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Abstract:

The proposed algorithm is a hybridized and
improved version of Dragonfly Algorithm.
Algorithm  will be tested by using
hybridization technique with Grey Wolf
Optimizer (GWO) and Dragonfly Algorithm
(DA), aims to enhance accurate solution.
Here, the 23 benchmark functions will be
applied and tested to compare the hybridized
algorithm  with  existing  Dragonfly
Algorithm. After testing, better results will
be found in hybridized algorithm using
functions.
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I.Introduction

The main inspiration of the Dragonfly
Algorithm (DA) algorithm originates from
static and dynamic swarming behaviours.
These two swarming behaviours were very
similar to the two main phases of
optimization using meta-heuristics:
exploration and exploitation. Dragonflies
create sub swarms and fly over different
areas in a static swarm, which was the
main objective of the exploration phase in
the static swarm. However, dragonflies fly
in bigger swarms and along one direction,
which was favourable.[6]

The proposed algorithm tried to improve
these outcomes. The algorithm was tested
by using hybridization technique with
Grey Wolf Optimizer (GWO) and
Dragonfly Algorithm (DA), aimed to
enhance accurate solution. Here, among
many techniques of improving the DA
algorithm’s outcomes,
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the most promising hybridization
technique was used for obtaining better
results. Here, the 23 benchmark
functions were applied and tested to
compare the hybridized algorithm with
existing Dragonfly Algorithm. After
testing, better results were found in 13
functions. The hybridization technique
proved the most beneficial.

2.Proposed Optimization Algorithm
The main inspiration of the Dragonfly
Algorithm (DA) algorithm originates
from static and dynamic swarming
behaviours. The agenda of choosing this
Dragonfly algorithm was its results were
found to be very impressive. DA was
effective in both exploration and
exploitation through behaviors like
alignment, separation, attraction to food
source, cohesion and repulsion from
enemy. However, DA faces the problem
of premature convergence and local
optima trapping. To overcome this
problem, the hybridization of DA with
GWO seeks to combine strong
exploration ability  and robust
exploitation mechanism.

The nature inspired algorithms were
classified into four main categories like
Physics-based, Human behavior-based,
Evolution-based and Swarm based.
These algorithms use Physics-based
techniques, Human-related techniques,
Evolutionary techniques and Swarm
intelligence techniques respectively.

DOI: https://doi.org/10.5281/zenod0.15567580

International Journal of modern and Science and Research Technology

574



Volume-3,Issue-5,May2025

2.1. CLASSIFICATION OF ALGORITHMS

Physics-based
(E.g. GSA, 550)
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5.Compared the best optimal value of the
objective function found by DA and the
value after hybridization with the GWO.

6.Results were found to be best in 13

Swarm-based I Human behavior-
Nature-inspired - based
(Eg PSO,GWO) [T algorithms (E.¢. BSO, BTA)
Evolution-based
(E.g. DE, GA)
Algorithm
Sr. No. Name Author Name Year
Gravitational
1 Search Esmaeil Rashedi etal | 2009
Algorithm
Seagull R,
2 Optimization Seyedali |;/I|Irja|l|l et 2019
Algorithm
3 Brain Storm SheChengetal | 2013
' Optimization
Butterfly .
4. Optimization Sarthak Sétl\a/lllajumder 2019
Algorithm
Differential .
5. Evolution Rainer Storn et al 1997
Genetic
6. Algorithm John Holland 1975
Particle Swarm
7. Optimization James Kennedy et al 1995
Grey Wolf Seyedali Mirjalili et
8. Optimizer al 2014

2.2.ALGORITHMS & AUTHORS
Table 1: Algorithms and Authors [6]

2.3.STEPS

1.Obtained optimal value for original
algorithm (DA) using 23 benchmark
functions.

2.Hybridized original algorithm (DA) with
another algorithm (GWOQ) for obtaining
best optimal solution.

3.Iterations were carried out for each
function.

4.Obtained optimal value for another
algorithm (GWO) using 23 benchmark
functions.

benchmark functions.

Functions & Equation
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K=Y % (103050,100) | [-100,100] | 0
Fy(8) = B ISl TThesSul (1030350100) | [-10,10] 0
E(S)= Z (O 5F (103050,100) | [-100,100] | 0
m=y
F(5) = maxuf1S,,|, 1< m <2} (103050,100) | [100,100] | 0
R8)= 2 ~Sestn(yis,) (103030,100) | [500500] | -41898295
F(5)= Y, [5% = 10cos (2nS,,) + 10] L s |0
(10.30,50,100)
-3,
Ful9)= 22 [(35.,5%) - L
exp (i Z;_‘tos(lnfm) +20+d
P (10,30,30,100)
x e oo [600,6000 |0
F“(S)-HZM:‘E H,n:lcas\‘H
103050100 | . -
Fu(S) =§[10 sin(nr) + 2::1(1m - 11+ 5 ) [50.50] 0
10sin? (1,,,)] + (7, - 1)2]+ %5 (5, 101004)
Tn = 1+%
WSu-b)  Sp>b
(S, b,x,1) =40 =b<S,<b
H=Sy =B} Sp<=b
103050100 | ..
Fif8) = 04fsin*(3n5,) + X (S - 17 [1+ (1) [:5030] 0
sin’ (38, + 1)] 4 (x, — 1)?[1 + sin’2nS,)]
e+ s RIEEAR =
Rl [5““ +En:15"+£:}\:1‘~‘m-bmn1°] ([55.536]
2Ty _Shtens) 4 55 | 000030
Ful)= I - 5
Fil5)= 4512180 4357 455,455 448 o[ | -6
FA(5)= (5, -%Sfﬁsl—ﬁ)"lﬂ(lﬁ)cossl +10 1[0
Fo(5)2 [1#(6548,15 (19-145+35' 145,855,435 o 2R3
[30+(28,-38, (18-328 = 1287 +485,-365.8, < 27 §' ||
FylS)=- Z:,,,ldmelp(- Ei_xsmn(sm'qm]:/ 3 L3 33
F:o(s) =- z:‘mdm EX]J(— z:,lsmn(sm _qmn)ﬂ) 6 [0’ 1] A%
Rl - I [0~ b L s

T -4

Fol§)== 11 [(6-bo)(§-by P!
Fal§)== T, (6= ba)(§~by Py

mal

0 |05

Table 2: Standard UM Benchmark functions

[6]

3.RESULTS & DISCUSSION
e Function 1:
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The best optimal value of the objective
function found by DA was 0.015355 and
the value after hybridization was found to
be 4.5664e-81.
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The best optimal value of the objective
function found by DA was 1.6312 and the
value after hybridization was found to be
4.1255e-40.
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The best optimal value of the objective
function found by DA was 6.0779 and the
value after hybridization was found to be
3.9544e-80.
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The best optimal value of the objective
function found by DA was 1.8058 and the
value after hybridization was found to be
2.6001e-40.
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The best optimal value of the objective
function found by DA was 11.0962 and the
value after hybridization was found to be 9.

Function 6:

Test function

Convergence curve
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The best optimal value of the objective
function found by DA was 5.1366 and the
value after hybridization was found to be
2.5.

° Function 7:
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The best optimal value of the objective
function found by DA was 0.069909 and
the value after hybridization was found to
be 0.00027381.
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e Function 8:
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The best optimal value of the objective
function found by DA was -2821.0436 and
the value after hybridization was found to be
-2124.4057.

e Function 9:
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The best optimal value of the objective
function found by DA was 10.7444 and the
value after hybridization was found to be
63.9908.

Test function Convergence curve
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e Function 10:

The best optimal value of the objective
function found by DA was 4.2143 and the
value after hybridization was found to be
3.9968e-15.

e Function 11;

Test function Convergence curve
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The best optimal value of the objective
function found by DA was 0.16839 and the
value after hybridization was found to be 0.
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e Function 12;

Test function Convergence curve
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The best optimal value of the objective
function found by DA was 1.1485 and the
value after hybridization was found to be
0.96446.

e Function 13:
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The best optimal value of the objective
function found by DA was 0.019557 and the
value after hybridization was found to be 1.
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e Function 14:

Test function
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The best optimal value of the objective
function found by DA was 0.998 and the
value after hybridization was found to be
9.9308.

e Function 15:

Test function

X.

Convergence curve

DA

Best score obtained so far
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Iteration

The best optimal value of the objective function
found by DA was 0.00054487 and the value
after hybridization was found to be 0.11934.

e Function 16:

Test function

Convergence curve
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The best optimal value of the objective
function found by DA was -1.0316 and the
value after hybridization was found to be -
1.031.

X

e Function 17:

Test function
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The best optimal value of the objective
function found by DA was 0.39789 and the
value after hybridization was found to be
0.40387.

e Function 18:

Test function
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The best optimal value of the objective function
found by DA was 3 and the value after
hybridization was found to be 6.3976.

e Function 19:

Xy X4
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Function Original Hybrid

No. Algorithm Values Algorithm
Values

F1 0.015355 4.5664e-81
F2 1.6312 4.1255e-40
F3 6.0779 3.9544e-80
F4 1.8058 2.6001e-40
F5 11.0962 9
F6 5.1366 25
F7 0.069909 0.00027381
F8 -2821.0436 -2124.4057
F9 10.7444 63.9908
F10 4.2143 3.9968e-15
F11 0.16839 0
F12 1.1485 0.96446
F13 0.019557 1
F14 0.998 9.9308
F15 0.00054487 0.11934
F16 -1.0316 -1.031
F17 0.39789 0.40387
F18 3 6.3976
F19 -3.8628 -3.6516
F20 -2.9535 -2.5721
F21 -10.1532 -3.204
F22 -10.4029 -8.778
F23 -10.5364 -5.7215

Test function

n

Convergence curve

DA

o
Best score obtained so far

100 200 300 400 500

Iteration

The best optlmal vaIue of the objective function
found by DA was -3.8628 and the value after
hybridization was found to be -3.6516.

e Function 20:

Test function

Convergence curve

-
Best score obtained so far

DA

I
100 2000 300 400 500
Iteration

Algorithm | Exploration | Exploitation | Convergence
Speed
DA High Moderate Slow
GWO Moderate High Fast
Hybrid High High Faster
T2EAYGYVO i
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The best optimal value of the objective function
found by DA was -2.9535 and the value after
hybridization was found to be -2.5721.
e Function 21:

Test function

Y
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L

|

100 200 300 400 500
Iteration

The best optlmal value of the objective
function found by DA was -10.1532 and the

DA

F21( x1 xz)
Best score obtained so far

value after hybridization was found to be -
3.204.
e Function 22:

Test function
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F22(X,.%,)
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s ]
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L
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Iteratio

The best optlmal value of the objective
function found by DA was -10.4029 and the
value after hybridization was found to be -
8.778.

e Function 23:

The best optimal value of the objective
function found by DA was -10.5364 and the
value after hybridization was found to be -
5.7215.

The Table 3 Results & Discussion shows:
The first column shows the function numbers
which are the 23 Standard UM Benchmark
Functions that are used in both original
algorithm (DA) and hybridized algorithm
(DA with GWO). The second column shows
the values found by original algorithm (DA)
by using benchmark functions. The last
column shows the values found by hybridized
algorithm (DA with GWO) by using
benchmark functions.

Table 3: Results & Discussion

4, CONCLUSION

The hybridized algorithm of DA with GWO
was tested with 23 benchmark functions and
in 13 functions best values were found in
functions like F5, F6, F7, F8, F10, F12, F16,
F19, F20, F21, F22, F23 and in function F11
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the resultant value found was 0 which was
best.
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