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Although swarm intelligence optimization algorithms, such as simulating bio-
logical bionic behaviors or natural laws have been relatively mature, there are
relatively few algorithms considering multi-graph network evolutionary behav-
iors and the algorithms combining graph network structure with biomimetic
behaviors are worth studying. In this paper, a multi-graph network popula-
tion optimization algorithm with migration and best hunter crossover strategies
was proposed for cross-field applications. The gorgeous central radial multi-
graph matrices were rotated and deformed to change different formations while
hunting prey. The global graph population of a strong group was adopted to
explore prey in a large range and the local graph population of a weak group
was adopted to guard food in a small range near their prey or home. The
migration strategy was aimed at reducing overexploitation by hunters and the
best hunter crossover strategy was aimed to retain the excellent genes of the
best hunter while also preserving the vitality of new individuals. Furthermore,
the proposed algorithm was applied to open-source function optimization prob-
lems, and extended to four engineering applications and design problems such
as multi-sector aviation scheduling, flexible workshop scheduling optimization,
unmanned aerial vehicle routing optimization of oil plants in three-dimensional
maps, and power system bus type optimization achieving competitive results.

Keywords:
Swarm intelligence algorithm
Multi-graph network
Evolutionary optimization algorithm
Cross field applications
Heuristic algorithm

AMS Classification 2010:
26A33; 34A08; 35H15; 34K50
47H10; 60H10

1. Introduction

Swarm intelligence algorithms are bionic random
probability heuristic search algorithms based on
the study on collective behaviors in decentralized
and self-organizing systems. In each iteration of
swarm intelligence algorithms, multiple individ-
uals jointly explore, and the defects of a single
individual are not expanded to the whole popula-
tion. Therefore, compared to the algorithm with
a single individual update, multiple individuals
are easier to escape the local optimal solution.

They can be roughly divided into biological
behavior simulation algorithms and natural law
simulation algorithms according to the different

types of simulated behaviors. The biological be-
haviors of simulation algorithms can be divided
into human and animal behaviors. Although
these algorithms are similar in to the way they
constantly update the current individuals through
iteration to make them gradually move toward the
optimal solution, they update current individu-
als in different ways. Many swarm intelligence
algorithms integrate mathematical functions or
network graph with biological bionic behaviors
or natural laws. The update rules for different
swarm intelligence algorithms are shown in Fig-
ure 1. Some algorithms update speed or position
according to different shapes and specific rules,
such as updates of linear, chain, sine/cosine, heap
structure, arithmetic operator, parabolic curve,
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cardioid curve, lightning attachment shape, ver-
tical normal vector, spiral curve, random type
within radius, rotating, contradictory splitting,
tumbling, and golden sine. Some algorithms up-
date the acceleration and velocity according to
the force relationship such as Archimedes Law,
Henry’s Law, the molecular dynamics model, and
the oscillation circuit. Some algorithms are up-
dated according to the network graph, such as
the updates of the Lichtenberg graph.

Although swarm intelligence optimization al-
gorithms, such as simulating biological bionic
behaviors or natural laws have been relatively
mature,1 there are relatively few algorithms con-
sidering multi-graph network evolutionary behav-
iors and the algorithms that combine graph net-
work structure with biomimetic behaviors are
worth studying. The Lichtenberg algorithm2 only
refers to the basic Lichtenberg graph, which may
lack some agility in certain hunting situations. In
this paper, a multi-graph network population evo-
lutionary optimization algorithm was proposed
for cross-field applications. The algorithm dy-
namically simulates the population predation pro-
cess through a graph network. Considering that
the population will change different formations
while hunting prey, sampling graph matrix was
rotated and deformed in the algorithm. Strong
groups in the population explore prey in a large
range, and weak groups develop and guard food in
a small range near their prey or home. After up-
dating individual positions based on multi graph
networks, the exponential migration strategy is
adopted to reduce overexploitation by hunters,
and the best hunter crossover strategy is intro-
duced to retain the excellent genes of the best
hunter while preserving the vitality of new in-
dividuals. Therefore, the multi-scale updating
strategy of global graph population and the local
graph population were adopted. Moreover, there
is relatively more research in a single field34 or
some cross fields,5 but the research on general al-
gorithms for other cross fields is also important.
To improve the usefulness of the algorithm, the
proposed bionic multi-graph network optimiza-
tion algorithms were extended to multi-sector
aviation scheduling (MSAS), Flexible workshop
scheduling (FWS), Unmanned aerial vehicle rout-
ing optimization (UAVRO) of oil plant in three-
dimensional (3D) map, and Power system bus
types optimization (PSBTO).

The rest of this paper is organized as fol-
lows. The related works are described in Section
2. The proposed multi-graph network population

evolutionary optimization algorithms with migra-
tion and best hunter crossover strategies for cross-
field applications are described in Section 3. The
algorithm implementation and the experiment re-
sults compared with other swarm intelligence al-
gorithms are described in Section 4. The main
findings of this study are concluded in Section 5.

2. Related methods

The overview of swarm intelligence algorithms is
shown in Figure 2.

2.1. Swarm intelligence algorithm

2.1.1. Biological behavior simulation
algorithm

The smell agent optimization6 simulates the be-
haviors of odor molecules and human agents. The
sniffing model simulates the ability of the agent’s
olfaction to perceive odor molecules when odor
molecules diffuse from the odor sources to the
agents. The speeds and individual positions are
updated by simulating the effects of tempera-
ture and mass on the kinetic energy of odor
molecules. Tracking model simulates the trace-
ability ability of agents to track odor molecules.
The pathfinder algorithm7 simulates the behav-
iors of pathfinders and followers. The pathfinders
are the leaders of the followers and the explor-
ers of the global search directions. The Sperm
swarm optimization mainly simulates the pro-
cess of egg fertilization by sperm based on fer-
tilization activity. In the algorithm, tempera-
ture, and pH value affect the update of individual
speed. The Brain storm optimization 9 simulates
the discussion behaviors of human brainstorm-
ing, adopts clustering ideas to search for local op-
timal values, and obtains global optimal values
by Comparing local optimal values.10 The social
network Search optimization11 simulates the im-
itations, dialogues, debates, and innovation emo-
tions when users express their opinions in social
network. The Gaining sharing knowledge12 opti-
mization simulates the process of acquiring and
sharing knowledge in primary homogeneous ac-
quisition stage and Advanced hierarchical acqui-
sition stage.13 The cooperation search algorithm14

is inspired by the cooperative behaviors of modern
enterprise teams, which simulates the interaction
behaviors of the chairman, supervisors, board of
directors, and staff. This algorithm updates in-
dividuals by referencing the average of the best
and elite individuals, as well as the current indi-
vidual’s mirror point. The heap based optimiza-
tion algorithm15 simulates the tree hierarchical
heap structure of the company, forms the inter-
action between individuals with the concept of
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Figure 1. The update rules for different swarm intelligence algorithms

Figure 2. The overview of swarm intelligence algorithms
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heap, and constructs three-mathematical models
to develop new solutions.? The golden eagle opti-
mization (GEO)16 simulates the interactive hunt-
ing between the attack vector toward the prey
and the circular cruise normal vector. They show
more tendency to cruise and look for prey in the
early stage of hunting, but they show more ten-
dencies to attack in the final stage. The Seag-
ull optimization algorithm17 simulates the spiral-
shaped predatory behaviors of seagulls that of-
ten use bread crumbs to attract fish, and make
sounds to attract underground earthworms by
their feet. The Capuchin search algorithm18 simu-
lates the behaviors of capuchin monkeys, such as
jumping between the trees, jumping among the
ground, walking on the ground, normal walking,
local climbing, and chasing. The Manta ray forag-
ing optimization19 simulates chain foraging, spi-
ral foraging, and Tumbling foraging behaviors of
manta rays.20 The Chameleon search algorithm21

simulates the behaviors of a chameleon, which ro-
tates nearly 360◦ to locate prey and captures prey
with a high-speed launched sticky tongue accord-
ing to the motion equation. The Honey badger
algorithm22 mainly simulates the cardioid curve
mining behavior and honey gathering behavior of
honey badgers for optimization.

2.1.2. Natural law simulation algorithm

The wind-driven optimization23 simulates the
forced movements of air particles in the atmo-
sphere, and the position is updated by combi-
nation with Newton’s Second Law and the ideal
gas equation of state.24 The artificial electric field
algorithm25 simulates the movements of charged
particles in the electrostatic field, which attract or
repel each other under the action of the electric
force. Particles with large charges can attract all
other particles with low charges closer to them.
The Archimedes optimization algorithm26 simu-
lates the Archimedes’ buoyancy law, which up-
dates the density, volume, buoyancy, and acceler-
ation of the immersed object according to the col-
lision with other adjacent objects. The Henry gas
solubility optimization27 simulates Henry’s Law,
which deals with the relationship among tem-
perature, liquid type, volume and the amount
of gas dissolved in the liquid [28]. The light-
ing attachment procedure optimization29 simu-
lates the lightning upward leaders in nature to
approach the optimal and downward leaders to
increase the exploration connection process. The
golden sine algorithm30 simulates the unit cir-
cle scanning of the sine function and reduces
the search space by the golden section to ap-
proximate the optimal solution for updating the

search space of the candidate solution.31 The
arithmetic optimization algorithm32 simulates the
global search through a multiplication strategy
and a division strategy to enhance the global
optimization ability of the algorithm and over-
come premature convergence. The addition strat-
egy and subtraction strategy are used in the de-
velopment stage to reduce the dispersion of the
solution.? The sine cosine algorithm33 fluctuates
outward or toward the direction of the optimal
solution based on the mathematical model of
sine and cosine.? The yin yang pair optimization
(YYPO)34 achieves balance through the coordi-
nation and supplement between the two contra-
dictory behaviors and updates the solution by
one-way splitting or D-direction splitting.35 The
atom search optimization36 simulates the phe-
nomenon that atoms move due to the mutual
attraction and repulsion forces under the sys-
tem constraints based on the molecular dynamics
model.37 The transient search algorithm38 is in-
spired by the oscillation circuit. When the switch
changes the transient state, the capacitor or in-
ductor needs time to charge or discharge through
the first circuit and the second-order circuit until
it reaches the steady-state value. The Lichten-
berg algorithm2 is an algorithm that adopts the
Lichtenberg graph with branches and feathers to
search and update.

2.2. Lichtenberg algorithm

The Lichtenberg pattern, a sculpture about catch-
ing lightning discharge pattern, was first created
by the German physicist Lichtenberg. The LA2

is a natural law simulation algorithm for search-
ing and updating the Lichtenberg pattern, which
has branches with a radiating center that looks
like snowflakes or feathers. The current best in-
dividual is at the center, and the individual is
updated by reference to the rotated random sam-
pling Lichtenberg pattern. Although Lichtenberg
pattern-based algorithms have achieved some re-
sults, algorithms that combine other graphs and
biomimetic strategies are still worth studying.

3. Multi-graph network population
optimization with migration and best
hunter crossover strategies

The proposed framework of the multi-graph net-
work population optimization algorithm (MGN-
POMC) with migration and best hunter crossover
strategies (MC) for cross-fields applications is
shown in Figure 3. Considering too many sub-
graphs, only three representative subgraphs of
MGNPOMC1, MGNPOMC3, and MGNPOMC4
are presented in Figure 3, while the other three
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subgraphs of MGNPOMC2, MGNPOMC5, and
MGNPOMC6 are represented by ellipses and de-
scribed in Figures 4, 5, and 6. In the migra-
tion strategy, the MGNPOMC4 representative
subgraphs is represented in Figure 3, while the
other five subgraphs were also used in the ex-
periment. The proposed framework includes two
parts: bionic multi-graph network population op-
timization algorithm and cross field applications.

(i) The MGNPOMC was obtained by refer-
ring to Julia graphs with different shapes
and scales. By reference to the population
Julia graph with a central radiation shape,
prey was taken as the center and random
sampling of different patterns was used as
the basis graphs, which rotated and de-
formed randomly. The positions of can-
didate individuals were updated accord-
ing to the generated graph library with
global and local scales. After scaling and
rotating in the local and global popula-
tion graph network optimization, the mi-
gration strategy was adopted to reduce
overexploitation by hunters, and the best
hunter crossover strategy was introduced
to retain the excellent genes of the best
hunter while preserving the vitality of new
individuals.

(ii) The proposed bionic MGNPOMC algo-
rithm was extended to cross-field applica-
tion and design problems. The algorithm
was applied to open-source function opti-
mization problems such as F1-F23, CEC
2019 (cecF1-cecF10), and F1- F50 test
functions, and to four engineering applica-
tions and design problems such as MSAS,
FWS, UAVRO of oil plant in 3D map, and
PSBTO, achieving competitive results.

The prey in the algorithm corresponds to the
best individual of the current iteration. The
change of population formation during predation
corresponds to the rotation and deformation of
the basis graph. In the process of predator chas-
ing prey, the current optimal solution in the al-
gorithm updates with iteration and approaches to
the global optimal solution gradually. The scaling
of global and local graph population in each iter-
ation corresponds to the large-scale exploration
of groups with strong physique of the population
and the small-scale utilization of individuals with
poor physique.

The proposed algorithm process is as follows:

3.1. Generation of basis multi-graph

Different original Julia graphs were obtained. Ju-
lia graphs with different gorgeous shapes in Figure

4 were obtained by different Ccons(ig) and itera-
tion Niterg(ig). The ig is the index of Julia graph
and the Niterg is the total number of Julia graphs.
The Ccons and Niterg in different Julia graphs are
shown in Table A1. The initial value of complex
matrix Znew was divided into real and imaginary
parts. The real part remained constant across
each column, while the imaginary part increased
from –1.5 to 1.5. Conversely, the imaginary part
remained constant across each row, while the real
part increased from –1.5 to 1.5. If the modulus of
the complex element in the matrix |Z(irow, jcol)|
is less than 2, the corresponding element in Zdata

that the record of the color information of the
graph is updated to iiterg . Different Ccons and it-
erations Niterg generate different matrices Zdata.
Figure 4 obtained by different matrices Zdata and
corlormaps.{

Znew(irow, jcol) = Z
Ppower

his (irow, jcol) + Ccons(k)
Zdata(irow, jcol) = iiterg , |Znew(irow, jcol)| < 2

(1)

The multiple different cropped basis Julia graphs
were obtained as the basis of individual hunting
formations. The graph obtained by Zdata was
cropped near the center with the max value in
the matrix Zdata and used as the basis for in-
dividual sampling and updating of the network.
The brightness of the gray background graph in
Figure 5 was controlled by scaling Zbri. The ref-
erence sampling graph matrix M was obtained.
Matrix M is the position coordinates of elements
in basis cropped graphs that meet the conditions
Zdata(irow, jcol) > 0.5 ·max(Zdata). The points in
the matrixM are represented by the red scattered
points in Figure 5.

Zbri(irow, jcol) =
200

max(Zdata)
·Zdata(irow, jcol) (2)

3.2. Hunting by multi-graph network

Individuals Xind were randomly initialized to
Xinit within the range of Llb to Lub, and the
best individual of the population was taken as the
starting point Xstart at iteration titer.

Xinit(i, j) = Llb + (Lub − Llb) · rrnd (3)

The sampling graph matrix was randomly ro-
tated and scaled to obtain the local and global
candidate point library according to the graph
network.

In MGNPO(01-06) and MGNPOMC(01-06),
the 01-06 graph network were adopted. In
MGNPOP and MGNPOMCP, graph networks
with probability were randomly selected from six
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Figure 3. The multi-graph network population optimization with migration and best hunter crossover
strategies

01 02 03

04 05 06

Figure 4. Julia graphs with different gorgeous shapes by different Ccons and iterations Niterg

graphs. The reference sampling graph matrix M
was randomly rotated.

{
θr = θ0 · rrnd

M(ip, 1) = M(ip, 1) · cos(θr)−M(ip, 2) · sin(θr)
M(ip, 2) = M(ip, 1) · sin(θr) +M(ip, 2) · cos(θr)

(4)

If the individual dimension is greater than 2,
the values of other dimensions are updated as fol-
lows. Index jd is an odd number between 1 and
Nd.

{
γ = θ0 · rrnd

X1(ip, jd) = M(ip, jd) · cos(γ)−M(ip, 2) · sin(γ)
X1(ip, jd + 1) = M(ip, jd) · sin(γ) +M(ip, 2) · cos(θ)

(5)

The values X1 of each dimension jd were nor-
malized and scaled. Parameter Xc(jd) is the cen-
ter of matrix X2 in dimension jd. The NX2 is
the number of points in X2. The middle position

of X2(
NX2
2 , jd) is updated to the center Xc. Li-

brary Xlib is the candidate point library updated
according to the graph network.
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01 02

03 04

05 06

Figure 5. The basis graphs for individual sampling and updating in the network


rscale = 1.2 · rrnd

wscale(jd) = cscale · rscale · Lub(jd)−Llb(jd)
max(X1(jd))−min(X1(jd))

X2(ip, jd) = wscale(jd) ·X1(ip, jd)

Xc(jd) =
max(Xc(jd))−min(Xc(jd))

2
+min(Xc(jd))

X2(
NX2

2
, jd) = Xc(jd)

(6)

Coefficient cscale adjusts the local and global
update in the graph network. The cscale = 0.4 and
cscale = 1 correspond to local update XlocalLib of
Xlib and global update XglobalLib of Xlib, respec-
tively.

Global and local individuals were randomly
sampled to form the updated population. Npop ·
0.4 global individuals from XglobalLib were ran-
domly sampled to obtain XglobalS , Npop ·0.6 global

individuals from XlocalLib were randomly sampled
to obtain XlocalS , and then XglobalS and XlocalS

were combined to form the updated population
Xnew. The local and global population graph op-
timization are shown in Figure 6.{

V (jd) = Xc(jd)−Xstart(jd)
Xlib(ip, jd) = X2(ip, jd)− V (jd)
Xnew = [XglobalS ;XlocalS ]

(7)

3.3. Migration and best hunter crossover
strategies

It is necessary to evaluate whether adopting the
best hunter crossover and migration strategies
is required. In original MGNPO(01-06) and
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01 02 03

04 05 06

Figure 6. Local and global population graph optimization

MGNPOP, the best hunter crossover and mi-
gration strategies are both not adopted. In
MGNPOMC(01-06) and MGNPOMCP, the best
hunter crossover and migration strategies are both
adopted. The best hunter crossover strategy and
migration strategy are shown in Figure 7. Al-
though only the MGNPOMC4 representative sub-
graph is represented in Figure 7, the other five
subgraphs were also selected in the experiment.

Xnew(jcd) =

{
Xnew(jcd) rrnd < pcd
Xbest(jcd) otherwise

(8)

After scaling and rotating Figure 5 in local
and global population graph network optimiza-
tion, the individuals intersect with the best hunter
to retain the excellent genes of the best hunter
while also preserving the vitality of new individ-
uals. If rrnd < pcd, the current individual retains
the genes of the new individual Xnew in dimen-
sion jcd; otherwise, the retain the genes of the best
hunter Xbest in dimension jcd.

When the prey in some areas is overexploited
by hunters, some hunters need to undergo an ex-
ponentially large-scale migration in search of a
new prey. If rrnd < pmig, we assume that the
individual requires a large-scale migration. If
rrnd < pmd, the jmd dimensional value of the
migration individual undergoes significant scal-
ing and updating. cmigscale is the coefficient of
migration scaling. If the new position after mi-
gration exceeds the boundary value, try again.
If it exceeds the maximum number of migration
attempts and still exceeds the boundary value,

Xnew(jmd) is updated to the boundary value Lub

or Llb.

Xnew(jmd) = e2·cmigscale·(rrnd−0.5) ·Xnew(jmd)) (9)

3.4. Pseudo code

The pseudocode of the MGNPOMC algorithm is
shown in Algorithm 1.

4. Results

Because of the randomness of the experimental re-
sults, 10 random experiments were conducted to
calculate the average value. On the four extended
application data sets, the random seed was fixed
as the default value of 1.

4.1. Function optimization problems

The first open-source dataset included the opti-
mization problems of F1-F2339 and cecF1-cecF10.
The cecF1-cecF10 are “100-digit challenge” of
CEC 2019 optimization problems.40 The second
open-source dataset is the optimization problems
of F1-F50.4142

4.1.1. MGNPO on F1-F23 and cecF1-cecF10

Firstly, contrast experiments were conducted to
verify the performance of multi-graph network
population evolutionary optimization algorithm
in the F1-F2339 and cecF1-cecF1040 test func-
tions. The average results are presented in Ta-
ble 1. In F1-F23, Niter is set to 100 and Npop

is set to 200. In cecF1-cecF10, Niter is set to 50
24
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A. The best hunter crossover strategy

B. The migration strategy

Figure 7. The best hunter crossover strategy and migration strategy
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Algorithm 1 The MGNPOMC algorithm.

1: Input: Encoded individual X and related application data.
2: Output: The optimized individual and related application results.
3: Firstly, start generating basis multi-graph.
4: for iiter = 1, ..., Niterg do
5: Set initial parameters such as Ccons(ig) and Niterg (ig).
6: for iiterg = 1, ..., Niterg (ig) do
7: Update Znew and Zdata by (1).
8: end for
9: Obtain original Julia graphs.

10: Update the matrix Zbri by (2) and obtain the gray background graph in Figure 5.
11: Update the matrix M and obtain the red scattered points in Figure 5.
12: Obtain cropped basis Julia graphs.
13: end for
14: Then the individuals begin to refer to the multi-graph network for hunting.
15: Individuals Xind are randomly initialized to Xinit by (3).
16: for titer = 1, ..., Niter do
17: The best individual of the population was taken as the starting point Xstart.
18: Select the graph network and corresponding M .
19: Start randomly rotating the reference sampling graph matrix M .
20: Update the M(ip, 1) and M(ip, 2) by (4).
21: Update the X1 by (5).
22: Set cscale = 0.4 as local scale factor and cscale = 1 as global scale factor.
23: Normalize and scale the X1 by (6) and different cscale to obtain X2.

24: The middle position of X2(
NX2

2 , jd) is updated to the center Xc.
25: Update the deviation V between the center Xc of the graph network and the starting point Xstart of

the population.
26: Update the Xlib by (7) and some as XglobalLib and some as XlocalLib.
27: for i = 1, ..., Npop

28: Randomly sample to obtain XglobalS and XlocalS and obtain Xnew.
29: Determine whether the new individual Xnew intersects with the best hunter Xbest by (8).
30: Determine whether the new individual Xnew needs to migrate to other areas by (9).
31: If this Xnew is better, update the current individual.
32: end for
33: end for
34: Find the global optimal individual and related application results.

and Npop is set to 200. Among the 33 test func-
tions, the average results of the reference LA only
had advantages in four test functions, and these
of MGNPO had advantages in 29 test functions.
The experimental results indicate that referring
to different graph networks for hunting forma-
tions has some impacts on the results. A bet-
ter result means a better prey or a better com-
bat performance. Different test functions corre-
spond to different prey or different enemy forces
in different enemy situations and terrains. Us-
ing different formations to hunt different forma-
tions to deal with enemy forces in different en-
emy situations and terrains is also in line with
natural laws. In most test cases, there is always
one type of MGNPO network in MGNPO(01-06)
that performs relatively well when hunting spe-
cific prey or knowing the enemy situation. But
sometimes predators do not know the strength
or enemy situation of their prey, and they can-
not know which graph network of formation is

suitable for hunting this prey or solve this test
function. A random method is adopted to se-
lect the graph network from 01 to 06 at each it-
eration in MGNPOP algorithm. Among the 33
test functions, the average results of the refer-
ence LA exhibited advantages in 14 test functions,
and those of MGNPOP had advantages in 19 test
functions.

4.1.2. MGNPOMC on F1-F23 and
cecF1-cecF10

Secondly, after scaling and rotating in local and
global population graph networks, the individu-
als intersect with the best hunter to retain the
excellent genes of the best hunter while also pre-
serving the vitality of new individuals. When the
prey in some areas is overexploited by hunters,
some hunters need to undergo an exponential
large-scale migration in search of new prey, which
gives the algorithm the opportunity to quickly
jump out of local optima in such situations. In
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Table 1. The average results comparison of different swarm intelligence algorithms

Fun LA(Ref)2
MGNPO

01 02 03 04 05 06 MGNPOP

F1 2.32E+00 1.30E+00 7.51E-01 2.97E+00 1.72E+00 1.17E+00 1.85E+00 1.24E+00
F2 3.46E+00 3.28E+00 3.30E+00 6.38E+00 3.33E+00 2.89E+00 3.44E+00 2.62E+00
F3 1.35E+02 4.38E+01 4.24E+01 9.54E+01 5.63E+01 4.69E+01 8.28E+01 3.64E+01
F4 2.04E+01 2.04E+01 1.40E+01 2.46E+01 1.73E+01 1.71E+01 2.18E+01 2.14E+01
F5 1.18E+03 1.11E+03 3.39E+02 9.55E+03 9.36E+02 5.18E+02 1.86E+03 6.26E+02
F6 2.00E+00 1.18E+00 1.11E+00 2.94E+00 1.24E+00 1.16E+00 2.02E+00 1.59E+00
F7 4.43E-02 3.67E-02 2.82E-02 6.49E-02 3.50E-02 2.04E-02 3.32E-02 3.61E-02
F8 -2.74E+03 -2.63E+03 -2.54E+03 -2.64E+03 -2.60E+03 -2.56E+03 -2.55E+03 -2.58E+03
F9 1.84E+01 1.70E+01 1.98E+01 2.42E+01 1.84E+01 1.78E+01 1.66E+01 1.60E+01
F10 4.33E+00 3.73E+00 2.99E+00 7.03E+00 4.58E+00 3.66E+00 3.20E+00 3.13E+00
F11 8.68E-01 9.28E-01 8.06E-01 1.01E+00 8.59E-01 7.71E-01 1.00E+00 8.95E-01
F12 1.24E+01 1.41E+01 1.25E+01 2.63E+01 9.74E+00 1.08E+01 1.16E+01 1.26E+01
F13 7.20E-01 1.11E+00 8.36E-01 1.16E+01 8.91E-01 3.48E-01 3.10E+00 2.29E+00
F14 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01
F15 4.65E-03 2.82E-03 2.89E-03 2.89E-03 2.81E-03 2.94E-03 3.12E-03 2.91E-03
F16 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00
F17 3.17E-01 3.17E-01 3.17E-01 3.17E-01 3.17E-01 3.17E-01 3.17E-01 3.17E-01
F18 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00
F19 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00
F20 -3.24E+00 -3.24E+00 -3.25E+00 -3.24E+00 -3.24E+00 -3.24E+00 -3.24E+00 -3.24E+00
F21 -1.02E+01 -1.02E+01 -1.00E+01 -1.01E+01 -9.40E+00 -9.40E+00 -1.02E+01 -1.01E+01
F22 -9.59E+00 -1.04E+01 -9.69E+00 -1.04E+01 -8.21E+00 -1.04E+01 -1.04E+01 -9.64E+00
F23 -9.86E+00 -9.86E+00 -9.86E+00 -9.86E+00 -9.86E+00 -9.86E+00 -8.52E+00 -9.86E+00
cecF1 3.29E+07 3.48E+07 2.01E+07 4.59E+07 3.06E+07 2.46E+07 3.38E+07 3.23E+07
cecF2 7.63E+03 7.21E+03 6.94E+03 7.42E+03 7.18E+03 6.71E+03 7.18E+03 7.18E+03
cecF3 7.44E+00 7.22E+00 6.96E+00 7.71E+00 8.23E+00 6.71E+00 8.56E+00 8.40E+00
cecF4 4.32E+01 4.79E+01 5.18E+01 5.04E+01 5.42E+01 4.35E+01 5.27E+01 4.55E+01
cecF5 2.12E+00 2.03E+00 1.90E+00 2.15E+00 1.94E+00 1.99E+00 2.00E+00 2.01E+00
cecF6 9.34E+00 9.49E+00 9.60E+00 8.35E+00 8.76E+00 8.89E+00 9.18E+00 9.65E+00
cecF7 1.19E+03 1.18E+03 1.13E+03 1.27E+03 1.22E+03 1.23E+03 1.20E+03 1.29E+03
cecF8 4.42E+00 4.50E+00 4.52E+00 4.58E+00 4.54E+00 4.49E+00 4.64E+00 4.39E+00
cecF9 1.53E+00 1.48E+00 1.48E+00 1.55E+00 1.49E+00 1.50E+00 1.54E+00 1.55E+00
cecF10 2.14E+01 2.14E+01 2.14E+01 2.14E+01 2.13E+01 2.13E+01 2.14E+01 2.14E+01
VS(win) 4 29
VS(win) 14 19

MGNPOMC(01-06) and MGNPOMCP, the best
hunter crossover and migration strategies are both
adopted. The average results comparison of dif-
ferent swarm intelligence algorithms with migra-
tion strategies is presented in Table 2. Among
the 33 test functions, the average results of the
reference LA only had advantages in four test
functions, and those of MGNPOMC had advan-
tages in 29 test functions. The experimental re-
sults indicate that referring to different graph
network hunting formations has some impacts
on the results. Different formations are used
to hunt different formations to deal with en-
emy forces in different enemy situations and ter-
rains. But sometimes predators do not know the
strength or enemy situation of their prey, a ran-
dom method is adopted to select the graph net-
work from 01 to 06 at each iteration in MGN-
POMCP algorithm to deal with unknown enemy
situations.

4.1.3. Comparative experiments with other
classic algorithms

Thirdly, we also conducted comparative ex-
periments with other algorithms on the F1-
F2339 and cecF1-cecF1040 test functions. The
average results comparison of the proposed
method with the Giza pyramids construction,43

the chimp optimization algorithm,44 the Henry
gas solubility optimization,27 the particle swarm
optimization [45], the simplified the human
learning optimization,46 the rider optimiza-
tion algorithm,47 and the whale optimization
algorithm39 are shown in Table 3. VS1 is a com-
parison marker between the MGNPOMC method
and the reference method in the current column,
where 1 represents MGNPOMC victory, -1 rep-
resents reference method victory, and 0 repre-
sents the similarities. VS2 is a comparison marker
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Table 2. The average results comparison of different swarm intelligence algorithms with best hunter crossover
and migration strategies

Fun LA(Ref)
MGNPOMC

01 02 03 04 05 06 MGNPOMCP

F1 2.32E+00 7.00E-86 1.02E-88 3.08E-96 1.72E-77 2.54E-86 2.53E-96 1.51E-106
F2 3.46E+00 1.01E-43 2.28E-60 5.95E-56 4.95E-55 1.22E-54 1.37E-51 5.13E-57
F3 1.35E+02 5.86E-29 6.52E-42 1.04E-15 1.45E-17 1.98E-26 7.95E-18 1.37E-34
F4 2.04E+01 2.88E-23 3.56E-37 9.72E-32 1.36E-28 3.39E-38 1.81E-27 1.70E-32
F5 1.18E+03 7.92E+00 7.95E+00 7.87E+00 7.86E+00 7.96E+00 7.80E+00 7.90E+00
F6 2.00E+00 8.49E-03 8.35E-03 1.06E-02 7.27E-03 1.12E-02 1.40E-02 9.85E-03
F7 4.43E-02 9.82E-04 9.52E-04 9.97E-04 5.00E-04 9.33E-04 6.38E-04 4.23E-04
F8 -2.74E+03 -3.68E+03 -3.63E+03 -3.64E+03 -3.63E+03 -3.64E+03 -3.66E+03 -3.68E+03
F9 1.84E+01 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
F10 4.33E+00 8.88E-16 8.88E-16 8.88E-16 8.88E-16 8.88E-16 8.88E-16 8.88E-16
F11 8.68E-01 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
F12 1.24E+01 1.06E-04 5.52E-05 9.74E-05 5.06E-05 1.24E-04 1.23E-04 1.72E-04
F13 7.20E-01 7.38E-04 1.60E-03 2.66E-03 3.57E-04 1.01E-03 5.95E-04 1.11E-03
F14 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01
F15 4.65E-03 2.66E-03 2.90E-03 2.93E-03 2.60E-03 7.20E-04 7.55E-04 2.91E-03
F16 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00
F17 3.17E-01 3.17E-01 3.17E-01 3.17E-01 3.17E-01 3.17E-01 3.17E-01 3.17E-01
F18 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00
F19 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00
F20 -3.24E+00 -3.26E+00 -3.26E+00 -3.26E+00 -3.26E+00 -3.26E+00 -3.26E+00 -3.26E+00
F21 -1.02E+01 -7.12E+00 -5.63E+00 -6.37E+00 -5.87E+00 -5.12E+00 -7.40E+00 -5.87E+00
F22 -9.59E+00 -6.72E+00 -5.52E+00 -6.05E+00 -6.34E+00 -6.48E+00 -5.52E+00 -6.48E+00
F23 -9.86E+00 -7.15E+00 -6.92E+00 -7.69E+00 -6.38E+00 -6.48E+00 -7.15E+00 -6.38E+00
cecF1 3.29E+07 1.60E+05 2.71E+03 9.23E+04 6.85E+05 8.13E+05 1.30E+05 9.05E+04
cecF2 7.63E+03 3.59E+02 2.28E+02 5.20E+02 1.67E+02 2.21E+02 9.05E+01 3.31E+02
cecF3 7.44E+00 5.48E+00 5.21E+00 6.13E+00 6.26E+00 5.66E+00 5.26E+00 5.12E+00
cecF4 4.32E+01 2.46E+01 2.34E+01 2.61E+01 2.37E+01 2.27E+01 2.92E+01 2.41E+01
cecF5 2.12E+00 1.38E+00 1.24E+00 1.31E+00 1.26E+00 1.31E+00 1.25E+00 1.29E+00
cecF6 9.34E+00 4.27E+00 4.01E+00 4.08E+00 4.64E+00 4.11E+00 4.84E+00 4.08E+00
cecF7 1.19E+03 6.68E+02 7.55E+02 8.76E+02 7.98E+02 7.61E+02 7.53E+02 7.19E+02
cecF8 4.42E+00 4.03E+00 3.98E+00 3.83E+00 4.09E+00 3.84E+00 4.12E+00 3.97E+00
cecF9 1.53E+00 1.33E+00 1.35E+00 1.35E+00 1.31E+00 1.34E+00 1.32E+00 1.34E+00
cecF10 2.14E+01 2.11E+01 2.11E+01 2.10E+01 2.10E+01 2.11E+01 2.11E+01 2.10E+01
VS(win) 4 29
VS(win) 4 29

between the MGNPOMCP method and the ref-
erence method in the current column. Count1
and Count2 are the sum of VS1 and VS2. If
Count1 or Count2 is greater than 0, the proposed
MGNPOMC or MGNPOMCP is better. Com-
pared to GPC, the average results of the reference
GPC have advantages in five test functions, and
those of MGNPOMC have advantages in 26 test
functions. The MGNPOMC and MGNPOMCP
both have 21 more test functions of obtaining ad-
vantages than GPC. Compared to ChOA, MGN-
POMC has 31 more test functions than ChOA
of obtaining advantages, MGNPOMCP has 29
more test functions than ChOA of obtaining ad-
vantages. Compared to HGSO, the MGNPOMC
and MGNPOMCP both have 12 more test func-
tions of obtaining advantages than HSGO. Com-
pared to PSO, MGNPOMC has 13 more test func-
tions of obtaining advantages than PSO, MGN-
POMCP has 11 more test functions of obtaining
advantages than PSO. Compared to SHLO, the

average results of the reference MGNPOMC and
MGNPOMCP have advantages in all 33 test func-
tions. Compared to ROA, the MGNPOMC and
MGNPOMCP both have 27 more test functions
of obtaining advantages than ROA. Compared to
WOA, MGNPOMC has 21 more test functions of
obtaining advantages than WOA, MGNPOMCP
has 17 more test functions of obtaining advan-
tages than WOA.

4.1.4. The significance p-value analysis

Fourthly, we conducted a statistical analysis of
the significance of p-values between the proposed
method and the original reference LA in the F1-
F23 and cecF1-cecF10 test functions. In each test
function, we took the results of 10 random runs
of the original reference LA as the first row of
matrix M1, and the results of 10 random runs
of the MGNPOMC as the second row of matrix
M1. Then, statistical analysis was performed
on the matrix M1 of each test function Table
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Table 3. The average results comparison of the proposed method with GPC, ChOA, HGSO, PSO, SHLO,
ROA, and WOA

Fun MGNPOMC MGNPOMCP GPC43 ChOA44 HGSO27 PSO45 SHLO46 ROA47 WOA39

F1 2.53E-96 1.51E-106 7.3211E-22 1.98E-11 3.39E-88 3.71E-03 2.55E+03 6.60E-08 6.63E-40
F2 2.28E-60 5.13E-57 4.4235E-12 1.78E-08 2.70E-46 1.30E-01 1.21E+01 3.68E-04 1.89E-25
F3 6.52E-42 1.37E-34 1.7463E-21 3.08E-05 4.41E-87 2.66E-01 1.23E+04 7.20E-07 2.98E+02
F4 3.39E-38 1.70E-32 1.4084E-11 4.59E-04 4.04E-46 1.40E-01 5.40E+01 1.30E-03 1.80E+00
F5 7.80E+00 7.90E+00 7.5112E+00 8.89E+00 7.52E+00 1.85E+01 3.48E+06 8.21E+00 6.55E+00
F6 7.27E-03 9.85E-03 5.9401E-01 1.41E-01 2.89E-01 5.32E-03 2.08E+03 2.50E+00 3.54E-04
F7 5.00E-04 4.23E-04 4.3785E-05 1.27E-03 1.32E-04 5.21E-02 1.73E+00 1.68E-02 1.96E-03
F8 -3.68E+03 -3.68E+03 -2.6107E+03 -2.22E+03 -4.70E+06 -2.53E+03 -2.27E+03 -1.81E+03 -3.59E+03
F9 0.00E+00 0.00E+00 0.0000E+00 8.90E+00 0.00E+00 2.21E+01 5.12E+01 8.01E-06 2.84E-15
F10 8.88E-16 8.88E-16 7.8108E-12 1.36E+01 8.88E-16 1.32E-01 1.37E+01 1.44E-04 5.51E-15
F11 0.00E+00 0.00E+00 0.0000E+00 1.74E-01 0.00E+00 1.45E-01 3.57E+01 3.57E-09 3.45E-02
F12 5.06E-05 1.72E-04 9.2657E-02 2.65E-02 6.08E-02 2.07E-04 1.15E+07 2.65E+00 5.48E-03
F13 3.57E-04 1.11E-03 4.7575E-01 9.57E-01 2.49E-01 2.95E-03 6.36E+06 2.05E-01 9.41E-03
F14 9.98E-01 9.98E-01 2.8147E+00 9.98E-01 1.31E+00 1.40E+00 7.49E+00 1.27E+01 1.39E+00
F15 7.20E-04 2.91E-03 5.6851E-04 1.27E-03 3.56E-04 9.73E-04 7.86E-02 7.12E-04 7.40E-04
F16 -1.03E+00 -1.03E+00 -1.0242E+00 -1.03E+00 -1.03E+00 -1.03E+00 -9.81E-01 -1.00E+00 -1.03E+00
F17 3.17E-01 3.17E-01 3.3275E-01 3.04E-01 -3.30E+08 -2.98E+23 3.23E-01 3.64E-01 3.04E-01
F18 3.00E+00 3.00E+00 4.4707E+00 3.00E+00 3.00E+00 3.00E+00 8.40E+01 2.07E+02 3.00E+00
F19 -3.86E+00 -3.86E+00 -3.6465E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.48E+00 -3.78E+00 -3.86E+00
F20 -3.26E+00 -3.26E+00 -2.4489E+00 -2.72E+00 -3.03E+00 -3.27E+00 -2.71E+00 -2.70E+00 -3.19E+00
F21 -7.40E+00 -5.87E+00 -1.6667E+00 -4.14E+00 -4.60E+00 -8.40E+00 -1.29E+00 -3.59E+00 -8.65E+00
F22 -6.72E+00 -6.48E+00 -1.7501E+00 -4.89E+00 -5.29E+00 -5.94E+00 -1.33E+00 -3.01E+00 -7.37E+00
F23 -7.69E+00 -6.38E+00 -2.1078E+00 -5.06E+00 -4.69E+00 -8.39E+00 -1.98E+00 -3.38E+00 -7.50E+00
cecF1 2.71E+03 9.05E+04 1.0000E+00 4.66E+06 1.00E+00 7.96E+08 3.53E+08 1.00E+00 3.89E+07
cecF2 9.05E+01 3.31E+02 5.0284E+00 4.10E+03 4.59E+00 2.82E+04 1.74E+04 5.00E+00 8.95E+03
cecF3 5.21E+00 5.12E+00 7.0772E+00 5.58E+00 7.57E+00 1.05E+01 1.12E+01 1.22E+01 6.96E+00
cecF4 2.27E+01 2.41E+01 5.7901E+01 6.53E+01 5.87E+01 4.03E+01 1.21E+02 1.41E+02 6.06E+01
cecF5 1.24E+00 1.29E+00 2.8859E+01 3.72E+01 1.57E+01 1.63E+00 7.36E+01 1.35E+02 2.72E+00
cecF6 4.01E+00 4.08E+00 6.9294E+00 9.75E+00 8.10E+00 3.51E+00 1.24E+01 1.54E+01 9.50E+00
cecF7 6.68E+02 7.19E+02 1.2290E+03 1.96E+03 1.72E+03 1.08E+03 2.06E+03 2.91E+03 1.40E+03
cecF8 3.83E+00 3.97E+00 4.5297E+00 4.84E+00 4.87E+00 4.14E+00 5.29E+00 5.52E+00 4.86E+00
cecF9 1.31E+00 1.34E+00 1.4834E+00 1.62E+00 1.71E+00 1.28E+00 3.37E+00 7.29E+00 1.34E+00
cecF10 2.10E+01 2.10E+01 2.1064E+01 2.15E+01 2.13E+01 2.14E+01 2.13E+01 2.18E+01 2.14E+01
Count1 21 31 12 13 33 27 21
Count2 21 29 12 11 33 27 17

A2. Pflag = 1 represents PProb>F < 0.05 and
Fflag = 1 represents F > 5.11. If Pflag and Fflag

are 1, there are significant differences between
different methods. The number of functions with
PProb>F (rows) < 0.05 between LA and MGN-
POMC is 32. The number of functions with
F > 5.11 between LA and MGNPOMC is 32.
That is to say, there is a significant difference
between LA and MGNPOMC in most test func-
tions. In each test function, we took the results
of 10 random runs of the original reference LA
as the first row of matrix M2, and the results of
10 random runs of MGNPOMCP as the second
row of matrix M2. Then, statistical analysis was
performed on the matrix M2 of each test function
and obtain Table Appendix A2. The number
of functions with PProb>F<0.05 between LA and
MGNPOMCP is 25. The number of functions
with F > 5.11 between LA and MGNPOMCP is
25. That is to say, there is a significant difference

between LA and MGNPOMCP in most test func-
tions. Compared to the original reference LA, the
proposed multi-graph network population evolu-
tionary optimization algorithm with best hunter
crossover and migration strategies showed a sig-
nificant improvement.

4.1.5. The MGNPOMC on the F1-F50

Finally, contrast experiments with Niter =
100, Npop = 200 were conducted on the F1-F50
test functions.4142 As shown in Appendix Table
A3, among the 50 test functions, the average re-
sults of the reference LA only had advantages in
five test functions, those of MGNPOMC have ad-
vantages in 44 test functions, and those of both
are the same in one test function. The average re-
sults of the reference LA had advantages in seven
test functions, those of MGNPOMCP have ad-
vantages in 42 test functions, and those of both
were the same in one test function.
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Table 4. The results comparison of different swarm intelligence algorithms in four extended applications

Fun LA(Ref)2
MGNPOMC

01 02 03 04 05 06 MGNPOMCP
MSAS 2.1801E+06 2.1895E+06 2.2207E+06 2.1773E+06 2.2090E+06 2.1910E+06 2.2217E+06 2.1621E+06
FWS 32 29 30 29 30 29 30 29
UAVRO 81.3860 93.5753 93.6252 71.6294 70.4079 67.5296 70.9937 56.4585
PSBTO 1.5923E+06 1.5921E+06 1.5921E+06 1.5921E+06 1.5921E+06 1.5921E+06 1.5921E+06 1.5921E+06

So, the proposed multi-graph network popu-
lation evolutionary optimization algorithm with
the best hunter crossover and migration strate-
gies methods has achieved competitive results in
function optimization.

4.2. Extended applications

The results comparison of different swarm intel-
ligence algorithms in the four extended applica-
tions is shown in Table 4.

Figure 8. The cities and flights of the multi-sector
aviation scheduling

4.2.1. Multi-sector aviation scheduling

Swarm intelligence individuals Xind correspond
to aviation control parameters. The individual
is a 3D vector; the first dimension controls the
flight priority Pflight, the second dimension con-
trols speed Pspeed, and the third dimension con-
trols the route type Prt. Individual fitness Yfit is
related to the actual time deviation ffit1 and the
flight’s actual arrival time ffit2.
The aircraft Ppos was found to dispatch. The
schedulable flight was sorted to obtain the prior-
ity index Pidx and the sorted flight Pspos according
to flight priority Pflight and Ppos. The speed of
this flight vflight was updated, which was related
to maximum speed vmax, minimum speed vmin,
flight numberNf , and speed priority Pspeed. Some
route types have multiple heights Nrf and param-
eter hidx controls, which height can be selected.

Figure 9. The fitness curves comparison of different
swarm intelligence algorithms in the multi-sector
aviation scheduling application

{
Pspos = Ppos(Pidx)
vflight = (vmax − vmin) · Pspeed(Nf ) + vmin

hidx = fceil(Nrf · Prt(Nf ))
(10)

ffit1 is the actual entry time minus the sched-
uled entry time Tscheduled of the flight, which
means early or late. The flight’s actual arrival
time ffit2 is the flight start time Tstart and air
navigation time Tflight.{

ffit1 = Tstart − Tscheduled

ffit2 = Tstart + Tflight

Yfit = w1 · ffit1 + w2 · ffit2
(11)

The cities and MSAS are shown in Figure
8. The small green dots are cities, the lines
with different colors are routes of different flights,
and the dashed lines with different colors are dif-
ferent sectors. The fitness curves and results
comparison of different swarm intelligence algo-
rithms with Niter = 10, Npop = 20 in MSAS ap-
plication are shown in Figure 9 and Table 4.
MGNPOMCP took 2.1621E The results of MGN-
POMC3 and MGNPOMCP are better than that
of LA in MSAS application.

4.2.2. Flexible workshop scheduling
optimization

The swarm intelligence individuals correspond to
the priority weight matrix of the process and ma-
chine and control whether the process and ma-
chine are selected. There are four machines, three
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workpieces, three processes for each workpiece,
and a total of nine processes. The dimension of
the individual Xind is 9 × 4 = 36. Individual fit-
ness Yfit is the time consumption after completing
all processes.

Ttemp is the actual time consumption. TMt

is the machine theoretical processing time matrix
of different workpieces and different machines in
the current process. WPri is the priority weight
matrix from Xind in the current process. TSt is
the temp start time matrix of different workpieces
and different machines in the current process. CPt

is the process coefficient matrix of different ma-
chines with different workpieces, and the coeffi-
cients of different machines with different work-
pieces are different. CW is the workpiece coeffi-
cient matrix of different processes and machines,
and the coefficients of different workpieces with
the same machine are different, but the coeffi-
cients of different processes with the same ma-
chine and workpiece are the same. TMt, TSt,
WPri, CPt, and CWt are all 3× 4 dimensions. TM

is the current end time vector of all four machines.
nM ,TS , and TT are the index of the machine, the
actual starting time, and the theoretical process-
ing time corresponding to the minimum value in
the temp matrix, Ttemp, respectively. TP is the
current end time vector of the temp process. Yfit
is the max TP of all processes. Since the start
time of the first process in all workpieces is ini-
tialized to 0, Yfit is also the time consumption
after completing all processes.

{
Ttemp = TMt·WPri·TSt

CPt·CWt

TS = max(TS ,TM (nM ))
Yfit = max(TP ) = max(TS + TT )

(12)

Figure 10. The fitness curves comparison of
different swarm intelligence algorithms in the flexible
workshop scheduling (FWS) application

A. LA

B. MGNPOMC

C. MGNPOMCP

Figure 11. The machining sequences optimized by
different swarm intelligence algorithms in the the
flexible workshop scheduling (FWS) application

Figure 12. The fitness curves comparison of
different swarm intelligence algorithms in unmanned
aerial vehicle routing optimization (UAVRO)
application

The fitness curves and results comparison
of different swarm intelligence algorithms with
Niter = 5, Npop = 50 in the the FWS optimization
application are shown in Table 4. The machin-
ing sequences are optimized by different swarm
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intelligence algorithms in the FWS application is
shown in Figure 11. The machining sequences
of the workpieces and the machines are shown
on the left and right of the subfigure, respec-
tively. The O1M3 indicates are machine 3 and
workpiece 1, and the O1J2 means are workpiece
1 and process 2. The results of MGNPOMC1,
MGNPOMC3, MGNPOMC5, and MGNPOMCP
are 29. The results of MGNPOMC1, MGN-
POMC2, MGNPOMC3, MGNPOMC4, MGN-
POMC5, MGNP0MC6, and MGNPOMCP are
better than that of LA in FWS application.

4.2.3. Unmanned aerial vehicle routing
optimization of oil plant in
three-dimensional map

There are 19 obstacles, one starting point, and
one ending point in UAV routing optimization of
an oil plant. Each obstacle is represented by a 6D
vector, indicating its XYZ position, length, width,
and height. Coordinate position and length are
discretized by unit length (50, 50, 1), such as
speed or flight distance per unit of expend, and
then the discrete point tensor in 20× 20× 20 dis-
crete space of an obstacle is obtained. There are
three cases in each dimension: forward, stop, and
backward [1, 0, -1]. After removing the fixed point
(0, 0, 0) in the 3D space, the (33 − 1) = 26 mov-
able directions Pdir are obtained. Swarm intelli-
gence individuals Xind with 8000D vectors are the
selection priorities Wpri of discrete tensor space
points. Individual fitness Yfit corresponds to the
minimum consumption of UAV routing from the
start point to the end point in a 3D map. The
small red circle is the starting point, the small
red five-star is the ending point, the box is the
obstacle, and the black point is the discrete point
of the obstacle.

The candidate movable point set PnextN

is the current point Pcur plus each direc-
tion vector Pdir. The candidate points that
exceed the boundary (PnextN (i, :) < 1 or
PnextN (i, :) > 20) is eliminated. The im-
movable points, such as obstacles and passing
points, that are marked with 1 in the map
(Mmap(PnextN (i, 1), PnextN (i, 2), PnextN (i, 3)) =
1) are eliminated. If there is no available point
and the destination is not reached (PnextN =
empty), the algorithm traces back to the pre-
vious node (Pcur = path(end − 1, :)) and the
last node on the path is deleted (path(end, :) =
empty). Lpath is the number of nodes on the
path. PnextN (no) is the candidate point in PnextN

with the minimum the distance Dwcur(no), and
this point PnextN (no) is added to the path. The
point PnextN (no) is updated to the current point

Pcur, and the position in the map is marked as 1
(Mmap(Pcur(1), Pcur(2), Pcur(3)) = 1).

PnextN = Pcur + Pdir

Dcur(i) = ∥PnextN (i, :)− Pcur)∥+ ∥PnextN (i, :)
−Pend)∥
Ppri(i) = Wpri(PnextN (i, 1),PnextN (i, 2),

PnextN (i, 3))

Dwcur(i) = Dcur(i) ·
√

Ppri(i)

Yfit =
∑Lpath−1

i=1

√∑dim
j=1(path(i, j)− path(i+ 1, j))2

(13)

The fitness curves and results comparison
of different swarm intelligence algorithms with
Niter = 10, Npop = 20 in UAVRO application are
shown in Figure 12 and Table 4. MGNPOMCP
took 56.458 seconds, and the least consump-
tion. The results of MGNPOMC3, MGNPOMC4,
MGNPOMC5, MGNP0MC6, and MGNPOMCP
are better than that of LA in UAVRO application.
The 3D UAV paths optimized by different swarm
intelligence algorithms in UAVRO application are
shown in Figure 13.

4.2.4. Power system bus types optimization

Swarm intelligence individuals Xind with 9D vec-
tors are the selection priorities of the line types
at different bus positions. Individual fitness Yfit
corresponds to the total cost of load cost fload,
the line loss cost floss, the line expend cost fline,
and the punishment constraint fpunish.

There are nine buses, and 10 types of lines TL

can be selected for each bus. The resistance, reac-
tance, and cost per unit length LC of each line are
different. The line type of each bus is optimized
to minimize the cost of the whole power system.
The C is the cost at each bus TL. The load cost
fload is the cumulative sum of the product of the
active power mismatch Lagrange multiplier cλP

and the active power P (i). The line loss cost
floss is the cumulative sum of the product of the
real part of line loss LrealLoss(i) and the loss co-
efficient cλL

. The line expend cost fline is the
cumulative sum of all branch expend C(TL(i)). If
the operation in the tide circuit is not successful,
the loss function fpunish will be punished.


TL = round(x · (NL − 1)) + 1
C = LC(TL) ·D
fload =

∑NL
i=1 P (i) · cλP

floss =
∑NL

i=1 LrealLoss(i) · cλL

fline =
∑NL

i=1 C(TL(i))
Yfit = (fload + floss) · 200 + fline + fpunish.

(14)

The fitness curves and results comparison
of different swarm intelligence algorithms with

32



Multi-graph network population evolutionary optimization algorithm with migration

A. LA

B. MGNPOMC

C. MGNPOMCP

Figure 13. The three-dimensional unmanned aerial vehicle paths optimized by different swarm intelligence
algorithms in the unmanned aerial vehicle routing optimization application
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A. LA

B.MGNPOMC

C. MGNPOMCP

Figure 14. The layouts and bus types optimized by different swarm intelligence algorithms in the power
system bus types optimization application
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Figure 15. The fitness curves comparison of different swarm intelligence algorithms in the power system bus
types optimization (PSBTO) application

Niter = 20, Npop = 50 the PSBTO application
are shown in Figure 15 and Table 4. The results
of MGNPOMC1, MGNPOMC2, MGNPOMC3,
MGNPOMC4, MGNPOMC5, MGNP06, and
MGNPOMCP are all better than that of LA in
PSBTO application. The layouts and bus types
optimized by different swarm intelligence algo-
rithms in PSBTO application are shown in Figure
14. The G1, G2, and G3 are generators, and dif-
ferent bus types are represented by different color
fonts. The 1 : type9 means the bus 1 with a type
9 line in the power system.

5. Conclusion

In this paper, a MGNPOMC algorithm was pro-
posed for cross-field engineering applications and
design problems. By reference to the population
Julia graph with central radiation shape, prey was
taken as the center and random sampling of dif-
ferent patterns as the basis graphs, which were
rotated and deformed randomly. The positions
of candidate individuals were updated according
to the generated graph library with global and
local scales. Furthermore, the MGNPOMC al-
gorithm was applied to open CEC dataset, and
extended to MSAS, FWSO, UAVRO, and PS-
BTO, and achieving competitive results. How-
ever, this article also has some limitations. Only
animal hunting formations related to multi-graph
networks were referenced, and other biomimetic
strategies of organisms still need to be explored.
Only four types of engineering applications were
extended with swarm intelligence algorithms, and

there are other engineering applications that need
to be expanded. In the near future, the brain-
like navigation behavior of grid cells will be intro-
duced into swarm intelligence optimization, and
it will be expanded to other fields such as sparse
problem of a phased array antenna, wireless sen-
sor network optimization, and subway system op-
timization.

Acknowledgments

None.

Funding

This work was supported by National Science and
Technology Innovation 2030 Major Program of
China (2022ZD0205005) and (National Natural
Science Foundation of China (42576280).

Conflict of interest

The authors declare no conflict of interest.

Author contributions

Conceptualization: Bailu Si
Formal analysis: Zhaoyang Lian
Investigation: Zhaoyang Lian
Methodology: Zhaoyang Lian
Writing - original draft: Zhaoyang Lian
Writing - review & editing: Bailu Si

Availability of data

The data is partially available from the authors
upon reasonable request.

35



Z. Lian, B. Si / IJOCTA, Vol.16, No.1, pp.17-39 (2026)

AI tools statement

All authors confirm that no AI tools were used in
the preparation of this manuscript.

References

1. Xing A, Chen Y, Suo J, Zhang J. Improving
teaching-learning-based optimization algo-
rithm with goldensine and multi-population
for global optimization. Math Comput Simul.
2024;221:94-134.

2. Pereira JLJ, Francisco MB, Diniz CA, Oliver
GA, Cunha SS Jr, Gomes GF. Lichtenberg al-
gorithm: a novel hybrid physics-based meta-
heuristic for global optimization. Expert Syst
Appl. 2021;170:114522.

3. Zeng T, Tang F, Ji D, Si B. Neurobayess-
lam: neurobiologically inspired Bayesian in-
tegration of multisensory information for ro-
bot navigation. Neural Netw. 2020;126:21-35.

4. Duan L, Lian Z, Qiao Y, Chen J, Miao J,
Li M. A novel feature fusion approach for
classification of motor imagery EEG based on
hierarchical extreme learning machine. Cogn
Comput. 2024;16(2):566-580.

5. Lian Z, Si B. Multigroup cooperative evo-
lutionary optimization algorithm combined
with quantum entanglement for cross-field
applications. Artif Intell Rev. 2025;58(10):1-
32.

6. Salawudeen AT, Muiazu MB, Yusuf A, Ade-
dokun AE. A novel smell agent optimiza-
tion (SAO): an extensive CEC study and
engineering application. Knowl Based Syst.
2021;232:107486.

7. Yapici H, Cetinkaya N. A new meta-heuristic
optimizer: pathfinder algorithm. Appl Soft
Comput. 2019;78:545-568.

8. Shehadeh HA. A hybrid sperm swarm opti-
mization and gravitational search algorithm
(HSSOGSA) for global optimization. Neural
Comput Appl. 2021;33(18):11739-11752.

9. Shi Y. Brain storm optimization algorithm.
In: Advances in Swarm Intelligence: Second
International Conference, ICSI 2011; June
12-15, 2011; Chongqing, China. Part I 2.
Springer; 2011:303-309.

10. Cai Z, Gao S, Yang X, Yang G, Cheng
S, Shi Y. Alternate search pattern-based
brain storm optimization. Knowl Based Syst.
2022;238:107896.

11. Zamli KZ, Alhadawi HS, Din F. Utiliz-
ing the roulette wheel based social network
search algorithm for substitution box con-
struction and optimization. Neural Comput
Appl. 2023;35(5):4051-4071.

12. Mohamed AW, Hadi AA, Mohamed AK.
Gaining-sharing knowledge based algorithm
for solving optimization problems: a novel
nature-inspired algorithm. Int J Mach Learn
Cybern. 2020;11(7):1501-1529.

13. Sallam KM, Hossain MA, Chakrabortty
RK, Ryan MJ. An improved gaining-sharing
knowledge algorithm for parameter extrac-
tion of photovoltaic models. Energy Convers
Manag. 2021;237:114030.

14. Feng ZK, Niu WJ, Liu S. Cooperation search
algorithm: a novel metaheuristic evolution-
ary intelligence algorithm for numerical opti-
mization and engineering optimization prob-
lems. Appl Soft Comput. 2021;98:106734.

15. Askari Q, Saeed M, Younas I. Heap-based
optimizer inspired by corporate rank hierar-
chy for global optimization. Expert Syst Appl.
2020;161:113702.

16. Mohammadi-Balani A, Dehghan Nayeri
M, Azar A, Taghizadeh-Yazdi M. Golden
eagle optimizer: a nature-inspired meta-
heuristic algorithm. Comput Ind Eng.
2021;152:107050.

17. Dhiman G, Kumar V. Seagull optimization
algorithm: theory and its applications for
large-scale industrial engineering problems.
Knowl Based Syst. 2019;165:169-196.

18. Braik M, Sheta A, Al-Hiary H. A novel meta-
heuristic search algorithm for solving opti-
mization problems: capuchin search algo-
rithm. Neural Comput Appl. 2021;33(7):2515-
2547.

19. Zhao W, Zhang Z, Wang L. Manta ray for-
aging optimization: an effective bio-inspired
optimizer for engineering applications. Eng
Appl Artif Intell. 2020;87:103300.

20. Hu G, Li M, Wang X, Wei G, Chang CT.
An enhanced manta ray foraging optimiza-
tion algorithm for shape optimization of com-
plex CCG-ball curves. Knowl Based Syst.
2022;240:108071.

21. Braik MS. Chameleon swarm algorithm:
a bio-inspired optimizer for solving engi-
neering design problems. Expert Syst Appl.
2021;174:114685.

22. Hashim FA, Houssein EH, Hussain K,
Mabrouk MS, Al-Atabany W. Honey badger
algorithm: new metaheuristic algorithm for
solving optimization problems. Math Comput
Simul. 2022;192:84-110.

23. Bayraktar Z, Komurcu M, Bossard JA,
Werner DH. The wind driven optimization
technique and its application in electro-
magnetics. IEEE Trans Antennas Propag.
2013;61(5):2745-2757.

36



Multi-graph network population evolutionary optimization algorithm with migration

24. Ala’F K, Alqammaz A, Khasawneh AM,
Abualigah L, Darabkh KA, Zinonos Z. An
environmental remote sensing and predic-
tion model for an IoT smart irrigation sys-
tem based on an enhanced wind-driven op-
timization algorithm. Comput Electr Eng.
2025;122:109889.

25. Anita, Yadav A, et al. AEFA: artificial elec-
tric field algorithm for global optimization.
Swarm Evol Comput. 2019;48:93-108.

26. Hashim FA, Hussain K, Houssein EH,
Mabrouk MS, Al-Atabany W. Archimedes
optimization algorithm: a new metaheuristic
algorithm for solving optimization problems.
Appl Intell. 2021;51:1531-1551.

27. Hashim FA, Houssein EH, Mabrouk MS,
Al-Atabany W, Mirjalili S. Henry gas
solubility optimization: a novel physics-
based algorithm. Future Gener Comput Syst.
2019;101:646-667.

28. Karasu S, Altan A. Crude oil time series
prediction model based on LSTM network
with chaotic Henry gas solubility optimiza-
tion. Energy. 2022;242:122964.

29. Mohamed M, Youssef A-R, Kamel S, Ebeed
M. Lightning attachment procedure opti-
mization algorithm for nonlinear non-convex
short-term hydrothermal generation schedul-
ing. Soft Comput. 2020;24:16225-16248.

30. Liu Q, Li N, Jia H, Qi Q, Abualigah L,
Liu Y. A hybrid arithmetic optimization and
golden sine algorithm for solving industrial
engineering design problems. Mathematics.
2022;10(9):1567.

31. Han M, Du Z, Zhu H, Li Y, Yuan Q, Zhu H.
Golden-sine dynamic marine predator algo-
rithm for addressing engineering design opti-
mization. Expert Syst Appl. 2022;210:118460.

32. Abualigah L, Diabat A, Mirjalili S, Abd
Elaziz M, Gandomi AH. The arithmetic op-
timization algorithm. Comput Methods Appl
Mech Eng. 2021;376:113609.

33. Mirjalili S. SCA: a sine cosine algorithm for
solving optimization problems. Knowl Based
Syst. 2016;96:120-133.

34. Punnathanam V, Kotecha P. Yin-yang-pair
optimization: a novel lightweight optimiza-
tion algorithm. Eng Appl Artif Intell.
2016;54:62-79.

35. Wang W-C, Xu L, Chau K-W, Zhao Y, Xu D-
M. An orthogonal opposition-based-learning
yin–yang-pair optimization algorithm for en-
gineering optimization. Eng Comput. 2021:1-
35.

36. Zhao W, Wang L, Zhang Z. A novel atom
search optimization for dispersion coefficient
estimation in groundwater. Future Gener
Comput Syst. 2019;91:601-610.

37. Hua L, Zhang C, Peng T, Ji C, Nazir
MS. Integrated framework of extreme learn-
ing machine (ELM) based on improved
atom search optimization for short-term wind
speed prediction. Energy Convers Manag.
2022;252:115102.

38. Qais MH, Hasanien HM, Alghuwainem S.
Transient search optimization: a new meta-
heuristic optimization algorithm. Appl Intell.
2020;50:3926-3941.

39. Mirjalili S, Lewis A. The whale optimization
algorithm. Adv Eng Softw. 2016;95:51-67.

40. Price KV, Awad NH, Ali MZ, Suganthan
PN. The 100-digit challenge: problem defi-
nitions and evaluation criteria for the 100-
digit challenge special session and competi-
tion on single objective numerical optimiza-
tion. Nanyang Technol Univ. 2018;1:1-21.

41. Karaboga D, Akay B. A comparative study
of artificial bee colony algorithm. Appl Math
Comput. 2009;214(1):108-132.

42. Zhao W, Wang L, Mirjalili S. Artifi-
cial hummingbird algorithm: a new bio-
inspired optimizer with its engineering ap-
plications. Comput Methods Appl Mech Eng.
2022;388:114194.

43. Harifi S, Mohammadzadeh J, Khalilian
M, Ebrahimnejad S. Giza pyramids con-
struction: An ancient-inspired metaheuris-
tic algorithm for optimization. Evol Intell.
2021;14(4):1743-1761.

44. Khishe M, Mosavi MR. Chimp opti-
mization algorithm. Expert Syst Appl.
2020;149:113338.

45. Kennedy J, Eberhart R. Particle swarm opti-
mization. In: Proc ICNN’95 - Int Conf Neu-
ral Netw. Vol 4. IEEE; 1995:1942-1948.

46. Wang L, Ni H, Yang R, Pardalos PM,
Du X, Fei M. An adaptive simplified hu-
man learning optimization algorithm. Inf Sci.
2015;320:126-139.

47. Binu D, Kariyappa BS. RIDENN: A new
rider optimization algorithm-based neural
network for fault diagnosis in analog circuits.
IEEE Trans Instrum Meas. 2018;68(1):2-26.

Zhaoyang Lian received a Ph.D. degree in Com-
puter Science and Technology from Beijing University
of Technology. Currently, he is a postdoctoral fellow
in the School of Systems Science at Beijing Normal
University. His email is lianzhaoyang@bnu.edu.cn.

https://orcid.org/0009-0002-9121-1526

Bailu Si is a professor in the School of System Sci-
ence at Beijing Normal University, the Director of the
Brain and Intelligent Robot Laboratory, a doctoral su-
pervisor, and a national outstanding young researcher.
His email is bailusi@bnu.edu.cn.

https://orcid.org/0000-0002-0260-343337

https://orcid.org/0009-0002-9121-1526
https://orcid.org/0000-0002-0260-3433


Z. Lian, B. Si / IJOCTA, Vol.16, No.1, pp.17-39 (2026)

Appendix file

Table A1. The Ccons and Niterg in different Julia graphs

Julia graph Ccons Niterg

01 Ccons(1) = −0.4000 + 0.6000i Niterg (1) = 200
02 Ccons(2) = −0.7017 + 0.3842i Niterg (2) = 100
03 Ccons(3) = −0.8350− 0.2321i Niterg (3) = 100
04 Ccons(4) = −0.2365− 0.6721i Niterg (4) = 100
05 Ccons(5) = +0.2311 + 0.6068i Niterg (5) = 50
06 Ccons(6) = −0.7322− 0.2628i Niterg (6) = 100

Table A2. The significant p-value analysis of methods LA, MGNPOMC, and MGNPOMCP

Fun
LA and MGNPOMC LA and MGNPOMCP

PProb>F Pflag F Fflag PProb>F Pflag F Fflag

F1 1.45E-02 1 9.12E+00 1 1.45E-02 1 9.12E+00 1
F2 7.45E-03 1 1.18E+01 1 7.45E-03 1 1.18E+01 1
F3 4.91E-03 1 1.37E+01 1 4.91E-03 1 1.37E+01 1
F4 1.93E-04 1 3.65E+01 1 1.93E-04 1 3.65E+01 1
F5 5.07E-02 1 5.08E+00 1 5.07E-02 0 5.08E+00 0
F6 2.14E-03 1 1.81E+01 1 2.19E-03 1 1.79E+01 1
F7 6.18E-04 1 2.63E+01 1 6.27E-04 1 2.62E+01 1
F8 1.11E-03 1 2.22E+01 1 1.06E-03 1 2.25E+01 1
F9 1.07E-04 1 4.27E+01 1 1.07E-04 1 4.27E+01 1
F10 4.36E-04 1 2.91E+01 1 4.36E-04 1 2.91E+01 1
F11 1.59E-05 1 6.95E+01 1 1.59E-05 1 6.95E+01 1
F12 5.30E-03 1 1.33E+01 1 5.30E-03 1 1.33E+01 1
F13 1.27E-04 1 4.08E+01 1 1.30E-04 1 4.06E+01 1
F14 1.00E+00 1 -2.32E+00 1 9.76E-01 0 9.64E-04 0
F15 1.54E-01 1 2.42E+00 1 6.22E-01 0 2.60E-01 0
F16 2.32E-02 1 7.46E+00 1 2.32E-02 1 7.45E+00 1
F17 1.00E+00 1 1.67E-13 1 1.00E+00 0 1.32E-12 0
F18 4.74E-02 1 5.27E+00 1 4.99E-02 1 5.12E+00 1
F19 5.83E-02 1 4.70E+00 1 5.83E-02 0 4.70E+00 0
F20 4.68E-01 1 5.75E-01 1 4.68E-01 0 5.75E-01 0
F21 3.98E-02 1 5.77E+00 1 1.96E-03 1 1.86E+01 1
F22 3.57E-02 1 6.09E+00 1 3.24E-02 1 6.39E+00 1
F23 1.09E-01 1 3.16E+00 1 2.40E-02 1 7.35E+00 1
cecF1 4.16E-04 1 2.95E+01 1 4.32E-04 1 2.92E+01 1
cecF2 1.82E-05 1 6.73E+01 1 2.71E-05 1 6.08E+01 1
cecF3 8.33E-02 0 3.79E+00 0 1.03E-01 0 3.29E+00 0
cecF4 2.04E-03 1 1.84E+01 1 8.52E-03 1 1.12E+01 1
cecF5 1.91E-06 1 1.16E+02 1 1.81E-07 1 2.02E+02 1
cecF6 3.60E-04 1 3.07E+01 1 2.31E-05 1 6.34E+01 1
cecF7 1.25E-03 1 2.14E+01 1 2.41E-03 1 1.74E+01 1
cecF8 3.71E-02 1 5.98E+00 1 3.22E-02 1 6.40E+00 1
cecF9 4.98E-02 1 5.13E+00 1 7.90E-02 0 3.92E+00 0
cecF10 3.11E-06 1 1.03E+02 1 4.49E-06 1 9.47E+01 1
Count 32 32 25 25
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Table A3. The average results comparison of different swarm intelligence algorithms with best hunter
crossover and migration strategies

Fun LA(Ref)2
MGNPOMC

01 02 03 04 05 06 MGNPOMCP

F1 -5.00E+00 -5.00E+00 -5.00E+00 -5.00E+00 -5.00E+00 -5.00E+00 -5.00E+00 -5.00E+00
F2 7.87E+02 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F3 7.53E+02 2.49E-02 1.41E-02 3.44E-02 1.45E-02 2.82E-02 2.43E-02 1.26E-02

F4 2.23E+02 3.16E-03 1.11E-03 3.20E-03 3.38E-03 2.07E-03 3.88E-03 2.29E-03
F5 8.58E-01 2.55E-03 2.29E-03 2.47E-03 2.44E-03 2.23E-03 2.60E-03 2.25E-03

F6 7.62E-02 7.62E-02 1.42E-05 7.62E-02 8.02E-02 7.62E-02 2.06E-05 7.62E-02

F7 -1.00E+00 -1.00E+00 -1.00E+00 -1.00E+00 -1.00E+00 -1.00E+00 -1.00E+00 -1.00E+00
F8 2.11E-07 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F9 4.87E+00 2.38E-01 4.12E-01 3.31E-01 2.49E-01 1.86E-01 3.35E-01 2.73E-01

F10 -5.00E+01 -5.00E+01 -5.00E+01 -5.00E+01 -5.00E+01 -5.00E+01 -5.00E+01 -5.00E+01
F11 -1.98E+02 -2.08E+02 -2.09E+02 -2.09E+02 -2.09E+02 -2.08E+02 -2.09E+02 -2.08E+02

F12 2.85E+00 3.91E-26 2.55E-38 1.78E-32 7.00E-27 6.17E-37 1.88E-23 1.85E-19
F13 6.33E+01 2.74E-04 1.52E-04 1.10E-04 3.95E-04 1.63E-04 6.21E-05 5.90E-05

F14 6.21E+04 3.69E-02 2.78E-02 2.13E-02 1.92E-02 2.66E-02 2.57E-02 3.17E-02

F15 1.29E+04 4.68E+00 1.00E+01 3.40E+00 4.75E+00 4.47E+00 2.82E+00 4.06E+00
F16 1.77E+05 2.91E+01 2.90E+01 2.89E+01 2.90E+01 2.92E+01 2.91E+01 2.91E+01

F17 1.96E+03 6.98E-01 6.91E-01 7.28E-01 7.19E-01 6.87E-01 7.06E-01 6.92E-01

F18 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01 9.98E-01
F19 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01

F20 9.71E-03 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F21 1.03E-05 2.19E-06 2.59E-06 9.08E-06 2.43E-06 2.94E-06 6.89E-06 3.34E-06
F22 1.62E+02 1.35E-02 7.46E-03 5.65E-03 9.32E-03 1.60E-02 1.02E-02 1.12E-02

F23 -6.91E+03 -8.90E+03 -8.75E+03 -8.91E+03 -8.75E+03 -8.80E+03 -8.75E+03 -8.41E+03

F24 -1.80E+00 -1.80E+00 -1.80E+00 -1.80E+00 -1.80E+00 -1.80E+00 -1.80E+00 -1.80E+00
F25 -3.96E+00 -4.68E+00 -4.68E+00 -4.69E+00 -4.68E+00 -4.68E+00 -4.69E+00 -4.68E+00

F26 -6.32E+00 -9.44E+00 -9.43E+00 -9.47E+00 -9.40E+00 -9.50E+00 -9.38E+00 -9.36E+00

F27 9.91E-08 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
F28 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00

F29 8.64E-03 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00
F30 1.97E-03 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

F31 -1.87E+02 -1.87E+02 -1.87E+02 -1.87E+02 -1.87E+02 -1.87E+02 -1.87E+02 -1.87E+02

F32 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00
F33 1.09E-02 6.38E-04 6.64E-04 2.58E-03 6.83E-04 6.56E-04 6.17E-04 6.95E-04

F34 -9.40E+00 -6.62E+00 -6.62E+00 -5.60E+00 -6.11E+00 -6.62E+00 -6.38E+00 -5.87E+00

F35 -9.06E+00 -4.96E+00 -4.47E+00 -4.24E+00 -5.20E+00 -4.62E+00 -6.29E+00 -5.01E+00
F36 -7.85E+00 -6.84E+00 -7.69E+00 -9.86E+00 -8.02E+00 -7.65E+00 -7.11E+00 -7.65E+00

F37 4.43E-01 1.03E+00 4.86E-01 8.56E-01 1.06E+00 6.29E-01 6.29E-01 6.53E-01

F38 1.42E-02 3.38E-02 2.28E-02 4.01E-02 3.13E-02 3.49E-02 4.21E-02 2.42E-02
F39 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.86E+00

F40 -3.24E+00 -3.23E+00 -3.23E+00 -3.23E+00 -3.23E+00 -3.23E+00 -3.23E+00 -3.23E+00

F41 5.89E+00 4.40E-02 4.73E-02 8.70E-02 5.33E-02 4.78E-02 3.33E-02 3.60E-02
F42 1.78E+01 4.39E-02 2.75E-02 2.85E-02 3.22E-02 4.09E-02 3.51E-02 3.98E-02

F43 3.46E+04 1.07E-02 7.64E-03 2.22E-02 7.60E-03 9.61E-03 1.27E-02 8.34E-03
F44 3.29E+04 1.92E-01 1.26E-01 1.25E-01 1.33E-01 1.59E-01 1.59E-01 1.71E-01

F45 -1.08E+00 -1.08E+00 -1.08E+00 -1.08E+00 -1.08E+00 -1.08E+00 -1.08E+00 -1.08E+00

F46 -9.17E-01 -9.83E-01 -7.89E-01 -9.07E-01 -1.03E+00 -9.04E-01 -1.07E+00 -9.98E-01
F47 -4.22E-01 -4.78E-01 -5.48E-01 -4.78E-01 -4.78E-01 -4.78E-01 -4.78E-01 -4.78E-01
F48 1.23E-03 2.02E-05 3.07E-05 2.76E-05 2.27E-05 2.90E-05 3.76E-05 3.65E-05

F49 4.45E+02 9.05E+01 2.98E+02 9.03E+01 8.95E+01 9.34E+01 9.06E+01 8.96E+01
F50 9.30E+03 8.06E+03 8.04E+03 7.33E+03 6.62E+03 3.86E+03 7.30E+03 4.54E+03

VS(win) 5 44

VS(win) 7 42
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