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Abstract. This paper aims to use the Rock Dove (RD) optimization algorithm and the Fuligo Septica optimization
(FSO) algorithm for power loss reduction. Rock Dove towards a particular place is based on the familiar (sight) objects
on the traveling directions. In the formulation of the RD algorithm, atlas and range operator, and familiar sight operators
have been defined and modeled. Every generation number of Rock Dove is reduced to half in the familiar sight operator
and Rock Dove segment, which hold the low fitness value that occupying the lower half of the generation will be
discarded. Because it is implicit that individual’s Rock Dove is unknown with familiar sights and very far from the
destination place, a few Rock Doves will be at the center of the iteration. Each Rock Dove can fly towards the final
target place. Then in this work, the FSO algorithm is designed for real power loss reduction. The natural vacillation
mode of Fuligo Septica has been imitated to develop the algorithm. Fuligo Septica connects the food through swinging
action and possesses exploration and exploitation capabilities. Fuligo Septica naturally lives in chilly and moist
conditions. Mainly the organic matter in the Fuligo Septica will search for the food and enzymes formed will digest the
food. In the movement of Fuligo Septica it will spread like a venous network, and cytoplasm will flow inside the Fuligo
Septica in all ends. THE proposed RD optimization algorithm and FSO algorithm have been tested in IEEE 14, 30, 57,
118 and 300 bus test systems and simulation results show the projected RD and FSO algorithm reduced the real power
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loss.
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1 Introduction

Reactive power problem plays an important role in
secure and economic operations of power system.
Numerous types of methods [1-6] have been utilized to
solve the optimal reactive power problem. However, many
scientific difficulties are found while solving problem due
to an assortment of constraints. Evolutionary techniques
[7-17] are applied to solve the reactive power and
optimization problems. This paper proposes Rock Dove
(RD) optimization algorithm and Fuligo Septica
Optimization (FSO) algorithm for real power loss
reduction. Proposed RD algorithm based on the natural
behavior of Rock Dove. Normally Rock Dove locates the
home and place by sun, familiar sight objects and magnetic
field. Through the nose they magnetic particles are
reaching to the brain in the part of trigeminal nerve. Rock
dove uses many tools to identify the diverse path. In the
proposed work atlas and range operator along with familiar
sight operator has been defined and modelled. Each Rock

Dove explore through the solution space by varying its
flight based on its own individual most excellent position.
Rock Dove moves towards global best path by the
evaluation of the paths. Procedure of discover the solution
space is repetitive until the utmost iterations reached.
Based on their fitness value Center of the Rock Dove
raking is done. Lowest fitness value possessed Rock Dove
will move towards those Rock Dove which has highest
fitness values. This will diversify the solution space and
thus avert the premature convergence. Then in this work
Fuligo Septica Optimization (FSO) algorithm is designed
for real power loss reduction. Natural vacillation mode of
Fuligo Septica has been imitated to design the algorithm.
Solid veins form generally beside the radius when the
retrenchment frequencies diverge from exterior to within.
Once the retrenchment mode is unbalanced, anisotropy
commences to materialize. Once the retrenchment model
of Fuligo Septica is not prearranged with time and space,
then the venous formation will not exist. Consequently, the
association between venous formation and retrenchment
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model of Fuligo Septica is constant with the outline of in
nature produced cells. The depth of each vein is defined by
the flow feedback of the cytoplasm. Veins diameter
increased by the flow of cytoplasm. When flow decrease,
the veins diameter decreases. Proposed Rock Dove (RD)
optimization algorithm and Fuligo Septica Optimization
(FSO) algorithm has been tested in standard IEEE 14, 30,
57, 118 and 300 bus test systems and simulation results
show the projected RD and FSO algorithm reduced the real
power loss efficiently.

2 Research Methodology

2.1 Problem formulation

Objective of the problem is to reduce the true power
loss:

F=P, = Jkenor 8k (V2 + V7 —2ViVjcosty). (1)
Voltage deviation is given as follows:
F = P, + o, X Voltage Deviation. 2

Voltage deviation given by:

Voltage Deviation = Y120 |V; — 1]. 3)
Constraint (equality):
PG = PD + PL' (4)

Constraints (inequalities):

ok < Pasiack < Paeineic (5)
Qo™ < Qg < Qg™ ,i € Ng; (6)
VoIl <V, < VA € Ny (7
TMN < T, < TM3 i € Ny 3
Q" < Q. < QF™,i€Nc. )

2.2 Rock Dove optimization algorithm

Rock Dove (RD) optimization algorithm is defined and
designed for real power loss reduction in this work. The
natural actions of Rock Dove have been imitated to model
the algorithm. Many researchers revealed that movement
of the Rock Dove towards a particular place is based on
the familiar (sight) objects on the traveling directions. In
the formulation of the algorithm, atlas and range operators,
and familiar sight operator have been defined and
modeled.

In the movement of Rock Dove the conception of atlas
and range operator along with familiar sight operator will
assist the Rock Dove to find the direction and position.

Velocity;(t) = Velocity;(t — 1) - et + random *

* \ Lcurrent best position — YNew position (t - 1)) ; (10)

YNew position = Ynew positian(t - 1) + VelOCityi (t)a (1 1)
where “ar” represents the atlas and range operator.

In each generation, total number of Rock Dove will be
reduced to semi Numberyopuiaion during the phase of
familiar sight operator and the Rock Dove, which possess
the poor fitness value, which occupies the lower half will
be abandoned. Since it is to be assumed that those Rock
Dove are unfamiliar with familiar sights and very far from
the reaching place. Few Rock Dove will be at center of the
iteration and symbolized as Y,(t) and each rock dove can
fly towards the final target place. The position of the Rock
Dove is computed by

Number. ion(t—1)
_ population .
Numberpopulation - 2 ’ (12)

X Ynew positiun'fitness(ynew position(t))

Numberpopuiation & fitness(ynew position(t)

Yc(t) = ); (13)

Ynew position (t) = Ynew position (t - 1) +
+random - (Yc (t) - Ynew position (t - 1)) (14)
Individual Rock Dove fitness value is computed by

1

f(ynew position(t))""‘—'

f (Ynew position (t)) = (15)

With respect to memory space Rock Dove memory
allocated as follows:

Rock Dove Memory =
JA€Y) (V) 11 f()

Veo (1) F V)]

(16)

Vi (V)

The fitness cost function is computed with respect to the
penalty function by

Fitness(solution) = Y. ; RD;s[i] X penalty[i].(17)

The following consequence is applied:

1) start;

2) initialization of parameters;

3) engender the population of Rock Dove;

4) velocity and path of each Rock Dove generated;

5) each Rock Dove fitness value is computed;

6) for obtaining a global path, comparison is done
between individual Rock Dove fitness;

7) while t < t; maximum do;

8) apply the atlas and range operator;

9) wvelocity and path of each Rock Dove are updated;

10) the global best path updated;

11) end while;
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12) while t < t, maximum do;

13) apply the familiar sight operator;

14) with respect to the fitness value sort the Rock
Dove;

15) Rock Dove with low fitness value will follow the
high fitness value possessed Rock Dove (12);

16) center of Rock Dove is founded (13);

17) fly directions of Rock Dove are assigned (14);

18) best Rock Dove parameters are memorized,

19) the best fitness value of Rock Dove is saved in
memory;

20) end while;

21) end.

2.3  Fuligo Septica Optimization Algorithm

In this work, Fuligo Septica Optimization (FSO)
algorithm is designed for real power loss reduction. The
natural vacillation mode of Fuligo Septica has been
imitated to design the algorithm. Fuligo Septica connects
the food through swinging action and posses exploration
and exploitation capabilities. Fuligo Septica naturally lives
in chilly and moist conditions. Mainly the organic matter
in the Fuligo Septica will search for the food, and enzymes
formed will digest the food. In the movement of Fuligo
Septica it will spread like a venous network and cytoplasm
will flow inside the Fuligo Septica in all ends. The major
advantage of the Fuligo Septica spreading venous like
structure is multiple ways it can access the food. When the
vein of Fuligo Septica moves towards the food source, the
bio-oscillator engender a propagating wave that augments
cytoplasmic flow in the vein, enhancing vein thickness.
The amalgamation of positive and negative feedback, the
Fuligo Septica put up an optimal path to unite food in a
better-quality manner. The venous composition of Fuligo
Septica expands along with the segment differentiation of
the retrenchment mode. Consequently, there are three
associations among the morphological alteration of the
venous arrangement and the retrenchment method of
Fuligo Septica. Solid veins generally form beside the
radius when the retrenchment frequencies diverge from
exterior to within. Once the retrenchment mode is
unbalanced, anisotropy commences materializing. Once
the retrenchment model of Fuligo Septica is not
prearranged with time and space, then the venous
formation will not exist. Consequently, the association
between venous formation and retrenchment model of
Fuligo Septica is constant with the outline of in nature
produced cells. The depth of each vein is defined by the
flow feedback of the cytoplasm. Veins diameter increased
by the flow of cytoplasm. When flow decrease, the veins
diameter decreases. When the food concentration is high
then Fuligo Septica will grow stronger and stronger.
Exactly with respect to the food concentration, Fuligo
Septica will adjust its movement. Depend upon the
availability of food sources, Fuligo Septica will
dynamically adjust the search patterns.

With respect to the smell of the air, Fuligo Septica will
approach the food, and it expressed with retrenchment
mode by:

T+ G5 - (7 T - T, <);

Yt+1) = N
G.-Y(t), r=p.

(18)

Where Z{ andﬁ are arbitrarily selected individuals:

p = tanh|Fitness(i) — Best Fitness|; (19)

—

Gb = [—a,a]; (20)

a = arctanh (_ ( current iteration ) + 1); (21)

maximum_iteration

value of Smell index (H(l)) =
.(1 +r.log < B.est fitness — S(l.) >
| Best fitness — worst fitness
unique condition
Best fitness — S(i) .
Best fitness — worst fitness >
remaining

(22)

1—r.log<

value of Smell index = sort (S). (23)
Location of the Fuligo Septica is updated by

7= (24)

random. (Upper bound — Lower bound) + Lower bound, random < Z;

_ 7@ + G5 - (71,0 - 120 <p);

G.-Y(©0, r=p.

Both G_b) and EC) imitate the natural behavior of the

Fuligo Septica. In the swinging development GT, kindle the
state of the Fuligo Septica about the decision to be with the
particular food source or to find another higher
concentration food source.

The following consequence is applied:

1) start;

2) initialization of parameters;

3) engender the population of Fuligo Septica;

4) position of Fuligo Septica is initialized;

5) Y(i=12,..,n);

6) while (current iteration(t) < amx_iteration);

7) the fitness value of each Fuligo Septica computed;

8) update the best fitness value;

9) compute the oscillation frequency of Fuligo Septica (22):

10) for every explores segment to update the values

p, gb, gc;

11) update the position of Fuligo Septica (24);

12) end for;

13) t=t+1;

14) end while;

15) return the best fitness.

3 Results

Rock Dove (RD) optimization algorithm and Fuligo
Septica Optimization (FSO) algorithm evaluated in IEEE
14,30, 57, 118 and 300 bus systems [18] the validity of the
and comparison results are presented in Table 1. Real
power loss and percentage of real power loss reduction
comparison are shown in Figure 1.
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Table 1 — Comparison of losses

IEEE 14 bus system
Value of the Method Method PSO Method EP Method
P t RD F
arameters base case [19] | MPSO [19] [24] [23] SARGA [23] S0
Percentage of
Reduction in 0 9.2 9.1 1.5 2.5 26.12 26.07
power loss
Power Loss
13. 12.2 12.31 13.34 13.21 10.01 10.01
(MW) 3.550 93 315 3.346 3.216 0.010 0.017
IEEE 30 bus system
Parameters Value of the Method Method PSO Method EP Method RD FSO
base case [19] MPSO [19] [24] [23] SARGA [23]
Percentage of
Reduction in 0 8.4 7.4 6.6 8.3 18.00 18.29
power loss
Power Loss
17. 16. 16.2 16. 16. 14. 14.34
(MW) 7.55 6.07 6.25 6.38 6.09 39 3
IEEE 57 bus system
Parameters Value of the Method Method PSO | Method CGA | Method AGA RD FSO
base case MPSO [19] [24] [23] [23]
Percentage of
Reduction in 0 15.4 14.1 9.2 11.6 22.87 22.90
power loss
Power Loss
(MW) 27.8 23.51 23.86 25.24 24.56 21.441 21.433
IEEE 118 bus system
Parameters Value of the Method Method PSO Method Method RD FSO
base case [19] MPSO [19] [19] IPSO [22] CLPSO [22]
Percentage of
Reduction in 0 11.7 10.1 0.6 1.3 13.32 13.39
power loss
Power Loss
(MW) 132.8 117.19 119.34 131.99 130.96 115.10 115.01
IEEE 300 bus system
Parameter EGA [21] FEA [21] CSA [20] RD FSO - -
P L
ower -oss 646.2998 650.6027 635.8942 612.0914 612.0099 - -
(MW)
30 M Base case 20 - M Base case
2 u MPSO 15 - = MPSO
15
10 mPSO 10 - m PSO
> EP | EP
0 5
Percentage Power Loss B SARGA 0 T ‘ B SARGA
of (MW) ®RD Percentage  Power Loss ®RD
Reduction in of Reduction (MW)
power loss FSO in power loss FSO
a b
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30 1 B Base case 140 ~ M Base case
25 120 -
20 = MPSO 100 - = MPSO
15 = PSO 80 m PSO
10 - 60 -
5 - EP 40 - EP
0 T ~ mSARGA 20 1 M SARGA
Percentage Power Loss 0 T T
of Reduction  (MW) ®RD Percentage  Power Loss mRD
in power FSO of Reduction (MW) £SO
loss in power loss
c d
660 B EGA
640 m FEA
620 CSA
600 RD
580
Power Loss in MW WSO

Figure 1 — Comparison of power losses: IEEE14 bus system (a); IEEE 30 bus system (b); IEEE 57 bus system (c);
IEEE 118 bus system (d); IEEE 300 bus system (e)

4 Conclusions

In this paper, Rock Dove (RD) optimization algorithm
and Fuligo Septica Optimization (FSO) algorithm have
been successfully real power loss. In RD algorithm Rock
Dove moves towards the global best path by the evaluation
of the paths. The procedure for discovering the solution
space is repetitive until the utmost iterations are reached.
Based on their fitness value center of the Rock Dove
raking is done. The lowest fitness value possessed Rock
Dove will move towards those Rock Dove, which has the
highest fitness values. Only some Rock Dove will be at
center of the iteration, and each Rock Dove can fly towards
the final target place. In FSO algorithm, solid veins
generally form beside the radius when the retrenchment
frequencies diverge from exterior to within.
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