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Abstract

This study proposes a lung mechanics model that replicates respiratory alveolar
ventilation. A PC-based algorithm for mechanical ventilation support system is
becoming increasingly popular because of its superior performance, efficiency, and
ease of operation, A person having problem in the respiratory tract, an artificial
ventilator machine with respiratory support is used. In the framework of
proportional assist ventilation, optimization based feedback controller design for
life support medical ventilators are explored. Investigated systematically
persistence of the lungs pressure–volume with residual volume all accord with the
model (RV). A typical time-delay system is a pressure and volume regulated
mechanical ventilation system, which is used to treat patients who are unable to
breathe effectively under their own. The proposed work an Artifcial Bee Colony
optimization (ABC) can be practiced along with PID to identify optimal solutions
to the tradeoffs inherent in mechanical Ventilation, in conjunction with a
validated pulmonary physiology simulator. The Artificial Bee Colony (ABC)
method is an optimization technique based on honeybee swarms unique inventive
observance. The proposed research work discusses the instant phase of the art in
the field of algorithms like Artificial Bee Colony, Harmony Search(HS),Grey Wolf
Optimization (GWO) for mechanical ventilation. The proposed investigation
deliberates the optimization for the ventilation and among these Artificial Bee
Colony optimization gives the refined output of 200 cm of H2O at 20 cm of
H2O while confronting with the Harmony Search (HS) provides 100 cm of H2O

at 20 cm of H2O and Grey Wolf Optimization (GWO) 60 cm of H2O at 20 cm

of H2O. Artificial Bee Colony optimization furnishes the enhanced amount of
pressure and volume respectively.

Keywords: Artificial Bee Colony; Harmony Search; Grey Wolf Optimization;
PID; Ventilation

Background

The enforcement of an ILC algorithm applied to the trouble of tracking pressure

profiles correlated with a regularly used ventilatory mode is investigated in this

paper. The feedback initiates the system to linearize the dynamics of the ventilator

and establish a PI controller and ILC algorithm that satisfy the convergence, sta-

bility, and final error criteria [1]. To reflect the obtained sequence of inspiration and

expiration movement by volume controlled ventilation for ideal and practical lung

instances, the recommended mathematical model is specified by linear, quadratic,
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and exponential equations [2]. A structure is proposed that consists of an internal

model based tracking controller and an overall stabilizing performance. The non-

deterministic, time-varying, and patient-dependent nature of the reference tracking

trajectory is the most important design discussion for a PAV controller [3]. This

works aims to fill that need by providing an analysis of the modeling methods and

control approach used by critical care ventilation professionals. The least squares

approaches based on basic lumped parameter models can yield standard airway

resistance and compliance, this estimation did not meet the parameters derived us-

ing clinical static action that assess resistance and compliance at rigid flows and

volumes [4][5]. Based on the dual lung model, this paper investigates the fuzzy adap-

tive PID control method as well as traditional PID control of mechanical ventilation

pressure [6][7]. A mathematical model of the lungs while breathing is established

and simulated in this study. Furthermore, the experimental platform was built on

a mechanical ventilation system, and the classic PID control and fuzzy adaptive

PID control were implemented by programming a single chip [4][8][9]. Electrically

controlled proportional solenoid valves in a feedback loop with flow sensors are

commonly used in ventilator flow controllers, particularly to meet flow accuracy.

This paper discusses the issues of flow control in ventilation and introduces a latest

approach based on Model Reference Adaptive Control (MRAC) synthesis meth-

ods that was designed and implemented. The controller is resistant to valve non -

linearities and variation, and it automatically adjusts intake gas pressure changes,

so no intake gas regulators or valve intake pressure readings are required [10]. On

the LabVIEW platform, mathematical modelling is based on the optimal chemical

mechanical respiratory control model, which has been validated in previous stud-

ies, is applied. The simulator has tracking panels that allow you to see the best

breathing waveforms in terms of instantaneous pressure, airflow, and lung capac-

ity. From the peak amplitude at the conclusion of inspiration, the expiratory phase

was represented as an exponential decrease. Expiratory muscle activation was not

included in the study [11]. The activation status of lung units is used to create a

model of basis lung mechanism. The model was used to resolve the framework for

ventilator input, and again it was used to forecast ventilator data in various scenar-

ios. Supplementary ventilator settings including ventilator mode, flow pattern, and

maximal inspiratory flow are not directly taken into account by the model [12]. A

basic swarm optimization-based control strategy was extensively proven under this

previous work to create a relevant controller for a pressure monitored synthetically

ventilated respiratory tract. In an artificial ventilation system with stable airway

pressure, the best PID controller parameters can be established. The suggested

technique solves a single-objective optimization model in integer order to construct

a controller [13][14]. The music-inspired harmony driven optimization method is

presented in this novel and powerful optimization tool. The Harmony Search Algo-

rithm can significantly increase the system’s convergence rate. The chosen strategy

used for improving the performance of BLDC motors is reliable, economical, and

simple to execute [15]. Grey Wolf Optimization (GWO), a new support activated

by grey wolves, is proposed in this paper. The findings of traditional engineer-

ing design problems, as well as real-world applications, show that the suggested

technique is relevant to difficult challenges involving unknown solution space [16].
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The digitally recorded data gathered from nine people were handled with Grey

wolf optimization Neural Network (GWONN) to categorize the thoughtfully cre-

ated words using the One-Dimensional Local Binary Patterns (LBP) approach. For

testing the accuracy an offline investigation was conducted utilizing Local Binary

Pattern features with Grey wolf optimized Neural Network [17][18]. The artificial

bee colony (ABC) methodology is an optimization technique based on honeybee

swarm intelligence. For multi-dimensional numeric problems, this study analyzed

the performance of the ABC method with that of differential evolution (DE), parti-

cle swarm optimization (PSO), and evolutionary algorithm (EA). The ABC method

outperforms the other methods in simulations, indicating that it may be effectively

used to address multimodal engineering issues with high dimensionality [19]. In

this research, we propose a new approach for removing the skull region from brain

MR images based on the Artificial Bee Colony (ABC) optimization technique. The

outcomes of the identified MRI brain scans demonstrate that our ABC algorithm

surpasses other optimization algorithms like PSO and ACO in successfully separat-

ing all bony cranium from the pictures while also being significantly efficient [20].

Researchers design an unique ABC might be varied on mutual knowing and various

search mechanisms in this paper to improve the completion of the ABC algorithm.

The goal is to increase the ABC optimization model’s exploration and exploitation

skills so that better treatments and easy implementation can be reached [21]. The

Artificial Bee Colony (ABC) algorithm is employed for optimization in this study.

The ABC technique is combined with a 1-D approach that uses different objectives

for evaluation the forward-backward technique and the Viterbi algorithm [22]. For

constrained optimization situations, a revised version of the ABC method was pro-

posed, and its performance was compared to that of existing techniques. The ABC

algorithm’s functionality can also be evaluated using genuine design problems from

the research and contrasted to that of other methods. Future research can look at

the impact of constraint handling strategies on the ABC algorithm’s performance

[23]. To intelligently categorize medical information, this work proposes an inven-

tive allocation algorithm that incorporates a fuzzy rule-based method, a harmony

search (HS) algorithm, and a heuristic method [24]. According to mathematical

modeling of the grey wolf leadership hierarchy, alpha is the most well-known solu-

tion. The elimination of parameters that must be tailored for a specific application

distinguishes Grey wolf optimizer from much other optimization computation [25].

In comparison to other swarm optimization techniques, the ABC offers the benefit

of using fewer controller parameters. The synthetic bees catches a population of

baseline results at randomly and then enhance them periodically by utilizing the

strategies migrating towards greater alternatives via a neighbor search mechanism

while leaving inferior answers [26].

In the proposed work the ventilator control is performed. In the earlier explo-

ration the control of ventilator was done by determining the mathematical model

of the human lung for governing pressure, volume and flow PI control was used.

Later the adaptive control and internal model controller was considered to obtain

airway resistance and compliance. Model Reference Adaptive Control and fuzzy

based PID control was used to track the breathing pattern. In the previous study of

control of pressure in ventilator have certain obstacles so in the proposed method
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Figure 1 Response of pressure at 30cm of H2O by HS algorithm

Figure 2 Response of Iterations of Harmony Search algorithm

the PID controller is being used along with the optimization approach. The pre-

vious researchers have experienced that the optimization gives better solution for

multiple problems. In the suggested work PID forth optimization gives elevated

pressure control in ventilator control. The optimization algorithms used for this

work is Harmony search(HS), Grey Wolf Optimization, Artificial Bee Colony op-

timization (ABC). Among these algorithms the PID based Artificial Bee Colony

optimization accords exceeded results while comparing with the past method. This

ABC optimization has the ability to switch objective cost. It has the ability to

explore local solutions and complex problems.

Results

The proposed work is done by simulating the work in MATLAB with optimization

method. The conventional PID controller parameters are optimized by using the

three algorithms Harmony search, Greywolf and Artificial Bee Colony. The work is

carried out for the pressure control in ventilation system. By using this enhanced

optimization technique the pressure value would boost in the response. Fig. 1 shows

the response of at 30 cm of H2O by HS algorithm. There is increment in pressure

rate by applying the HS optimization algorithm.

Furthermore the response were taken for volume and flow and they were tabulated

in there is a small difference in volume and flow. Fig. 2 Shows the response of

Iterations of Harmony Search algorithm. The cost value of the function increases to

14 with the 100 iterations.

Fig. 3 shows the response of pressure at 30 cm of H2O by GWO algorithm. This

is analogously rising response than the HS algorithm. At the 100th iteration GWO

produces output of 103 cm but it is slightly lesser Fthan the HS algorithm. By this

GWO method there is a increase in the flow and pressure value.

Fig. 4 shows the response of iterations of Grey Wolf optimization algorithm. Best

optimal value can be achieve by more number of iterations.

Fig. 5 shows the response of parameter and objective space of GWO algorithm.

Best score obtained for the various iterations were taken.

Fig. 6 describes the response of pressure at 30 cm of H2O by ABC algorithm. By

ABC optimization method there is extensive increase in the pressure value to 2500

cm and small change in the volume and flow.

Fig. 7 shows the response of pressure at 30 cm of H2O by ABC algorithm at 50

Iterations. The best cost function can also be acquired by observing the response

for more number of iterations. ABC optimization method provides the increased

value than the other two methods.
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Figure 3 Response of pressure at 30 cm of H2O by GWO algorithm

Figure 4 Response of Iterations of Grey Wolf Optimization algorithm

Figure 5 Response of parameter and objective space of GWO algorithm

Figure 6 Response of pressure at 30cm of H2O by ABC algorithm

Figure 7 Response of pressure at 30 cm of H2O by ABC algorithm at 50 Iterations
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Table 1 Comparitive analysis of various optimization algorithms with PID parameters

No.of.
Iterations

HS
Optimized
Parameters

GWO
Optimized
Parameters

ABC
Optimized
Parameters

K p K i K d K p K i K d
Best

Optimal
value

K p K i K d
Best
cost
value

5 0.84 0.04 0.83 0.504 0.553 0.838 -3.74 0.014 0.01 0.96 0.008
10 0.76 0.40 0.90 0.373 0.533 0.855 -3.81 0.069 0.01 0.00 0.003
15 0.39 0.05 0.90 0.129 0.549 0.856 -3.85 0.006 0.01 0.127 0.003
20 0.54 0.36 0.83 0.302 0.548 0.851 -3.840 0.01 0.00 0.14 0.0027
25 0.77 0.41 0.74 0.025 0.559 0.853 -3.85 0.007 0.010 0.14 0.004
30 0.97 0.39 0.99 0.075 0.552 0.852 -3.86 0.001 0.010 0.543 0.003
40 0.99 0.37 0.91 0.119 0.553 0.850 -3.86 0.010 0.001 0.980 0.003
50 0.54 0.47 0.94 0.024 0.555 0.852 -3.86 0.006 0.010 0.304 0.003
100 0.946 0.287 0.952 0.169 0.555 0.852 -3.85 0.010 0.001 0.980 0.0027
200 0.709 0.479 0.983 0.169 0.555 0.852 -3.86 0.010 0.002 0.583 0.002
300 0.998 0.485 1.00 0.132 0.555 0.853 -.386 0.004 0.005 0.663 0.001
400 0.975 0.497 1.00 0.156 0.555 0.853 -3.86 0.003 0.01 0.693 0.002
500 0.975 0.497 1.00 0.127 0.555 0.852 -3.86 0.010 0.004 0.4321 0.0026
1000 1.00 0.5 1.00 0.112 0.555 0.852 -3.86 0.005 0.003 0.795 0.0012
1500 1.00 0.5 1.00 0.013 0.555 0.853 -3.856 0.010 0.0003 0.592 0.0026
2000 1.00 0.5 1.00 0.114 0.55 0.852 -3.862 0.0004 0.0100 0.988 0.0026
2500 1.00 0.5 1.00 0.114 0.555 0.852 -3.86 0.0003 0.0100 0.2731 0.0026
3000 1.00 0.5 1.00 0.113 0.555 0.852 -3.86 0.0001 0.0100 0.879 0.0026
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Table 2 Comparitive analysis of various optimization algorithms with Pressure, Flow and Volume [a-20 cm, b-30 cm]

No.of
Iterations

Harmony Search Grey Wolf ABC
Pressure Volume Flow Pressure Volume Flow Pressure Volume Flow
a b a b a b a b a b a b a b a b a b

5 100 140 5 7 0.4 0.5 60 85 2.9 4.3 0.4 0.5 200 500 10 20 0.4 0.5
10 70 101 3.5 5.1 0.4 0.5 61 90 3.1 4.5 0.4 0.5 200 500 10 20 0.6 0.9
15 100 100 5 5 0.4 0.5 70 100 3.5 5 0.4 0.6 700 1000 30 50 0.6 0.9
20 80 120 4 6 0.4 0.5 62 97 3.2 4.7 0.4 0.6 1000 1500 50 60 0.7 1
25 69 120 4 6 0.4 0.5 70 102 3.5 4.7 0.4 0.6 1000 1500 50 60 0.7 1
30 70 101 3.5 5 0.4 0.5 70 102 3.5 5.2 0.4 0.6 2000 2200 120 120 0.6 0.6
40 71 103 3.7 5.3 0.4 0.5 69 100 3.5 5 0.4 0.6 2500 3500 120 150 0.5 0.8
50 65 99 3.2 5 0.4 0.5 66 99 3.4 5 0.4 0.6 2500 3500 120 170 0.6 1
100 100 140 5 7 0.4 0.5 71 102 3.6 5.3 0.4 0.6 5000 8000 300 400 0.6 1
200 60 90 3 4.7 0.4 0.5 65 100 3.3 5 0.4 0.6 5000 8000 300 400 0.6 1
300 59 82 2.9 4.4 0.4 0.5 69 100 3.4 5 0.4 0.5 4000 5000 200 280 0.6 0.9
400 59 81 2.9 4.4 0.4 0.5 66 100 3.4 5 0.4 0.5 2500 3600 120 190 0.6 0.3
500 59 82 2.7 4.1 0.4 0.5 69 100 3.4 5 0.5 0.5 6000 9000 300 500 0.6 1
1000 55 80 2.7 4.1 0.4 0.5 69 100 3.5 5 0.4 0.6 5000 6000 250 250 0.6 1
1500 55 80 2.7 4.1 0.4 0.5 70 103 3.5 5.3 0.4 0.6 6000 8000 250 450 0.6 1
2000 55 80 2.7 4.1 0.4 0.5 69 100 3.5 5 0.4 0.6 2500 3500 120 200 0.5 0.7
2500 55 80 2.7 4.1 0.4 0.5 70 100 3.5 5 0.4 0.6 2500 3500 120 190 0.6 0.8
3000 55 80 2.7 4.1 0.4 0.5 69 100 3.5 5 0.4 0.6 2500 3500 120 150 0.5 0.7
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Figure 8 Respiratory mechanics based on a linear model

Figure 9 Muscle mechanics in a linear model

Conclusion

The results were attained for the pressure regulation of mechanical ventilation sup-

port system. In this proposed task the pressure arrangement of the mechanical ven-

tilation system is improved by applying discrete optimization like Harmony search,

Grey Wolf and Artificial Bee Colony optimization in which the values of such meth-

ods are given in Table 1 and Table 2. In Table 2 the optimized parameters of the

each algorithm is shown. The best cost value and best optimal value also attained.

By comparing with the three optimization algorithms, ABC algorithm implements

the overcoming rise than the other methods shown in Table 2. ABC furnish the

elevated pressure value rather than the HS and GWO. Further improvement can be

given to increase the flow and volume rate. Further in future, this ABC algorithm

can be combined with artificial intelligence like machine learning and deep learning

can be carried out.

Modeling of Ventilation System

The proposed work generates mathematical construction that represent the input-

output properties of two elementary physiologic models in this part. The early model

shown in Fig. 8 describes lung mechanics in a linearized manner. The air passage are

classified as central airways and peripheral airways, with fluid fixed resistances of

Rc and Rp, reciprocally. The same amount of air that penetrate the alveoli expands

the chest wall gap by the same amount. The same amount of air that enters the

alveoli expands the chest-wall cavity by the same amount.

This is illustrated by the mechanical lung (Cl ) and chest wall (Cw ) conformity

being connected in array. Because of the observance of the central air passage and

gas compression, a tiny portion of the air that access the inhaling system is taken

outside from alveoli in Fig. 9 Under normal conditions and at regular breathing fre-

quency, this shunted volume is quite little, but it grows in size as disease progresses

and causes peripheral airway obstruction.

Pao at the airway opening, Paw in the central airways, PA in the alveoli, and Ppi

in the pleural space are the pressures created at the different sites in this lung model

(between the lung parenchyma and chest wall). The flow was given to the alveoli

is QA’, then the flow shunted away from the alveoli must be (Q-QA), according to

Kirchhoff’s Second Law. When Kirchhoff’s First Law is applied to the closed loop

bound with Cs, Rp, CL.

RpQA +

(

1

C1
+

1

Cw

)∫

QAdt =
1

Cs

∫

(Q−QA) dt (1)

Kirchhoff’s First Law is applied to the circuit containing Rc and C.
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Pao = RcQ+
1

cs

∫

(Q−QA) dt (2)

Differentiating Eq.(1) and Eq.(2) analogous to time, and decreasing the two equa-

tions to one by excluding QA’ Then the equation relating Pao to Q.

d2Pao

dt2
+

1

RPCT

dPao

dt
= RC

d2Q

dt2
+

(

1

cs
+

RC

RPCT

)

dQ

dt
+

1

RPCS

(

1

cL
+

1

cW

)

Q (3)

where CT is defined by

CT =

(

1

CL
+

1

CW
+

1

CS

)

(4)

To begin, think about the mechanical constraints that the parallel configuration

places on the model components. If spring Cp is extended by length x, the complete

sequence of R and Cs will also be stretched by the related amount. In addition,

the force transferred through the parallel configuration’s two branches must add

up to F. The force communicated by Cs must be equivalent to the force addressed

through a parallel connection of Fo and R, according to the principle.

X1

CS
= R

(

dx

dt
−

dx1
dt

)

+ Fo (5)

Then, according the second principle, the total force from both limbs of the parallel

combination must equal F.

F =
X1

CS

+
X

Cp

(6)

When X1 is removed from Eqs. (4) and (5), the differential equation connecting F

to x and Fo is obtained.

dF

dt
+

1

RCS
F =

(

1

CS
+

1

Cp

)

dx

dt
+

1

RCsCp
x +

FO

RCs
(7)

To resolve how much tidal volume is conveyed to a patient in an emergency unit

when the ventilator’s peak pressure is set at a specific level. The patient’s lung me-

chanics must be understood in order to solve this problem. Developing the transfer

function for the total system is indeed the most easy way. Using Kirchhoff’s princi-

ples, a differential equation connecting total airflow, Q, to forced pressure at open

airway passsage, Pao, was obtained and represented in Eq.(1). After some term rear-

rangement, experimenting the above framework values into this differential equation

and performing its Laplace transform provides the following expression.

G1( s) =
Qo(s)

V (s)
=

cc

ccc2R2cs+ cc + c2
e−0.45Tresps (8)
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Figure 10 Flowchart of Harmony Search (HS)Algorithm

Methods

Harmony Search algorithm

The musicians create the harmony by experimenting with numerous possible se-

quences of the music gradient they have stored in their minds. The technique for

finding the best resolution to engineering challenges is very similar to this search for

perfect harmony. Harmony memory (HM), pitch altering, and randomization are

the three corresponding elements. The objective function is evaluated using a set of

dynamic variables. Continuous recurrence may generate more attractive vibrations,

and regular simulations will improve overall the task’s efficiency. The key phases of

a standard Harmony search are outlined here. Fig. 10 describes the flowchart and

pseudocode for Harmony Search algorithm.

Step 1: Construct as many random vectors as Harmony Memory Size (HMS)

permits, then save them in the Harmony Memory (HM) matrix.

HM =









x1
1 . . . x1

n f
(

x1
)

...
. . .

...
...

xhms
1 . . . xhms

n f
(

xhms
)









(9)

Step 2: x1 create new harmonies Then, for each component x1, repeat the process

With a high chance of HMCR (Harmony Memory Considering Rate) Perform a

uniform random search between the lower and upper boundaries with a frequency

of (1-HMCR).

Step 3: If the value acquired in Step 2 came from the HM, finally

❼ Pitch Adjusting Rate has a chance of happening, where random signifies a

consistently produced random integer between 0 and 1, and BW denotes the greatest

fluctuation in pitch regulating phase

❼ Do not make any changes if the possibility is (1-PAR).

Step 4: Steps 2 and 3 should be repeated for each number from 1 to n, then the

HM matrix should be updated.

Step 5: Steps 2–4 must be repeated until the terminating condition is met.

Grey wolf algorithm

This work suggests the Grey Wolf Optimizer (GWO), a new interrogative method

influenced by grey wolves. The GWO algorithm is based on the natural hierarchy

of grey wolves’ control and hunting system. The authority hierarchy is simulated

using four varieties of grey wolves: alpha, beta, delta, and omega. Canidae is the

family of grey wolves. Apex predators, or those at the point of the food chain, are

grey wolves. Grey wolves prefer to be part of a group. On average, (5–12) people

are in each group. They have a very rigorous social dominating hierarchy, which is

represented in the Fig. 11

Fig. 11 describes the analytical standard of the social stratification, catching,

surrounding, and aggressive victim are presented in this subsection. The GWO

algorithm is then explained
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Figure 11 Mathematical model of hierarchy

Surrounding the prey

For hunting, the grey wolves encircle victims. The following Eqs.(10) and (11) are

presented as a way to mathematically model encircling convention

−→
D =

∣

∣

∣C · X⃗p(t)− X⃗(t)
∣

∣

∣ (10)

X⃗(t+ 1) = X⃗p(t)− A⃗ · D⃗ (11)

Where the current iteration is denoted by t.A⃗ and C⃗ are vectors of coefficients.

XP represents the prey’s location vector, while X⃗ represents a grey wolf’s position

vector. The following is how the vectors A⃗ and C⃗ are calculated. Using Eqs. (9) and

(10), a grey wolf can update their region in interior space of arbitrary place.

Trapping

Grey wolves have the capacity to track down and surround victims. The alpha

usually leads the hunt. Hunting is something that the beta and delta might do on

occasion. However, there is no idea where the optimum is located (prey). Grey wolf

hunting behavior had to be computationally simulated. The alpha, beta, and delta

have a better understanding of where prey might be hiding. In this regard, the

resulting formulas are suggested.

−→
Dα =

∣

∣

∣

−→
C1 ·

−→
Xα − X⃗

∣

∣

∣ ,
−→
Dβ =

∣

∣

∣

−→
C2 ·

−→
Xβ − X⃗

∣

∣

∣ ,
−→
Dδ =

∣

∣

∣

−→
C3 ·

−→
Xδ − X⃗

∣

∣

∣ (12)

−→
X1 =

−→
Xα −

−→
A1 ·

(−→
Dα

)

,
−→
X2 =

−→
Xβ −

−→
A2 ·

(−→
Dβ

)

,
−→
X3 =

−→
Xδ −

−→
A3 (13)

X⃗(t+ 1) =

−→
X1 +

−→
X2 +

−→
X3

3
(14)

Predatory attack

When the target stops moving, the grey wolves conclude the hunt by attacking it.

We lower the value of A⃗ in order to formulate the model impending the victim. With

these operators, however, the GWO algorithm is prone to local solution stagnation

shown in Fig. 12
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Figure 12 Location updation in GWO

Figure 13 Hunting for prey vs. attacking prey

Look for prey

Grey wolf seek predominantly using the alpha, beta, and delta positions. They

detached to look for prey and then encounter to hunt prey. By mathematically, use

A⃗ with random values higher than 1 or lower than -1 for getting the prey.

This will benefit the GWO algorithm to inspect the entire world. Fig. 12 promotes

that when |A| > 1 the grey wolf are constrained to separate from their victim in

the hopes of finding a more suitable prey. To summarize, the search begins with

the GWO algorithm creating a random population of grey wolf (possible solutions).

Alpha, beta, and delta wolves evaluate the likely locality of the prey over the course

of several monotony. The prey’s distance from each candidate solving is updated.

Finally, the GWO algorithm is ended when an end criterion is fulfilled. The GWO

algorithm’s is shown in Fig. 13

Artificial Bee Colony (ABC) algorithm

The Artificial Bee Colony (ABC) algorithm is a analytic based on swarm perception.

It was driven by honey bees excellent foraging behavior. The model contains three

items operating and inactive foraging bees. The first two parts, working and unem-

ployment foraging bees, look for abundant food sources close to their colony. The

model also identifies two major types of behavior that are initiated for self influenc-

ing and collective perception forager recruitment to more food sources, mandatory

results gives better response, and forager desertion of food sources, which settled in

poor responses.

Bee Interaction in Environment

Social insect colonies can be thought of as a dynamical system that gathers data

from its surroundings and adjusts its behavior accordingly. Individual insects, due

to their specialties, do not undertake all activities during the information collection

and adaptation processes. Bee system consists of two necessary things.

Sources of Nutrition

The value of a food supply is determined by several factors, including its closeness

to the nest, energy content, and simplicity of extraction. Foragers is of two types.

Jobless foragers

If a bee is believed to have less knowledge of the food sources in the search field, it

will start to hunt as an Jobless foragers.

Bees scout

The bee will be classified as a scout bee if it begins searching without being directed.

According to the information entered into the nest, the proportion of scout bees

varied from 5 % to 30 %.
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Figure 14 Flowchart of ABC Algorithm

Soldier

If a jobless forager watches another bee perform a waggle dance, the bee will begin

hunting utilizing the information gained from the waggle dance.

Job foragers

The recruiter bee discovers and does the food source, it will advance to the position

of employed forager, who will remember the locus of the food origin. After loading

a piece of nectar from the food source, the employable foraging bee returns to their

place and rectifies the nectar into the hive’s food location. There are three prospects

for the amount of nectar left over for the foraging bee.

❼ The honey source is disabled, the foraging bee increases the food availability

and becomes unemployed.

❼ It can continued to forage beyond communicating the food source report with

the nest members if there is still enough nectar in the food source.

❼ It might also go to the dancing area and do a tickle dance to alert the other nest

mates to the same food source. The quality of the food source has a big impact on

the likelihood values for these selections.

Foragers with plenty of experience

It could be an inspector who oversees the current status of a newly discovered food

supply. Using the material from the waggle dance, it can be revived as a forager. It

tries to investigate the same food source it identified on its own if other bees have

confirmed the factor of the same food source. It could be a new recruit bee looking

for a new food supply that another worker bee has announced in the same area.

ABC algorithm

The ABC is divided into four sections. Fig. 14 shows the flowchart and for ABC

algorithm

Initial Phase

The fundamental food sources are generated at random by the expression.

Xm = li + rand(0, 1) ∗ (ui − li) (15)

The upper and lower bounds of the solution space of the objective function are

ui and li, respectively, while rand (0, 1) is a random number in the range [0, 1].

Phase of Worked Bees

The following Eq. (16) determines and calculates the nearby food source Vmi

Vmi = Xmi + ϕ (Xmi −Xki) (16)
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xk is a inconstantly picked food source, and I is a randomly determined limitation

index. The formula for determining fitness is as follows: Then, between xm and vm,

an impatient collection is activated.

fit m (xm) =
1

1 + fm(xm)
, fm (xm) > 0 (17)

fit m (xm) = 1 +
∣

∣fm(xm)

∣

∣

2
fm (xm) < 0 (18)

Onlooker Bee Phase

The profitability of a food source, as well as the profitability of all food sources, is

used to determine its quantity. The formula for calculating Pm is as in Eq. (19)

Pm =
fitm(xm)

∑SN
m=1 fitm(xm)

(19)

Where fm represents xm fitness. According to the term, onlooker bees examine the

communities for food sources.

Vm = Xmi + ϕmi (Xmi−xki
) (20)

Upper and lower bounds of the objective function’s solution space are ui and li,

respectively.

Operators of genetics

To solve binary optimization problems, a new binary version of the ABC method

was presented, which used several genetic operators such as swap and crossover.

U : i = 1, . . . ., SNuij =

{

0, ifG(0, 1) ≤ 0.5

1, ifG(0, 1) > 0.5
(21)

G(0,1) denotes a uniformly achieved value. In the following four steps, the ba-

sic ABC algorithm’s and GA’s searching mechanisms will be integrated into the

neighborhood:

❼ Choose two different food sources from the people in the vicinity of a current

food source at random and then identify a proposed solution.

❼ To produce the sources of children’s food, use the initial operator and point

crossover operator between the present two neighborhoods, the best and zero food

sources.

❼ Apply for the next operator, for the the sources of food for children to locate

sources of food for grandkids
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Figures

Figure 1

Response of pressure at 30cm of H2O by HS algorithm

Figure 2



Response of Iterations of Harmony Search algorithm

Figure 3

Response of pressure at 30 cm of H2O by GWO algorithm

Figure 4

Response of Iterations of Grey Wolf Optimization algorithm



Figure 5

Response of parameter and objective space of GWO algorithm 

Figure 6

Response of pressure at 30cm of H2O by ABC algorithm

Figure 7

Response of pressure at 30 cm of H2O by ABC algorithm at 50 Iterations 



Figure 8

Respiratory mechanics based on a linear model

Figure 9

Muscle mechanics in a linear model



Figure 10

Flowchart of Harmony Search (HS)Algorithm



Figure 11

Mathematical model of hierarchy

Figure 12



Location updation in GWO

Figure 13

Hunting for prey vs. attacking prey



Figure 14

Flowchart of ABC Algorithm 


