this, we employ the optimal control vari-
ables u], u3, and w3, running simulations both
with and without these interventions over the
time interval [0,500]. Figure ?? demonstrates
the effects of the triple optimal control strat-
egy across different population groups. Anal-
ysis of the results shows that using this com-
prehensive strategy leads to a quicker and more
consistent decrease in the susceptible popula-
tion and a substantial and steady increase in
the vaccinated group compared to the dual con-
trol scenario. Additionally, there is a faster set-
tling time response for infected individuals with
both common and amplified strains compared
to the scenario with only two control measures.
In general, the simulations show that using the
threefold control approach is a better way to
stop infections in the community. This could
lead to fewer cases of the disease in the fu-
ture.

4.3. Cost-effectiveness analysis

In this section, we incorporate a cost-effectiveness
analysis based on the framework established in®’
to evaluate the importance of our results and as-
sess the efficiency of the various epidemiological
scenarios discussed previously throughout the in-
tervention period. First, we define the effective-
ness functions E.(t) and E,(t) for people who
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are infected with common strains and amplified
strains, respectively:

L)~

) — Iz (#)
1:(0)
(60)

)

Here, I.(0) and I,(0) represent the initial
counts of infected individuals before any control
measures are put in place. At the same time,
IX(t) and I}(t) indicate the optimal outcomes
achieved through the implemented control strate-
gies. These functions measure the relative reduc-
tion in the number of infected individuals due
to the applied optimal intervention by compar-
ing the initial counts (before any interventions)
with the number of infected individuals at time
t. Next, we calculate the total number of cases
averted as a result of the interventions over the
period T using the following equations:

— Iv(o) — I:(t)

1,(0)

E(t) Ey(t)

T
A, = TL(0) - / (),
0

(61)
Ay = TI,(0) — / ' I*(t)dt.
0

Finally, the effectiveness of each case is de-
fined as the ratio of averted cases to the total
number of potential cases that would have oc-
curred without any intervention, expressed as:

Importantly, we use dimensionless effective-
ness metrics to enable comparisons across differ-
ent epidemiological settings. A summary of the
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Figure 5. Effects of threefold optimal control u}, u3, u3 on various population groups over the

time period [0, 500]

Table 5. Overview of the cost-effectiveness evaluation

(d2) Infected population with amplified strain

under optimal control.
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9.42 (—With threefold optimal control u“,u'z,u‘3
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(e2) Recovered people under optimal control.

Scenario

A Ay E, E,

Twofold optimal control uj, u3
Threefold optimal control uj, u3, u3

1.9430e+06 1.1226e4-04 1.1264 2.8064
1.9875e+06 1.2394e+04 1.1522 3.0985
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cost-effectiveness metrics for the specific cases an-
alyzed can be found in Table 5. The numbers in
this table show that the threefold optimal control
strategy works much better than the twofold con-
trol method at lowering the number of infected
people. This supports our findings even more.

5. Conclusions and future research
directions

This paper suggested a novel hybrid strategy, the
collocation method with FBMO for OCP on a
multi-strain COVID-19 model. We used Laguerre
polynomials and their derivative operational ma-
trices to run a collocation method on this OCP.
This turned the OCP into an NLP. Then, the
NLP was solved using FBMO to determine the
representation of isolation, vaccination efficacy,
and treatment enhancement in conjunction with
the state functions of the multi-strain COVID-
19 model. In addition, comparative evaluations
of the developed hybrid structure were conducted
on clinical data of COVID-19 in Morocco. We
selected two scenarios to demonstrate the ad-
vantages, helpfulness, and behavior of the multi-
strain COVID-19 model for the spread of COVID-
19. These scenarios reported guidelines for effec-
tive decision-making to analyze promising strate-
gies to control disease transmission dynamics, and
the results showed notable efficiency obtained by
control strategies for the multi-strain COVID-19
model in reducing the number of infected individ-
uals. Different lines of research could be followed
concerning the multi-strain COVID-19 model and
solution approach proposed in this study. One is
formulating the stochastic model, where a con-
trolled stochastic process represents the state of
the epidemic system. However, to solve the as-
sociated NLP problem, we need to create two
types of solutions, and we require new meta-
heuristic methods like the coati optimization al-
gorithm, the cheetah optimizer, and the osprey
optimization algorithm. Another option is to look
at fractional-order multi-strain epidemic models.
However, this extension needs effective alternat-
ing numerical schemes, like those suggested in the
recent research.?
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