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ABSTRACT To overcome the defect of whale optimization algorithm (WOA) being easily fallen into
local optimum caused by the ill-distribution of solutions, this paper explores an adaptive WOA variant
using Gaussian distribution strategies (GDSs), named GDS-WOA. In GDS-WOA, by means of one GDS,
named the Gaussian estimation of distribution method, the superior population information is used to evolve
the distribution scope and modify the evolution direction. Moreover, an adaptive framework is adopted to
integrate the Gaussian estimation of distribution method and WOA together, in which each individual can
update its position using Gaussian estimation of distribution method or WOA according to an adaptive
probability parameter. When the algorithm falls into stagnation, another GDS, named Gaussian random
walk, is activated to enrich the population diversity and help the algorithm get rid of the local optimum.
Additionally, the greedy strategy is carried out to select the offspring from the parents and the generated
candidates to fully retain the promising solutions. The GDS-WOA is benchmarked on CEC 2014 test suite,
and the performance of GDS-WOA is evaluated by comparing with WOA and its promising variant IWOA,
as well as other five state-of-the-art evolutionary algorithms, i.e., COA, VCS, CoBiDE, HFPSO and GWO.
The statistical results demonstrate that GDS-WOA outperforms other competitors in terms of convergence
efficiency and accuracy. Finally, GDS-WOA is applied to solve the optimal task allocation problem of
heterogeneous unmanned combat aerial vehicles (UCAVs). To address this constrained real-world optimizing
problem efficiently, the mathematical model of heterogeneous UCAVs task allocation is described with
the operational effectiveness value as the objective. The validity and practicauility of the model as well
as the performance of GDS-WOA for solving constrained optimization problem are demonstrated by the
experimental results.

INDEX TERMS Whale optimization algorithm, CEC 2014, numerical optimization, UCAY, task allocation.

I. INTRODUCTION

Optimization refers to the process of obtaining a global
optimal solution for a problem under the given condi-
tions. The real-world problems in the scientific fields, such
as engineering design and economic planning, mostly are
multimodal, high-dimensional, disconnected and oscillated
optimization problems. These complex problems cannot be
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solved well within reasonable time using traditional method
based on gradient. Therefore, inspired by natural phenom-
ena and animal group behavior characteristics, researchers
have proposed many efficient natural heuristic algo-
rithms for high-dimensional complex optimization problems
in real-world.

With the rapid developments of meta-heuristic opti-
mization algorithms, they have been applied in various
fields over the past years. The Whale Optimization Algo-
rithm (WOA) [1] is a novel population-based meta-heuristic
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algorithm proposed by Australian scholar Mirjalili and Lewis
in 2016, which is inspired by the hunting behavior of hump-
back whales. It has the advantages of simple structure and
few control parameters. The numerical experiment results
in [1] show that WOA has some advantages in terms of
convergence efficiency or accuracy compared with parti-
cle swarm optimization (PSO) [2], gravity search algorithm
(GSA) [3], differential algorithm (DE) [4], rapid evolu-
tion programming (FTP) [5], and the adaptive covariance
matrix evolution strategy (CMA-ES) [6]. Therefore, WOA
has been widely applied to solve real-world problems in a
wide range of disciplines [7]-[11]. However, we find that
it is easy to fall into local optimum when dealing with
high-dimensional complex optimization problems. And the
quality of solution obtained by WOA needs to be further
improved.

The scholars have found that the population diversity and
evolutionary direction play an important role in the opti-
mization performance of meta-heuristic algorithms. How-
ever, the population diversity shrinks rapidly in the later
stage of optimization process leading WOA easily falling into
local optimum. To improve the optimization performance of
WOA, relevant theoretical researches have been carried out.
According to the literatures we have learned about WOA
research, there are two group variants of WOA.

The first group improves the performance of the algorithm
by introducing other optimization strategies into WOA. Kaur
and Arora [12] adjusted the control parameters by various
chaos strategies in WOA to balance exploration and exploita-
tion and improve the convergence accuracy; Hu et al. [13]
coordinated the impact of the current optimal solution on the
population iterative process by introducing inertia weight to
increase population diversity; Trivedi et al. [14] introduced
adaptive technology to improve the convergence efficiency
of WOA; Elaziz and Mirjalili [15] introduced differential
evolution algorithm and opposition-based learning strategy
into WOA to improve the diversity of the population in the
process of optimization. The improved algorithm in terms
of the local optimal avoidance ability and the local search
ability had been improved at the expense of a large amount of
computational cost; Khalil ef al. [16] proposed a distributed
implementation of WOA, called MR-WOA, by using Hadoop
MapReduce to improve the scalability of WOA for solving
large-scale complex problems; For the defect of WOA pre-
mature convergence, Chen et al. [17] introduced Lévy flight
and chaotic local search into WOA to promote the balance
exploration and exploitation. These two strategies have been
widely used to improve the performance of intelligent opti-
mization algorithms.

Another group hybridizes WOA with other intelligent opti-
mization algorithms. For example, Mafarja and Mirjalili [18]
combined WOA with simulated annealing algorithm (SA)
[19] to strengthen the exploitation performance of WOA
and applied the hybridized algorithm to feature selection
problems; Mostafa and Yazdani [20] hybridized WOA with
DE by combining great exploitation of WOA with excel-
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lent exploration of DE, which had improved the quality of
solution and convergence rate; Trivedi et al. [21] proposed
the PSO-WOA in which PSO was used for local search
phase and WOA was used for global search phase; Singh
and Hachimi [22] proposed a novel hybrid algorithm by
combining WOA and GWO in which the spiral function in
WOA was used for exploration phase to cover a broader area
in search space. In addition, there are many hybrid varieties
of WOA [11], [23]-[26].

Although the previous research works have improved the
convergence efficiency or accuracy in certain extent, there
is not a variant of WOA that could effectively improve the
convergence efficiency and accuracy at the same time, which
could obtain great quality solutions when solving complex
optimization problems such as the CEC 2014 benchmarks.
In addition, most of the hybrid varieties of WOA have low
computational efficiency, meaning that the computational
time required to obtain a better solution is long. Therefore,
it needs continuous improvement and novation. In order to
avoid the local optimum in solving complex optimization
problems and improve the convergence accuracy of WOA,
we propose an adaptive WOA based on Gaussian distribu-
tion strategies. First, the Gaussian estimation of distribution
method is adopted to evolve the distribution scope and modify
the evolution direction. It is noted that the weighted covari-
ance matrix is the core component of Gaussian estimation
of distribution method. Moreover, WOA is coupled to the
Gaussian estimation of distribution method by an adaptive
framework, in which each individual can update its position
using Gaussian estimation of distribution method or WOA
according to an adaptive probability parameter. The proba-
bility parameter is adaptively updated according to the infor-
mation gathered from the offspring. In addition, the Gaussian
random walk is adopted to enrich the population diversity
and help the algorithm get rid of the local optimum when
the search falls into stagnation. Finally, the greedy strategy
is carried out to select the offspring from the parents and the
generated candidates to fully retain the domination individu-
als in order to improve the convergence speed. The simulation
results of the CEC2014 test suit and UCAVs task allocation
problem show that GDS-WOA has excellent performance in
dealing with complex problems.

The rest organization of this paper is as follows: The review
of WOA and the mathematical presentation of GDS-WOA are
described in Section 2. In Section 3, the statistical results of
numerical experiment based on the CEC 2014 test suite are
discussed. The heterogeneous UCAVs optimal task allocation
model is proposed in Section 4 and GDS-WOA is applied to
solve it in Section 5. Finally, we conclude this work and note
directions for future study in Section 6.

Il. PROPOSED GDS-WOA

A. REVIEW OF THE BASIC WOA

WOA is a novel meta-heuristic algorithm inspired by the
predation mechanism of humpback whales. Since the ‘prey’
position is unknown in the search space, WOA assumes that
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the current best solution obtained so far is the ‘prey’ position
in the optimization process. And the other search individuals
update their position toward the current best solution through
the encircling prey mechanism and spiral bubble-net feeding
maneuver mechanism. The global search and local search
of the algorithm are balanced by the convergence factor a,
so that the population can search from disorder to order in
solution space. And finally the optimal solution of the prob-
lem is obtained. The mathematical model of the population
locations update is briefly shown as follows:

a =72 —2t/tmax (1)
A=2-a-r—a 2)
D=|C-X*(t) — X() 3
C=2-r “)

D' =|C - Xyama(t) — X(1)] &)

X*(t)—A-D, p<0.5and |A| <1(6.1)
Xona(t) —A-D, p<05and|Al >1(6.2)
D - . cos(2nl) + X*(t), p > 0.5(6.3)

(6)

X+ =

where 1 is the current iteration number; #,,x iS the maximum
iteration number; a is the convergence factor; r,/ and p
are random numbers between 0 and 1; X(¢) is the current
individual position, and X™*(¢) is the position of the current
best solution obtained so far; b is a constant that defines the
shape of the spiral path. More details about WOA can be
found in [1]. The pseudo code of the WOA is described as
algorithm 1.

Algorithm 1 The Procedure of WOA
Step 1: Initialize the population; Set t = 1;
Step 2: Calculate the fitness of each search agent;
Step 3: If t <= tyax
execute step 4;
Else
output X*;
End the algorithm;
Step 4: Update the best solution X* and its fitness;
Step 5: For each solution
Update a, [, p, A, and C;
Ifp <0.5
IflA] <1
X; is updated using (6.1);
Else if
X; is updated using (6.2);
End if
Else
X; is updated using (6.3);
End if
End for
Step 6: Boundary control; calculate fitness of each agent;
Step 7: t =t + 1; execute step 3.
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B. MATHEMATICAL PRESENTATION OF GDS-WOA

1) GAUSSIAN ESTIMATION OF DISTRIBUTION METHOD

In 2001, Larrafiaga and Lozano [27] proposed the estimation
of distribution algorithm (EDA). The EDA uses probabilistic
model learning and sampling to estimate the distribution of
dominant candidate solutions, which can identify the char-
acteristics of promising solutions and estimate the evolution
direction of population and it has promising performance
in dealing with some complex problems [28]-[32]. Due to
there are no selection, crossover and mutation operations that
are the main evolution operations in traditional evolutionary
algorithms, EDA and WOA belong to different types of evo-
lutionary algorithms. Thus, we try to introduce the Gaussian
estimation of distribution method into WOA for overcoming
the defect in WOA.

In the basic WOA, the update of the population during
the iterative process is mainly guided by the best solution
obtained so far, so that the population diversity shrinks
rapidly in the later stage of the optimization process. Thus,
WOA is easily fallen into the local optimum. Researches
on EDA show that the core component of the algorithm
is the weighted covariance matrix and it has strong local
optimum avoidance. Therefore, in this paper, we intro-
duce the Gaussian estimation of distribution method into
WOA in order to make full use of the promising popula-
tion information to estimate the better evolution direction.
The Gaussian estimation of distribution method based on
weighted covariance matrix is as follows:

X (Omean = Za)i - X @)

=1

(InGm + 1) — In(i))/ Y (InGm + 1) —In(i)) ~ (8)

i=1

Wi

1 m
Cov(t) = m Z(Xi(t)_x(t)mean)(xi(t) _X(t)mean)T
i=1

)
X(t 4+ 1) = Gaussian(X (t)mean, Cov(t))
+ rand - (X (t)mean — X (1)) (10)

The half of population with better fitness is selected as
the promising population. In (7), where m = SN /2, SN is
the number of individuals, and X1, X7, X3, ..., X, is the m
promising solutions with fitness values ranked from high to
low. Equation (7) indicates that the m promising solutions
are selected to estimate the weighted mean value. From (8),
a higher rank means a greater weight. Cov(t) is the weighted
covariance matrix of the promising solutions. Population
update their location using (10).

2) ADAPTIVE STRATEGY

How to effectively integrate the Gaussian estimation of
distribution method based on weighted covariance matrix
and WOA together has a crucial impact of the improved
algorithm. Inspired by the adaptive framework to tune the
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coordinate systems in evolutionary algorithms in [33], this
paper proposes an adaptive strategy to efficiently embed
the Gaussian estimation of distribution method into WOA,
in which each individual can update its position using
Gaussian estimation of distribution method or WOA accord-
ing to an adaptive probability parameter. Pv = (pvq, pva,

.., pvsy) is the probability vector. Since there is no prior
information when the algorithm is initialized, this paper sets
the equal probability that each individual chooses two strate-
gies, i.e., Pv = (0.5, 0.5, ..., 0.5). The probability vector Pv
is adaptively updated based on information gathered from the
offspring in the optimization process.

In the paper, the information gathered from the offspring
includes two parts. One part is which strategy is used to
generate the offspring and another part is whether the fitness
value of the generated offspring is superior to the parent
individual. The collected information is used to guide Pv to
update in the following four cases:

1) WOA is better: WOA is adopted to generate the offspring
and it has better fitness. pv; is updated as follows

pvit + 1) = pvi(t) + 0.1 - (1 — pvi(?)) - (t/tmax)  (11)

2) WOA is worse: WOA is adopted to generate the offspring
and it has worse fitness. pv; is updated as follows

pvilt + 1) = pvi(t) = 0.1 - pvi(t) - (1 = t/tmax) ~ (12)

3) Gaussian estimation of distribution method is better:
Gaussian estimation of distribution method is adopted to
generate the offspring and it has better fitness. pv; is updated
as follows

pvilt + 1) = pvi(t) = 0.1 - pvi(t) - (1 = 1/tmax) ~ (13)

4) Gaussian estimation of distribution method is worse:
Gaussian estimation of distribution method is adopted to
generate the offspring and it has worse fitness. pv; is updated
as follows

pvit + 1) = pvi(t) + 0.1 - (1 — pvi(1)) - (t/tmax)  (14)

3) GAUSSIAN RANDOM WALK STRATEGY

During the iterations, the average fitness of the promising
solutions is used to judge whether the search is stagnant. If the
average fitness does not change in two consecutive iterations,
the algorithm is regarded as stagnating. For getting rid of the
local optimum and overcoming the premature convergence of
the algorithm, the Gaussian random walk strategy is used to
generate the new candidates. The model is as follows:

X(t + 1) = Gaussian(X(t), o1) (15)
o1 = coS(T - 1/(2 - tmax)) - (X (t) — X7(1)) (16)

where X* is a promising solution randomly selected from the
promising population, In (16), the step size of the Gaussian
random walk is coordinated by the cosine function cos(w - t/
(2 - tmax)), which gradually decreased as the number of
iterations increased. There is a larger disturbance in the early
iteration, and the disturbance is smaller in the later iteration,
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so as to balance the exploration and exploitation of the
algorithm.

In addition, the current best individual X*(¢) updates its
location relying on the population information which has
poor exploration ability. Therefore, the position update of
X*(¢) is performed using Gaussian walk in each generation
in order to improve the global search ability of the algorithm.
The model is as follows:

X*(t + 1) = Gaussian(X*(t), 02) (17)
o2 = cos(m - t/(2- ty)) - (X*(t) — X (1)) (18)

Finally, the greedy strategy is used to guarantee the global
convergence efficiency in our proposed GDS-WOA. The
greedy strategy is carried out to select the offspring from the
parents and the generated candidates according to the fitness.
This mechanism can fully retain the domination individuals
which can improve the convergence speed of the algorithm.
The pseudo code of the proposed GDS-WOA is described as
algorithm 2 and the flowchart for GDS-WOA is as Fig. 1.

IIl. NUMERICAL EXPERIMENT BASED

ON CEC2014 TEST SUITE

With the rapid development of intelligent optimization algo-
rithms, it is easy for the competitive algorithm to obtain
the global optimum of the classic benchmarks. CEC 2014
test suite is more challenging than classic benchmarks and
is widely used to evaluate novel algorithms. Therefore,
CEC 2014 test suite is employed to evaluate the performance
of GDS-WOA to verify its performance. The CEC 2014 test
suite consists of 30 benchmarks that can be classified into
four categories: F1 to F3 are unimodal functions which are
usually used to estimate the convergence speed of algorithms;
F4 to F16 are multimodal functions which are usually used
to evaluate the local optimum evasive ability of algorithms;
F17 to F22 are hybrid functions and F23 to F30 are com-
plex composition functions, it’s very difficult for most algo-
rithms to reach the global optimum. More details about these
30 benchmarks can be found in [34].

According to the using principle of CEC2014 test suite
in [34], the max evaluation number (FE,,;,) of each bench-
mark is set to D x 10000. D is the dimensionality of the test
problem. In this work, D is equal to 30, and the search range
of each dimension for all functions is [—100, 100]. Each
test function is independently solved 51 times to reduce the
randomness. Due to the global optimal solution of different
functions are different, the results obtained by the algorithm
are recorded using f (X pess) — f(X™) for convenience. It is
noted that X . is the best solution obtained by the algorithm
in an experiment and X * is the global optimal solution of the
test function.

Additionally, we have compared GDS-WOA with different
competitive algorithms consisting of two groups to demon-
strate its efficiency. In one group, WOA and its variant
IWOA [13] are selected to make comparisons.

In the other group, five state-of-the-art evolutionary algo-
rithms are utilized as competitor, i.e., COA [35], VCS [36],
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CoBiDE [37], HFPSO [38] and GWO [39]. To make a
fair comparison, the eight algorithms are performed in the
experiment under the condition of same number of search
individuals (SN) and FE,,,,, set to 500 and 300000 respec-
tively. The other input parameters of compared algorithms
are set as the original researches, as shown in Table 1. All
the algorithms are implemented in MATLAB R2013a and
the test environment is set up on a computer with Intel(R)
Core(TM)i7-4770K CPU@3.50GHz 8GB RAM, running on
Windows 7.

TABLE 1. Parameters of eight algorithms.

Algorithm Parameter settings
IWOA b=1, w varying step 0.1 from 0 to 1
WOA b=1;
VCS 2=0.5, 6=0.3;
COA Cpop=SN/2, Mpop= SN/2;
CoBiDE pb=0.4, ps=0.5;
HFPSO c=c;=1.49445, a=0.2, B/~2,y=1, w=0.9, w=0.5;
GWO a=2-2t/tax
GDS-WOA m=SN/2; b=1I,

Algorithm 2 The Procedure of GDS-WOA
Step 1: Initialize initial whales population Xj; Sett = 1;
Py =(0.5,0.5,...,0.5);
Step 2: Calculate the fitness of each search agent;
Step 3: If t <= tax
execute step 4;
Else
output X*;
End the algorithm;
Step 4: Update the best solution X* and its fitness obtained
so far;
Step 5: Calculate X (¢)eqn and the covariance matrix
Cov(t) by (7) and (9);
Step 6: If the search stagnates
Population is updated using Gaussian random
walk by (15);
Else
X* is updated using Gaussian walk by (17);
For each solution X; except X*;
If rand >= pv;
X, is updated using (10);
Else
Update a, /, p, Aand C;
Ifp <0.5
If|IA] < 1
X, is updated using (6.1);
Else
X is updated using (6.2);
End if
Else
X, is updated using (6.3);
End if
End if
End for
End if
Step 7: Boundary control; calculate fitness of each agent;
update Py;
Step 8: Greedy strategy is adopted to select the offspring;
Step 9: t = t 4 1; execute step 3.

A. RESULTS AND DISCUSSION
The simulation results obtained by GDS-WOA and other
compared algorithms containing the mean and standard
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deviation (SD) are provided in Table 3. The best solutions
among the eight algorithms are showed at bold.

According to Table 3, GDS-WOA can obtain the best solu-
tions of unimodal functions F1 to F3 compared to the seven
comparison algorithms. In addition, GDS-WOA converges
to the global optimal solutions of F1 to F3, which veri-
fies the efficiency of GDS-WOA in solving ill-conditioned
functions; For multimodal functions F4 to F16, GDS-WOA
has a greater convergence accuracy than the other seven
algorithms with the best scores on F4, F6, F7, F8, F9, and
F13, and it can converge to the global optimal solution
on F7; HFPSO outperforms among the eight algorithms on
F5, F10, F11, F12, and F15; COA performs slightly surpasses
the proposed GDS-WOA on F14; And GWO is the best only
in F16 in CEC 2014 benchmarks. In addition, our proposed
GDS-WOA ranks top on all hybrid functions F17 to F22.
Finally, according to the results of composition functions
F23 to F30, IWOA and VCS are the two best outperforming
algorithms on F23 and F24; IWOA, COA and VCS obtain
the same better solutions for F25; IWOA ranks to top on F27
and F28; our proposed GDS-WOA outperforms among all
algorithms on F26, F29, and F30. What is more, WOA has
poor convergence accuracy on all benchmarks of CEC 2014.
We concluded that our proposed GDS-WOA achieved best
convergence accuracy on 18 out of 30 benchmarks in the
CEC 2014 test suit, which demonstrates the accuracy and
efficiency of our proposed GDS-WOA in solving different
types of problems.

In order to analyze the overall difference of the algorithms,
the nonparametric Friedman test is used based on the mean
values derived from the algorithms on the CEC2014 test func-
tions. The results of mean ranks obtained by the Friedman test
are shown in Table 2. A smaller mean rank value represents
greater performance of the algorithm. From Table 2, we con-
clude that our proposed GDS-WOA ranks top, and the other
algorithms are in the following order: COA, HFPSO, VCS,
CoBiDE, GWO, IWOA, and WOA. Moreover, the p-value
is 1.3287E-06 that is less than the significance level o« =
0.05 and the chi-square with 5 degrees of freedom (DOFs)
is 96.93, which mean that there are significant differences
among eight algorithms. To further analyze the magni-
tude of significant differences, the Iman-Davenport test [40]
with a post hoc test is adopted. Iman-Davenport test is a
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Y

Calculate the fitness of each
agent and Update X;

v

Calculate X(?) eqn and
Cov(t) by (7) and (9)

Greedy strategy select the
offspring; t=t+1

A

Update Py

)

Calculate the fitness of each
agent and Update X;

)

The search Population is updated

Boundary control

A

stagnation using (15)

X" is updated using
17

For each solutipn X;

except X

Yes . .
X;is updated using (10)
No

Update @, [, p, A and C

A

X;1s updated using (6.3

) || Xiis updated using (6.2) | | X;is updated using (6.1)

| l

FIGURE 1. The flowchart of GDS-WOA.

TABLE 2. Mean ranks derived from the Friedman test with « = 0.05.

Algorithm IWOA WOA COA

VCS

CoBiDE HFPSO GWO GDS-WOA

Mean ranks 6.6333 6.6333 3.0667 4.0333 4.6667 3.7667 5.3000 1.9000

Friedman test: p-value is 4.6372E-18; Chi-square is 96.93; Iman-Davenport test: p-value is 1.2425E-10;

F-distribution with 7 and 203 degrees of freedom is 24.86.

statistics distributed based on the F-distribution with (k-1) and
(k — 1)(N — 1) DOFs.
N =D-xp
N-(K—-1-—xp
In(19), K is the algorithm number and N equals to 30 being
the CEC2014 benchmarks number. Therefore, the DOFs of

the F-distribution in Iman-Davenport test are 7 and 203. In the
paper, the Nemenyi test [41] is used as the post hoc test.

(19)
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The critical difference value (CDV) is used to assess the
difference among eight algorithms based on the mean ranks
obtained by the Friedman test. The CDV is calculated as the
following:

KK +1
CDV = qq - (TJF) (20)

In the paper, the critical value g, is 2.3463 obtained from
the statistical table of the F-distribution. Thus, the CDV
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TABLE 3. Statistical results obtained by eight algorithms for CEC 2014 test set in 30D.

Mean(SD) IWOA WOA COA VCS CoBiDE HFPSO GWO GDS-WOA
F1 3.64E+08.62E+07) 3.55E+07q.57E+07) 5.67E+05(.03E+05) 5. 13E+06.13E+06) 1.12E+06(233E+05) 8.48E+05(6.23E+05) 2.33E+07(1.45E+07) 0.00E~+00(0.005-+00)
F2 5.40E+10(6.39+09) 6.63E+06(5.15E+06) 2.17E+02(1.66E+02) 4.69E+05(7.87E+05) 5.6 1 E+06(8.69E+05) 4.39E+031.01E+04) 4.57E+084.52E+08) 0.00E+00(0.00+00)
F3 6.8 1 E+044.686+03) 2.73E+041.63E+04) 3.78E+01(4.145+01) 2.22E+03(1.44E+03) 3.50E+01s.30E+00) 1.66E+022.486+02) 1.46E+045.448+03) 0.00E~+000.00E+00)
F4 5.24E+039.99E+02) 2.03E+02(.71E+01) 7.10E+01.a1E+01) 9.63E+01G.41E+01) 1.26E+0209.15E+00) 6.70E+013.94E+01 1.52E+022.348+01) 0.00E+00(0.00E+00)
F5 2.09E+017:348-02) 2.03E+011.46E-01) 2.09E+016.56E-02) 2.07E+01@21802) 2.07E+01¢.176-02) 2.01E+01.08e-01) 2.10E+01@.156-02) 2.07E+01q.54E-01)
F6 3.41E+01.01E+00) 3.48E+013.00E+00) 1.37E+013.23E+00) 9.99E+002.99E+00) 2.61E+01©41E-01) 9.23E+00.02E+00) 1.03E+01s1E+00) 1.75E-02(1.255-01)
F7 3.13E+02s.26E+01) 1.09E+00(6.59E-02) 7.87E-038.685-03) 6.61E-01.75E-01) 1.01E+00¢1.80E-02) 1.14E-02(1.16-02) 5.58E+00.12E+00) 0.00E+000.00E+00)
F8 2.50E+02.57E+01) 1.72E+02.47E+01) 4.04E+01 (1118401 6.24E+01(7.32E+00) 8.21E+015.96E+00) 5.39E+01(1.326+01) 5.29E+011.14E+01) 3.95E+01(1.326+01
F9 2.81E+02¢33E+01) 2.25E+02(.05E+01) 8.36E+01(1.99E+01) 1.14E+02.0sE+01) 1.67E+02q.10e+01) 7.04E+01q.96E+01) 7.23E+01@a4ce+01) 3.57E+01¢.326401)
F10 5.38E+03(6.136+02) 3.92E+036.56E+02) 1.63E+0309.376+02) 2.21E+03(6.01E+02) 2.78E+032.24E+02) 1.13E+03:.236+02) 1.83E+036.458+02) 1.21E+03@.836+02)
Fl1 6.45E+03691E+02) 4.59E+03(7.788+02) 3.59E+03(s.54E+02) 4.71E+03¢.076+02) 5.50E+03@.17E+02) 2.63E+03s5.53E+02) 2.77E+03(1.03E+03) 2.89E+03(6.98E+02)
F12 2.28E+00s.186-01) 1.61E+00¢.178-01) 1.56E+00¢.0sE-01) 1.27E+00.45E-01) 1.31E+00q.70E-01) 2.63E-011.58501) 2.02E+00(1.01E+00) 5.91E-01G.976-01)
F13 6.30E+00¢s 41801 5.27E-01a.2sE-01) 3.07E-01(s.4sE-02) 3.94E-01 523802 4.43E-01@308-02) 3.46E-01(.91E-02) 3.24E-01(7.49€-02) 2.76E-015.836-02)
Fl14 8.30E+014.94E+00) 2.83E-01(9226-02) 2.37E-01G.415-02) 3.08E-01(1.24E-01) 2.55E-01@96E-02) 4.96E-01G.21E-01) 6.98E-01(1.03E+00) 2.53E-010.53E-02)
F15 6.01E+03718+03) 6.86E+01¢s0e+01) 6.54E+00(2.10E+00) 1.21E+01¢ 42600 1.90E+01( 388+00) 4.12E+00(1.37€+00) 1.13E+01(s.19E+00) 5.31E+00.15E+00)
F16 1.26E+01@.07e-01) 1.26E+01s.40E-01) 1.21E+01@a47E-01) 1.17E+01c9se-on 1.22E+0lasseon  1.0687E+0l@sieon  1.0659E+0167e0n  1.08E+01¢s7e01)
F17 5.86E+071.96+07) 3.21E+06(2248+06) 1.91E+042.19E+04) 3.88E+05¢.965+05) 2.21E+03@a7E+02) 1.57E+05(1.05E+05) 7.80E+05(6.10E+05) 7.06E+02121E+02)
F18 1.87E+09(1.05E+09) 1.30E+04.54E+04) 1.65E+032.13E+03) 1.18E+041.00E+04) 1.26E+02(1.18E+01) 4.64E+03(6.59E+03) 2.82E+06(7.38E+06) 3.46E+01(1.945+01)
F19 2.25E+02.94E+01) 5.85E+01(.99E+01) 1.02E+01(1.126+01) 9.37E+00.47E+00) 9.50E+00.83€-01) 8.89E+00(1.75E+00) 1.61E+016.26E+00) 2.42E+00(7.s85-01)
F20 6.86E+04(2.36E+04) 2.07E+041.83E+04) 1.80E+02(s.91E+01) 3.98E+03231E+03) 5.97E+01@.61E+00) 7.83E+02(4.94E+02) 7.66E+034.726+03) 2.96E+017.556+00)
F21 2.13E+07q.06E+07) 9.83E+05(3.45E+05) 6.79E+03(s.41E+03) 1.39E+05¢ 376+05) 1.04E+03¢1.24k402) 7.49E+04(6.98E+04) 3.48E+05¢.70E+05) 6.00E+02(2.40E+02)
F22 1.68E+034.19E+02) 7.33E+02@.21E+02) 2.13E+02(7.53E+01) 2.38E+02(1.03E+02) 2 .47E+026.47E+01) 3.17E+0201 248+02) 2.84E+02(1 51E+0) 1.96E+02( 02502
F23  2.0000E+02¢.00e+00)  3.33E+020.568100  2.0023E+02uc2eon  2.0000E+020.006400)  3.15E+021.53802) 3.15E+02¢.075-13) 3.24E+02¢s1E+00) 3.15E+02w.02e-13)
F24 2.0000E+020.00e+00 ~ 2.07E+0253E400)0  2.0000E+02(1.465-05) 2-0000E+0200.00e00  2.31E+0209.71501) 2.22E+027.24E+00) 2.00E+02(1.245-03) 2.08E+02(1.06E+01)
F25 2.0000E+020.00e+00) ~ 2.27E+020130e+0n)  2,0000E+02(0.005+00)  2-0000E+0200.00e00)  2.06E+024 81801 2.07E+023.73E+00) 2.09E+02(2.49E+00) 2.03E+023.59E-02)
F26 1.05E+021.858-01) 1.01E+02(1.23E-01) 1.0031E+02466-02) 1.0036E+02(665t-02)  1.0044E+02(a87802)  1.02E+0201408:01  1.0034E+02(s.00-02)  1.0026E+02(5.515-02)
F27 2.0000E+02@.00e+00)  8.57E+02(a.26E+02) 2.06E+02¢7.976100)  2.0000E+02(1.79E-11)  4.06E+02(1.21E+00) 4.68E+02(1.17E+02) 4.96E+02(9.15E+01) 3.61E+02(4.935+01)
F28 2.0000E+02(0.006+00)  2.07E+03(5.71E+02) 2.27E+02@776r01  2.0000E+02¢726120  1.03E+031.818+01) 1.17E+03@.15E+02) 9.18E+02s.17E+01) 7.83E+02(1.41E+02)
F29 2.00E+020.00E+00) 3.64E+06.59E+06) 1.26E+032.90E+02) 4.62E+032.16E+03) 1.38E+03(0.78E+01) 1.71E+05 21E+06) 5.24E+04s.01E+04) 1.23E+02¢51E+01)
F30 8.29E+043.285+05) 6.41E+044.93E+04) 2.07E+03(7.08E+02) 6.96E+03 2 458+03) 2.15E+03.15E402) 2.32E+03(1.01E+03) 2.23E+041.338+04) 5.15E+02(1.49E+02)
ves CoBiDE of symbols in Table 4 is as follows: p-value is the probability
Hggio SV‘Y)‘Z\ of observing the given results, the hypothesis is rejected at
GDS-WOA— WOA the 5% when p-value is no more than o, meaning that there is
- L L L L L I obvious difference between the two algorithms; ‘w+’ is the
" Cé‘f, 33 2 > 63 7 sum of the rank that is greater than 0 and ‘w—’ represents the
sum of the rank that is less than O; R indicates the results of
FIGURE 2. Comparison of multiple algorithms. Wilcoxon signed rank test, in which ‘+ represents the perfor-
mance of the competitor is better than GDS-WOA, whereas
is 1.4839 with a significance level @ = 0.05. The dif- ‘—’ indicates the competitor is inferior to GDS-WOA; And

ferences among eight algorithms are shown in Fig.2. The
algorithms with similar performance can be connected using
the CDV. From Fig.2, GDS-WOA and COA have similar
performance, and outperform the other six algorithms. The
proposed GDS-WOA in this paper exhibits a superior perfor-
mance on the CEC 2014 test suite compared to various types
of state-of-the-art algorithms.

For much further comprehensive comparisons in a statis-
tical manner, the Wilcoxon signed rank test, a method for
testing pair data, is adopted to analyze the results obtained
by the eight algorithms solving the CEC2014 test set in 30D
with 51 independent runs. It can be used to test whether the
performance of algorithms has obvious differences. Under
the condition of significance level @ = 0.05, the results of
Wilcoxon signed rank test are listed in Table 4. The meaning
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the symbol ‘=’ indicates that the competitor is similar to
GDS-WOA, there is no significant difference. As we can see
from the last row in Table 4, the performance of GDS-WOA
is superior to the other 7 comparison algorithms in at
least 22 functions. Therefore, the performance of our pro-
posed GDS-WOA is significantly better than the other seven
comparison algorithms.

To further illustrate the performance of GDS-WOA, the
convergence curves of eight algorithms are shown as Fig.3.
The convergence speed is compared according to the slope
of convergence curve. In order to save the article layout, this
paper only lists the convergence curves of eight algorithms
on twelve representative functions, i.e., F1, F2, F4, F6, F7,
F17, F18, F19, F20, F21, F29, F30, in which GDS-WOA has
obtained the better results. These 12 representative functions
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TABLE 4. Results of the Wilcoxon signed ranks test based on the solutions with 51 independent runs.

IWOA vs. GDS-WOA

WOA vs. GDS-WOA

COA vs. GDS-WOA

VCS vs. GDS-WOA

p-value W+ W- R p-value W+ W- R p-value W+ W- R p-value w+ W- R

F1 5.15E-10 0 1326 - 5.15E-10 0 1326 -  S.15E-10 0 1326 -  S5.15E-10 0 1326 -
F2 5.15E-10 0 1326 - 5.15E-10 0 1326 - S5.15E-10 0 1326 - 5.15E-10 0 1326 -
F3 5.15E-10 0 1326 - 5.15E-10 0 1326 - S5.15E-10 0 1326 - S5.15E-10 0 1326 -
F4 5.15E-10 0 1326 - 5.15E-10 0 1326 -  S5.15E-10 0 1326 -  S5.15E-10 0 1326 -
F5 8.27E-10 8 1318 - 827E-10 1318 8 + 1.77E-09 21 1305 - 1.93E-01 524 802 =
F6 5.15E-10 0 1326 -  5.15E-10 0 1326 - S5.15E-10 0 1326 - 5.15E-10 0 1326 -
F7 5.15E-10 0 1326 -  S5.15E-10 0 1326 - S.15E-10 0 1326 -  S5.15E-10 0 1326 -
F8 5.15E-10 0 1326 -  5.15E-10 0 1326 - 5.36E-01 597 729 = 1.99E-09 23 1303 -
F9 5.15E-10 0 1326 -  5.15E-10 0 1326 - 6.93E-10 5 1321 - 546E-10 1 1325 -
F10  5.15E-10 0 1326 -  5.15E-10 0 1326 - 1.68E-02 408 918 - 1.27E-08 56 1270 -
Fl1 5.15E-10 0 1326 - 1.18E-09 14 1312 - 7.94E-05 242 1084 - 1.05E-09 12 1314 -
F12  5.15E-10 0 1326 -  7.74E-09 47 1279 - 6.53E-10 4 1322 - 6.92E-09 45 1281 -
F13  5.15E-10 0 1326 -  6.15E-10 3 1323 - 1.52E-02 404 922 -  9.87E-10 11 1315 -
F14  5.15E-10 0 1326 - 6.35E-02 465 861 = 1.68E-02 918 408 + 4.89E-04 291 1035 -
F15  5.15E-10 0 1326 - 5.15E-10 0 1326 - 3.15E-03 348 978 - 5.15E-10 0 1326 -
Fl16  5.46E-10 1 1325 - 5.15E-10 0 1326 -  2.10E-09 24 1302 -  1.87E-07 107 1219 -
F17  5.15E-10 0 1326 - S5.15E-10 0 1326 -  S.15E-10 0 1326 -  S5.15E-10 0 1326 -
F18  5.15E-10 0 1326 - 5.15E-10 0 1326 -  546E-10 1 1325 - 5.15E-10 0 1326 -
F19  5.15E-10 0 1326 - S5.15E-10 0 1326 -  S.15E-10 0 1326 - S.15E-10 0 1326 -
F20  5.15E-10 0 1326 - S5.15E-10 0 1326 - S.15E-10 0 1326 5.15E-10 0 1326 -
F21  5.15E-10 0 1326 - 5.15E-10 0 1326 - 5.15E-10 0 1326 - 5.15E-10 0 1326 -
F22  5.15E-10 0 1326 -  6.15E-10 3 1323 - 2.90E-01 550 776 = 3.18E-02 434 892 -
F23  9.24E-13 1326 0 + 5.15E-10 0 1326 - S.15E-10 1326 0 + 9.24E-13 1326 0 +
F24  5.15E-10 1326 0 + 8.66E-01 681 645 = 3.39E-01 765 561 = 5.15E-10 1326 0 +
F25  5.15E-10 1326 0 + 1.77E-09 21 1305 -  5.15E-10 1326 0 + S.15E-10 1326 0 +
F26  5.15E-10 0 1326 -  6.93E-10 5 1321 - 3.19E-04 279 1047 -  1.87E-07 107 1219 -
F27  2.04E-10 1326 0 + 5.15E-10 0 1326 - 5.15E-10 1326 0 + 225E-10 1326 0 +
F28  5.1SE-10 1326 0 + 5.15E-10 0 1326 - S5.15E-10 1326 0 + S5.15E-10 1326 0 +
F29  5.15E-10 0 1326 - 5.15E-10 0 1326 - S5.15E-10 0 1326 - S5.15E-10 0 1326 -
F30  1.31E-05 1128 198 + 5.15E-10 0 1326 - S5.15E-10 0 1326 -  546E-10 1 1325 -
+/-/= 6/24/0 1/27/2 5/22/3 5/24/1

No CoBiDE vs. GDS-WOA HFPSO vs. GDS-WOA GWO vs. GDS-WOA

) p-value  w+ w- R p-value wt w- win  p-value = wt w- R

F1 5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F2 5.15E-10 0 1326 5.13E-10 0 1326 - 5.15E-10 0 1326 -

F3 5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F4 5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F5 1.27E-01 500 826 5.15E-10 1326 0 + 8.27E-10 8 1318 -

Fo 5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F7 5.15E-10 0 1326 5.03E-10 0 1326 5.15E-10 0 1326 -

F8 5.15E-10 0 1326 4.37E-06 173 1153 - 1.20E-06 145 1181 -

F9 5.15E-10 0 1326 2.80E-09 29 1297 - 1.40E-09 17 1309 -

F10  5.15E-10 0 1326 3.63E-01 760 566 = 4.78E-06 175 1151 -

F11  5.15E-10 0 1326 6.21E-02 862 464 = 1.07E-01 835 491 =

F12  280E-09 29 1297 6.24E-06 1145 181  + 337E-08 74 1252 -

F13  6.93E-10 5 1321 437E-05 227 1099 - 297E-04 277 1049 -

F14  9.03E-01 650 676 2.66E-04 274 1052 - 1.07E-07 96 1230 -

F15  5.15E-10 0 1326 3.56E-03 974 352 + 1.02E-08 52 1274

Fl6  9.87E-10 11 1315 2.34E-01 790 536 = 2.61E-01 783 543 =

F17  5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326

F18  5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F19  5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F20  5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F21  8.77E-10 9 1317 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F22  4.64E-03 361 965 1.62E-05 203 1123 - 1.80E-03 330 996 -

F23  5.15E-10 0 1326 1.70E-10 0 1225 - 5.15E-10 0 1326 -

F24  5.15E-10 0 1326 1.20E-08 55 1271 - 3.39E-01 765 561 =

F25  5.15E-10 0 1326 5.46E-10 1 1325 - 5.15E-10 0 1326 -

F26  5.15E-10 0 1326 1.45E-07 102 1224 - 1.37E-05 199 1127 -

F27  5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F28  5.15E-10 0 1326 6.15E-10 31323 - 6.03E-08 85 1241 -

F29  5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

F30  5.15E-10 0 1326 5.15E-10 0 1326 - 5.15E-10 0 1326 -

+/-/= 0/28/2 3/24/3 0/27/3
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FIGURE 3. Convergence graphs of 8 algorithms on 12 representative functions.

consist of two unimodal functions, three multimodal func-
tions, five hybrid functions, and two composition functions.
The convergence curves are drawn based on the mean values
of 51 independent runs. From Fig.3, our proposed GDS-WOA
has a faster convergence speed and better convergence accu-
racy than the other seven comparison algorithms on 11 out
of 12 functions except F29. For F29, the convergence rate
of GDS-WOA is only inferior to IWOA. In addition, it is
obvious that the search of IWOA and WOA is stagnant on
11 out of 12 functions except F29 and the local optimum
evasive ability of other comparison algorithms is also worse
than GDS-WOA. What is more, GDS-WOA has strong local
optimum avoidance ability and more high convergence accu-
racy than the seven comparison algorithms. Taking the results
in Table 3 into account, the convergence accuracy of GDS-
WOA on 18 functions among 30 functions is better than
the seven comparison algorithms. In summary, GDS-WOA
is superior to the other seven comparison algorithms in con-
vergence accuracy and efficiency.

Box diagrams of the results, obtained by eight algo-
rithms with 51 independent runs to solve twelve representa-
tive functions, are shown as Fig.4. The box graph includes
a central median value, outliers, the 1/4 and 3/4 values
in 51 results. According to Fig.4, when GDS-WOA solves
F1, F2,F4,F7,F17,F18,F19, F29 and F30, there are no
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abnormal values in 51 results. Although there are some
abnormal values obtained by GDS-WOA when solving F6,
F20, F21, the whole distribution of GDS-WOA is still more
concentrated compared with the comparison algorithms.
In summary, our proposed GDS-WOA has greater robustness
and stability and generally has low standard deviation values.

B. ALGORITHM COMPUTATION COST ANALYSIS

Algorithm computational efficiency is an important issue
when evaluating the performance of a novel algorithm, and
it can be characterized by computational cost. The means of
computational time for eight algorithms in CEC 2014 test
suite with 30D are shown in Table 5. To make a more intuitive
expression of the computational efficiency of algorithms,
aradar graph based on the ranks of the average computational
time is presented in Fig.5. The smaller the circle is, the more
efficient the algorithm. Fig.5 shows that the computational
cost of GDS-WOA in this paper is less than COA, VCS, and
HFPSO, but more than IWOA, WOA, GWO, and CoBiDE.
However, the ranks based on convergence accuracy of IWOA,
WOA, GWO and CoBiDE are inferior to the other four
algorithms. In addition, GDS- WOA has a faster convergence
speed according to the convergence graphs, which means that
it can get a better solution in solving a problem with a lim-
itation of FE,,,, to meet real-time requirements. From what
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FIGURE 5. Ranks of mean computational time of algorithms.

has been analyzed above, we can conclude that GDS-WOA
is superior to the comparison algorithms in both convergence
accuracy and efficiency on the CEC 2014 test suite with 30D,
although the computational cost of GDS-WOA is high.

IV. UCAVs TASK ALLOCATION USING GDS-WOA
The ultimate purpose of the proposed GDS-WOA is to
solve optimization problems of engineering. In this section,

VOLUME 7, 2019

we employ GDS-WOA to solve the heterogeneous multi-
unmanned combat aircraft vehicles (UCAVSs) task allocation
problem. UCAV is an airborne unmanned combat system
that has been developed by various military powers in the
world and which can carry out various combat tasks such as
air defense suppression, ground strike, air combat and intel-
ligence reconnaissance. The UCAVs formation cooperative
operation task allocation is the key technology of cooperative
operation.

Recently, scholars have proposed a variety of task alloca-
tion models which are widely used, including mixed integer
linear programming model (MILP) [42], multi-trip sales-
man problem model (MTSP) [43], vehicle routing prob-
lem model (VRP) [44] and Network Flow optimization
model [45]. Based on these general models, scholars have
established specific models for different operational back-
grounds. Grgtli and Johansen [46] used the mixed integer
linear programming model to deal with the task allocation
problem of UAV, which could guarantee the global optimal
allocation results, but it has poor real-time and weak appli-
cauility in large-scale task allocation problem. Wu et al. [47]
developed a distributed heterogeneous UAVs task allocation
model based on the constraints and uncertainties in com-
bat tasks, and proposed an algorithm based on the consis-
tency algorithm and online collaboration strategy to solve the
model. The method can obtain the feasible solution within
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TABLE 5. Running time (second) of eight algorithms in CEC 2014 test with 30D.

Rank IWOA WOA COA VCS CoBiDE HFPSO GWO GDS-WOA
F1 4.86E+00 4.72E+00 9.74E+00 1.27E+01 5.65E+00 1.49E+01 5.52E+00 5.68E+00
F2 4.81E+00 4.66E+00 9.68E+00 1.25E+01 5.65E+00 1.47E+01 5.47E+00 6.11E+00
F3 448E+00 4.32E+00 9.29E+00 1.23E+01 5.36E+00 1.45E+01 5.13E+00 5.74E+00
F4 4.49E+00 4.34E+00 9.35E+00 1.23E+01 5.15E+00 1.46E+01 5.15E+00 5.75E+00
F5 4.76E+00 4.62E+00 9.93E+00 1.33E+01 5.87E+00 1.48E+01 5.43E+00 9.74E+00
F6 5.69E+01 5.65E+01 6.12E+01 6.71E+01 591E+01 6.63E+01 5.71E+01 6.18E+01
F7 4.85E+00 4.70E+00 9.72E+00 1.29E+01 5.49E+00 1.47E+01 5.50E+00 7.14E+00
F8 4.12E+00 3.97E+00 8.89E+00 1.20E+01 4.83E+00 1.40E+01 4.78E+00 6.45E+00
F9 4.75E+00 4.60E+00 9.49E+00 1.17E+01 5.56E+00 1.47E+01 5.41E+00 7.83E+00
F10  5.02E+00 4.90E+00 9.94E+00 1.34E+01 5.97E+00 1.49E+01 5.67E+00 7.67E+00
F11 5.68E+00 5.56E+00 1.07E+01 1.47E+01 6.71E+00 1.56E+01  6.35E+00 8.86E+00
F12  3.70E+01 3.59E+01 4.11E+01 4.61E+01 3.82E+01 4.61E+01 3.67E+01 4.18E+01
F13  472E+00 1.48E+02 9.31E+00 1.31E+01 S5.11E+00 1.44E+01 5.16E+00 8.53E+00
F14  4.76E+00 4.42E+00 9.35E+00 1.30E+01 5.33E+00 1.44E+01 5.18E+00 8.87E+00
FI5  5.08E+00 4.77E+00 9.56E+00 1.18E+01 5.54E+00 1.47E+01  5.50E+00 8.78E+00
F16  5.15E+00 4.83E+00 9.88E+00 1.31E+01 5.62E+00 1.48E+01  5.53E+00 8.82E+00
F17  5.40E+00 5.06E+00 9.94E+00 1.40E+01 5.87E+00 1.52E+01 5.78E+00 8.58E+00
F18  5.08E+00 4.71E+00 9.59E+00 1.36E+01 5.57E+00 1.47E+01  5.45E+00 8.27E+00
F19  1.61E+01 1.53E+01 1.99E+01 2.37E+01 1.64E+01 2.51E+01 1.58E+01 1.82E+01
F20  5.09E+00 4.76E+00 9.63E+00 1.37E+01 5.43E+00 1.48E+01 5.48E+00 8.15E+00
F21  5.41E+00 5.08E+00 9.88E+00 1.40E+01 5.87E+00 1.52E+01  5.78E+00 8.51E+00
F22  8.69E+00 8.14E+00 1.31E+01 1.75E+01 9.16E+00 1.81E+01  8.89E+00 1.10E+01
F23 1.10E+01  1.03E+01 1.52E+01 1.75E+01 1.16E+01 2.05E+01 1.11E+01 1.32E+01
F24  8.61E+00 8.17E+00 1.28E+01  1.50E+01 9.09E+00 1.81E+01  8.86E+00 1.10E+01
F25 9.80E+00 9.25E+00 1.39E+01 1.62E+01 1.04E+01 1.95E+01  9.96E+00 1.21E+01
F26  6.73E+01 6.41E+01 6.86E+01 7.53E+01 6.60E+01 7.39E+01 6.45E+01 6.96E+01
F27  6.69E+01 6.37E+01 6.85E+01 7.53E+01 6.82E+01 7.39E+01 6.44E+01 6.81E+01
F28 1.26E+01  1.23E+01 1.72E+01 2.06E+01 1.35E+01 2.34E+01 1.29E+01 1.52E+01
F29  2.02E+01 1.92E+01 2.40E+01 2.85E+01 2.10E+01 2.97E+01 1.99E+01 2.23E+01
F30 1.34E+01 1.28E+01 1.70E+01 2.17E+01 1.35E+01 2.27E+01 1.34E+01 1.56E+01

the acceptable time. Based on an analysis of key technical
and tactical indicators of task allocation problems, Zhong
et al. [48] established a task allocation model for UCAV
under the constraints of manned combat aerial vehicle con-
trol, and a multi-group ant colony algorithm is adopted to
solve the model. Kurdi et al. [49] proposed an automatic bio-
inspired method for multi-UAV dynamic task allocation. The
task allocation results are dynamically adjusted based on the
operational status of each UAV and task parameters without
direct communication between UAVs, which shows that the
method has certain scalability in task allocation of different
scales. In view of the low efficiency and unreasonable results
of traditional contract network, Li er al. [50] proposed a
multi-AUV (autonomous underwater vehicle) task allocation
strategy based on improved contract network by introducing
the token ring network and task load rate indicators. The
novel method had improved the overall task allocation effi-
ciency and obtained a reasonable allocation scheme. Huang
and Zhuo [51] firstly established a multi-UCAV cooperative
combat model with collaborative decision-making and con-
trol. Then, the task allocation model was established based
on the flight characteristics of UCAV and the constraints
of the battlefield environment. The model was solved by
different algorithm according to the battlefield environment,
which could satisfy the demand of the cooperative oper-
ation to a certain degree. Huang et al. [52] proposed a
multi-type UAVs cooperative task allocation model based on
cross-entropy, taking the types of UAVs and the resources
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constraint into account, and the author revealed that the pro-
posed model has the advantage of solving large-scale task
allocation problems. In the context of multi-UAVs perform-
ing search and rescue tasks, Miao et al. [53] established a
dynamic task allocation model considering the conditions
of detecting new targets, UAV destroyed and sudden threat
source. And the model was solved by a distributed immune
multi-agent algorithm. In the context of performing col-
laborative attack tasks, Nie-Qiang et al. [54] proposed a
multi-UCAV cooperative task allocation algorithm based on
immune evolutionary computation. However, the task alloca-
tion model used was too simple to meet actual operational
needs. Xu et al. [55] established an extended mixed inte-
ger linear programming (MILP) task assignment model and
used an improved co-evolutionary genetic algorithm to solve
the model.

However, most of the researches about task allocation of
UCAV discussed above do not take some factors into account,
such as the UCAV platform characteristics, task types and
other attribute differences. The UCAVs task allocation model
is usually assumed that UCAVs and tasks have the same
characteristics. Multi-UCAV collaboration operation based
on the models is just a linear addition of multiple UCAYV,
and it is difficult to achieve the operational effectiveness
values of 1 + 1 > 2. In addition, the attributes of the
targets are different which have different requirements of the
UCAV. Thus, the formation of UCAV with different func-
tions and characteristics is often required to carry out the
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corresponding combat tasks more efficiently. Therefore, to
improve the operational effectiveness value of UCAV forma-
tion executing a variety of combat tasks, this paper proposes
the heterogeneous multi-UCAV task allocation model, and
the GDS-WOA is used to solve it.

A. PROPOSED UCAVs TASK ALLOCATION MODEL

To maximize the operational effectiveness value of UCAV
formation, the heterogeneous UCAV formation consists of
several UCAV with different kinds of task loads according
to platform differences. The UCAV with different task loads
focus on executing the different type combat tasks in the
operation process, which could realize the overall operational
effectiveness value of UCAV formation with 1 41 > 2 under
the constraints of limited loads in a single UCAV.

In this paper, we assume that the operational tasks need
to be performed by heterogeneous UCAV formation only
include three types: reconnaissance, attack, and evaluation.
The formation of heterogeneous UCAVs is U = {U;, Ua,
Us, Upy}, where Nu is the UCAV number in the formation.
And the task setis T = {T;, T», T3, Ty}, where Nt is the
task number. The goal of task allocation is to maximize the
operational effectiveness value (OE) of the UCAV forma-
tion. Based on the task allocation model used in [48], [52],
[54], [56], this paper proposes the following heterogeneous
UCAV task allocation model considering the actual opera-
tional factors.

Definition 1: The operational effectiveness value of the
i" UCAV performing the j task is equal to the reward of
performing the task divided by the cost of performing the
task.

OE;(T}) = Reward;(T})/Costi(T)) 21

where OE;(T}), Reward;(T}), Cost;(T}) are the operational
effectiveness value, reward, and cost of the ith UCAV per-
forming the /" task respectively.

1) UCAVs PERFORM TASK REWARD
Factors associated with the value of Reward include the value
of the task, the complete capability of the UCAV performing
the task, and the defensive ability of the task. The value of a
task is usually determined by the chief operating officer based
on the pre-acquired intelligence, and it could be dynamically
adjusted in real-time according to the change of operational
intent and tactics in the operational process. The defensive
ability of a task is obtained by analyzing and quantifying
the task information obtained by the pre-reconnaissance. The
complete capability of the UCAV to perform a different type
of task is quantified by the platform performance of the
UCAV and the type of the task load carried, which is usually
described in the form of probability according to operational
statistics of related tasks in the past.

Definition 2: The Reward is proportional to the com-
plete capability of the UCAV and the value of the task, and
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inversely proportional to the task defense capability.
Reward;(T;) = Value(T;) - Pi(T})/Defense(T}) (22)

where Value (T;) and Defence (T}) are the value and defensive
ability of the j task; Pi(T;) is the complete capability of the
i" UCAV performing the j™ task.
The task reward of the entire UCAV formation is as
follows:
Nu Nt
Reward = Z Zx,-j - Reward;(Tj) (23)
i=1 j=1

where x;; € {0, 1} is the decision variable, x;; = 0 indicates
that the i UCAV does not perform the j task and x; = 1
represents that the i UCAV performs the j task.

2) UCAVs PERFORM TASK COST
UCAVs are at the risk of being attacked or destroyed by
enemy defense systems when performing tasks in the oper-
ational area. To reduce the probability of UCAVs being
destroyed, the time of UCAVs in the combat area should be
reduced, that is, the track length should be minimized. At the
same time, the attack ability of the task and the defensive
ability of UCAV should be considered in task allocation.
Therefore, the cost of UCAVs executing tasks in this model
includes the track length cost and the loss cost. Since the size
of track length cost and the loss cost are different, the value
needs to be normalized.

The Euclidean distance between the i UCAV and the
7™ task can be expressed as:

DisUTy =/ (posi(Ui) —posi(T)+(pos, (U —posy(T)?
(24)

The Euclidean distance between the i task and the /" task
can be expressed as:

DisTT;j= \/ (posy(Ty)—posx(T))* +(posy(Ti) —posy(T)))?
(25)

where pos(U;) = (posx(U;)posy(Uy)) is the coordinate of the
" UCAV; pos(T;) = (posx(Ti)posy(T;)) is the coordinate of
the i task; pos(Tj) = (posy(T))posy(T})) is the coordinate
of the j" task. In order to avoid repeated calculation in the
optimization process, the distance matrix is constructed to
store the Euclidean distance between the UCAV and the
target, the task target and the task target.

[ DisUT] DisUT n; |
. | DisUTNy,1 DisUTny, Nt
Distance = DisTT: | DisTT) ny (26)
| DisTTng 1 DisTTne Nt |
Normalizing the distance matrix is as follow:
Distance = Distance/Distancemax 27
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where Distance,,,; represents the maximum element in
Distance.

In summary, the track length of the i UCAV performing
all assigned tasks and safely returning to the starting point can
be expressed as:

N

Length; = _ Length(i)y n 1 (28)
n=0

where N is the task number that the i" UCAV needs to
perform; Length(i)o 1 is the track length from the ih UCAV
position to the first executed task position; Length(i)y n+1 1s
the track length of the i UCAV returning to the base after
performing the last task and Length (i)y n+1(n # 0, N) is the
distance between the n task and the n + 1™ task.

The loss cost refers to the risk that the UCAV is attacked or
destroyed by the enemy defense systems during the execution
of tasks. It is related to the value of the UCAY, the defense
ability of the UCAY, and the attack capability of the task.

Definition 3: The loss cost of the UCAV performing the
task is equal to the attack capability of the task divided by the
defense ability of the UCAV and multiplied by the value of
the UCAV.

LossCost;j = Value(U;) - Attack(T})/Defense(U;)  (29)

where LossCost;j is the loss cost of the i" UCAV performing
the j" task; Value (U;) is the value of the i UCAV; Attack(T})
is the attack capability of the j task and Defence (U;) is the
defense ability of the i UCAV.

Considering the terrain fluctuation, take-off climb, bat-
tlefield threat avoidance, and other factors, the actual flight
path cannot be a straight line. To simplify the task allocation
model, the track length redundancy factor A is introduced,
and A takes the value range of [1.3, 2] according to the battle-
field complexity. In summary, the UCAV formation executing
tasks cost can be expressed as follows:

Nu Nt

Cost = wq - ZA Lengthi+w3 - ZZ Xjj -

i=1 j=1

LossCost,J

LossCostyay
(30)

where LostCost;,q, 18 the maximum loss value of a UCAV
performing a task; w; and w; are the weight factor of Discost
and LostCost respectively.

The task allocation problem of heterogeneous UCAVs is
an optimization problem under multiple constraints. In order
to simplify the problem and obtain higher solving efficiency,
the constraint condition is introduced to the objective function
in the form of punishment function Pu. Thus, the constrained
optimization problem is transformed into unconstrained opti-
mization problem for solving. In summary, the heterogeneous
UCAV task allocation model is as follows:

max OFE = Reward /Cost — & - Pu 3D

01
Pu = :1’
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results satisfy the constrains
results does not satisfy the constrains

(32)

Nu

sty xy=1 V=12 Nt (33)
i=1
Nu Nt
X xi=M (34)
i=1 j=1
Nt

> xj < Load;, Vi=1.2,....Nu  (35)
j=1

A - Length; <L(D)max, VYi=1,2,...,Nu (36)
where & is the penalty function scale factor, Load; is the
maximum number of tasks performed by the /" UCAV and
L(i)max is the maximum flight distance of the i UCAV.
(33) means that each task can only be executed by one UCAYV;,
(34) means that all tasks are executed by UCAV formation;
(35) means that the number of tasks assigned to UCAV cannot
exceed its maximum executable tasks number; (36) means
that the track length of all tasks performed by UCAV shall
not exceed the maximum flight distance.

B. TASK ALLOCATION CODING

The whale optimization algorithm can be directly applied
to continuous optimization problems, but the task alloca-
tion problem is a typical mixed integer linear programming
problem, and the decision variables are discrete. Therefore,
we must define the appropriate encoding to map the agent
position to the task allocation result. In this paper, the map-
ping relationship between the agent position and the task
allocation result is established based on the coding method of
real vector. The mapping relationship is defined as follows:
1). The dimension of the problem is the task number, and the
dimension subscript of the agent corresponds to the task sub-
script; 2). The search space of the solution is (0, Nu); 3). The
value, rounding the elements of the agent position to the
nearest integers greater than or equal to it, correspond to
the subscript of UCAV, and the first decimal part of the
agent position corresponds to the order in which the UCAV
performs tasks in ascending order.

For a clearer description of the mapping relationship,
we take three UCAVs performing eight tasks as an example.
In the example, the problem dimension is eight, the agent
search range is (0, 3), and the mapping relationship is as
shown in Table 6.

V. TASK ALLOCATION RESULTS AND ANALYSIS

A. SIMULATION CONDITION

In order to verify the rationality of the heterogeneous UCAV
task allocation model proposed in this paper, we program
based on MATLAB 2013a and perform simulation experi-
ments on a computer with the Intel(R)Core(TM) i7- 4770K
CPU@3.50GHz 8GB RAM. The model is solved using
IWOA, WOA, COA, VCS, CoBiDE, HFPSO, GWO and
GDS-WOA, respectively. The parameters of the model are
set as: the range of operational task space is 100km x 100km,
A= 13,01 = 05w = 05,8 = 5,L3E) = 600km
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TABLE 6. The mapping relationship of task allocation coding.

Agent attribute X/ Xi2 Xi3 Xig Xis Xis Xi7 Xis
Agent position 2.1 1.5 2.6 0.2 1.9 0.1 1.4 0.8
UCAV number Agent information Task execution order
0.1 Xi6
U] 0.2 Xig T5—>T4—>T8
0.8 Xis
Allocation results 1.4 Xi7
Uz 1.5 Xi2 T34>T/‘>T5
1.9 Xis
U; ié ;C:i Ty—Ts—T,

TABLE 7. Heterogeneous UCAVs information in case 1.

UCAV __ Value Position’km Defense Task type P(T)
Reconnaissance 0.9
U, 0.9 (10,20) 0.3 Strike 0.2
Evaluation 0.8
Reconnaissance 0.3
U, 0.7 (30,10) 0.9 Strike 0.9
Evaluation 0.4
Reconnaissance 0.5
Us 0.8 (15,9) 0.5 Strike 0.5
Evaluation 0.5

TABLE 8. Tasks information in case 1.

Task Task type Value  Position/km  Defense  Attack
T, Reconnaissance 0.4 (80,50) 0.2 0.8
T, Evaluation 0.5 (60,45) 0.4 0.6
T; Evaluation 0.9 (80,80) 0.9 0.1
7, Strike 0.8 (90,20) 0.7 0.3
Ts Strike 0.9 (50,90) 0.8 0.2
Ts Evaluation 0.5 (60,65) 0.4 0.6
T, Strike 0.7 (40,90) 0.7 0.3
Ts Reconnaissance 0.6 (70,45) 0.2 0.8

(i=1,2,3,4), Load; = 3( = 1,2, 3,4). To simplify the
task allocation model, the heterogeneity between UCAVSs is
reflected in the complete ability to perform different types of
tasks. There are two cases with different number of UCAVs
and tasks as the operational background.

In case 1, there is a UCAV formation with three UCAV's
which needs to perform eight tasks. The information of
UCAVs and tasks are shown as Table 7 and Table 8. The
parameters of algorithms are set as follows: dim = 8§,
the agent search space is (0, 3), SN = 10, FE;,4, = 1000.
In case 2, there is a UCAV formation with 10 UCAVs
which needs to perform 25 tasks. The information of UCAV's
and tasks added to case 2 based on case 1 are shown as
Table 9 and Table 10. The parameters of algorithms are set
as follows: dim = 25, the agent search space is (0, 8),
SN = 10, FE 4, = 2000. The relative positions of UCAVs
and tasks in case 1 and case 2 are shown in Fig.6 and
Fig.7 respectively. Compared to case 1, case 2 has a higher
dimension and wider search range which can test the scalabil-
ity of the algorithm when dealing with different dimensional
problems.
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TABLE 9. UCAVs information added to case 2 based on case 1.

UCAV__ Value Position/km Defense Task type P(T)
Reconnaissance 0.8
U, 0.8 (35,20) 0.7 Strike 0.5
Evaluation 0.7
Reconnaissance 0.7
Us 0.7 (5,10) 0.8 Strike 0.6
Evaluation 0.8
Reconnaissance 0.9
Us 0.6 (20,30) 0.9 Strike 0.3
Evaluation 0.8
Reconnaissance 0.7
U, 0.9 (10,40) 0.6 Strike 0.6
Evaluation 0.7
Reconnaissance 0.5
Uy 0.8 (40,10) 0.7 Strike 0.6
Evaluation 0.6
Reconnaissance 0.8
Uy 0.7 (25,15) 0.6 Strike 0.6
Evaluation 0.7
Reconnaissance 0.9
U 0.7 (5,30) 0.8 Strike 0.3
Evaluation 0.7
100
0+ *xT, % T
80 * Tj
70
* Ty
60
g 50 *xT;
= *T, *Ty
40
30
20 veﬂ..U’ T,
10 e U e U
0 : : : : :
0 20 40 60 80 100

x/km

FIGURE 6. Relative positions of UCAVs and tasks in case 1.

B. SIMULATION RESULTS AND ANALYSIS

To avoid the contingency of experimental results, eight algo-
rithms are executed 10 times independently in solving two
cases based on the UCAV task allocation model. The results
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TABLE 10. Tasks information added to case 2 based on case 1.

TABLE 11. Task allocation results in case 1.

Task Task type Value  Position/km Defense  Attack
Ty Strike 0.8 (10,80) 0.8 0.2
Ty  Reconnaissance 0.7 (13,90) 0.3 0.7
Ty Strike 0.9 (20,85) 0.9 0.1
T Strike 0.7 (50,60) 0.8 0.2
Ti; Evaluation 0.5 (30,85) 0.4 0.6
Ty Reconnaissance 0.6 (55,30) 0.4 0.6
Tis Evaluation 0.5 (65,60) 0.6 0.4
Tis Reconnaissance 0.7 (75,90) 0.5 0.5
T;7  Reconnaissance 0.6 (45,80) 0.4 0.6
Tis Evaluation 0.6 (85,75) 0.5 0.5
Tio Strike 0.9 (85,35) 0.7 0.3
T Evaluation 0.6 (65,85) 0.6 0.4
T> Reconnaissance 0.6 (93,55) 0.5 0.5
T Strike 0.8 (25,75) 0.9 0.1
T3 Reconnaissance 0.6 (35,65) 0.4 0.6
Ty Evaluation 0.5 (94,78) 0.5 0.5
Tss Strike 0.8 (50,82) 0.8 0.2

100~
90 * Ty, *T, T * T
L TR UT *T,,
g *7, s BT A
*T,, * T 24
70
* Ty x Ty
60 *T),  * T
s * Ty,
2 50+ * T,
= U *x T, xTg
40+ —om 7
U U * T19
30 \ 10 \ 6 *x T,
20+ “I‘UI U\ U4 * T4
)
10 -\Ui“U3 %U/Z, Us
0 . . . . .
0 20 40 60 80 100

x/km

FIGURE 7. Relative positions of UCAVs and tasks in case 2.

of case 1 and case 2, consisting of operational effectiveness
values (OE), running time/s, the value of Pu and the prob-
ability of obtaining feasible solutions (P) of algorithms, are
shown in Table 11 and Table 13 respectively. It is noted that
the “MFS” in Table 11 and Table 13 means the mean value
of the solutions.

According to Table 11, all eight algorithms can obtain
feasible solutions 100% that satisfy the constraints in solv-
ing case 1, which proves the validity and rationality of the
heterogeneous UCAV task allocation model proposed in this
paper. The average operational effectiveness values obtained
by IWOA, WOA, COA, VCS, CoBiDE, HFPSO, GWO,
and GDS-WOA are 1.3855, 1.4629, 1.5122, 1.5144, 1.5187,
1.4806, 1.4979 and 1.5388 respectively. It is easy to see that
the performance of GDS-WOA is better than the other seven
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Algorithm OE  Time/s
1.3252 0.0666

1.4574 0.0624

1.4491 0.0721

1.4402 0.0642

1.3852 0.0641

woA 1.3762 0.0710
1.3752 0.0615

1.3668 0.0619

1.3497 0.0621

]
<

P |Algorithm OF  time/s
1.4829 0.0620
1.4805 0.0627
1.4755 0.0635
1.4733 0.0593
1.4733 0.0604
1.4723 0.0603
1.4486 0.0623
1.4435 0.0616
1.4413 0.0625
1.3299 0.0667 1.4381 0.0609

MFS 1.3855 0.0653 Nan MFS 1.4629 0.0616 Nan
Algorithm OE  Time/s P |Algorithm OE  time/s
1.5491 0.0790 1.5491 0.0864

1.5449 0.0798 1.5491 0.0893

1.5238 0.0794 1.4831 0.0857

1.5238 0.0782 1.5449 0.0890

1.5102 0.0769 1.5280 0.0873

1.5028 0.0789 1.5263 0.0855

1.4942 0.0828 1.5028 0.0913

1.4926 0.0790 1.4942 0.0885

1.4904 0.0895 1.4926 0.0885

1.4904 0.0817 1.4834 0.0883

MFS 1.5122 0.0805 Nan MFS 1.5154 0.0880 Nan

v
<
~

WOA

coococococococoo
%001

coocococoocococoo
%001

v
<
v
<
v

COA VCS

cocoococoocococococo
%001

coococococoocococo
%001

Algorithm OE  Time/s Pu P |Algorithm OFE  time/s Pu P

15491 0.0843 0 15449 0.0786 0

15449 0.0834 0 15102 0.0782 0

15449 00832 0 14875 0.0805 0

15263 0.0849 0 14831 0.0843 0
15231 00854 0 = 14755 00798 0 3
CoBIDE 1°5331 00859 0 3| HFPSO 14755 00775 0 2

15102 0.0860 0 14682 0.0774 0

1.4904 0.0839 0 14682 0.0766 0

14875 0.0854 0 14527 0.0789 0

14875 0.0845 0 14397 0.0825 0

MES 1.5187 0.0847 Nan MFS 1.4806 0.0794 Nan

Algorithm OE  Time/s Pu P |Algorithm OFE  time/s Pu P
15491 00610 0 15491 00825 0
1.5491 0.0589 0 15491 0.0799 0
1.5449 0.0620 0 15491 0.0824 0
14942 0.0586 0 1.5491 0.0902 0
14942 00623 0 = 15491 00782 0 =
GWO ) 4042 00640 0 FPPSWOA 15238 00810 0 I
1.4875 0.0592 0 15231 0.0808 0
1.4577 0.0621 0 1.5449 0.0809 0
1.4539 0.0612 0 15268 0.0817 0
1.4539 0.0675 0 1.5238 0.0817 0
MFS  1.4979 0.0618 Nan MES  1.5388 0.0819 Nan

comparison algorithms when dealing with case 1 based on
our proposed task allocation model.

Fig.8 shows the convergence curves of mean OE val-
ues of 10 task allocation results. The results indicate that
GDS-WOA has a faster convergence speed. Fig.9 shows the
running time of eight algorithms for solving the task alloca-
tion model 10 times in case 1 and Fig.10 is a box diagram
of the operational effectiveness values obtained by the eight
algorithms in Table 11. We have found that the results of
GDS-WOA are more concentrated, so GDS-WOA is more
stable when solving the problem. Overall, the operational
effectiveness value of the task allocation results obtained by
GDS-WOA is better than the comparison algorithms, but
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the computational cost is worse than IWOA, WOA, HFPSO
and GWO.

In order to compress the length of the paper, this paper only
lists the detailed allocation results and task execution order
of 3 better results in 10 times in case 1, which are shown
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in Table 12. For a more intuitive representation of task alloca-
tion results, Fig. 11 to Fig. 18 show the task execution track
maps with the highest operational effectiveness value corre-
sponding to IWOA, WOA, COA, VCS, CoBiDE, HFPSO,
GWO and GDS-WOA in Table 12 respectively. In summary,
the task allocation results obtained by GDS-WOA are better
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than the other seven comparison algorithms, which is consis-
tent with the actual operational principles.

According to Table 13, when the algorithms solve the
case 2 with 10 independent runs, only the solutions obtained
by COA, CoBiDE and GDS-WOA are all feasible solutions.
The success rates of VCS and GWO for feasible solutions are
80% and 90% respectively. What is worse is that the success
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TABLE 12. Detail results of task allocation in case 1.

Algorithm OE Task allocation results and execution orders
14574 U;: T/—>Ts—Ts Uy Tr—T5—T; Us: To—T,

IWOA 1.4491 Uy Ty—Ty—T, Uy TroT, Us: T—Ts—Ts
14402 U;: T—»Ts—Ts U, T)—>T;—T, Us: Ts—T;
14829 Uy T5—T5—Ts  Usr Tr->T—Ty Us: Tr—Ts

WOA 14805 Uy Ts—Ts—T, Uy T,—T,; Us: T—Ts—T,
14755 Ui Ts—Ts—T, U T—Ts Us: T;-T—-Ty
1.5491 U;: Ts—T,—>T, U, T)—Ts Us: Tr—Ts5—T;
COA 1.5449 U;: Ts—T,—T; Uy T,—T, Us: Ts—Ts—T;

1.5238 U;: T,—»T,—>Ts Uy Te—T;—T, Us: T—Ts
1.5491 Up: Ts—T—T, Ux Tr—Ts Us: Tr—T5—T;
VCS 1.5491 Uy Ts—T—T, Ux Tr—Ts Us: Tr—Ts—T;
1.5449 U, Ts—T,—T; U, T—T, Us: T—T5—T;
1..5491 U;: Ts—T,—T, U, T,—Ts Us: T—T5—T;
CoBiDE 1.5449 U, Ts—T,—T; Uy T—T; Us: T—T5—T;
1.5449 Ui Ts—T—T;  Ux T—-T, Us: T T—T;
1.5449 U Ty—T—T; U T—T, Us: T—T5—T;

HFPSO 1.5102 Uy Ts—T—T; U T—Ts—Ts Us: Tr—T,
14875 U;: Ts—Ts5—T;, U, T,—T, U;: T)—T;—T;
1.5491 Up: Ts—T—T, U Tr—Ts Us: Tr—T5—T;
GWO 1.5491 U;: Ts—T—T, Uy T-—Ts Us: Tr—T5s—Ts
1.5449 Ui Ts—T—>T;  Ux T,-T, Us: Ti—T5—T;
1.5491 U;: Ts—T,—>T, U, T)—Ts Us: T—Ts5—T;
GDS-WOA 1.5491 U;: Ts—T,—>T, U Tr—Ts Us: Tr—T5—T;
15491 U;: Ts—T,—>T, U, Tr—Ts Us: T—Ts—T;

rate of IWOA, WOA and HFPSO obtaining feasible solutions
are only 10%, 10%, and 30% respectively. These results
prove that GDS-WOA is also more robust when dealing
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TABLE 13. Results of task allocation in case 2.

Algorithm OFE  Time/s Pu P |Algorithm OFE  time/s Pu P
1.5041 0.1966 0 1.5002 0.2049 0
-1.3818 0.1775 1 -1.2049 0.1854 1
-1.3754 0.1796 1 -1.1967 0.1769 1
-1.4567 0.1781 1 -0.8713 0.1793 1
-1.3706 0.1767 1 = -0.7554 0.1853 1 =
TWOA -1.3375 0.1803 1 X WOA -0.8506 0.1833 1 X
-1.3214 0.1795 1 -0.6711 0.1764 1
-1.7369 0.1759 1 -0.6508 0.1837 1
-1.2597 0.1866 1 -0.4537 0.1754 1
-1.2816 0.1775 1 -0.4473 0.1781 1
MFS  -1.1018 0.1808 Nan MFS  -0.5602 0.1829 Nan
Algorithm OE  Time/s Pu P |Algorithm OE  time/s Pu P
1.6350 0.2233 0 1.6489 0.3189 0
1.5958 0.2172 0 1.6185 0.3290 0
1.5566 0.2182 0 1.5910 0.3086 0
1.5496 02195 0 1.5473 0.3524 0
1.5301 02204 0 o 1.5324 03456 0 X
coA 1.5252 02219 0 :\% ves 14911 03137 0 X
1.5234 02143 0 1.4804 02914 0
1.5232 02211 0 1.4750 0.2892 0
1.5108 0.2122 0 -2.0468 0.3078 1
1.5071 0.2245 0 -0.8471 0.2966 1
MFS  1.5457 0.2193 Nan MFS ~ 0.9491 0.3153 Nan
Algorithm OE  Time/s Pu P |Algorithm OE  time/s Pu P
1.6387 0.2401 0 1.5582 0.2690 0
1.6367 0.2378 0 1.5355 0.2719 0
1.6103 0.2381 O 1.4196 0.2727 0
1.6076 0.2465 0 -1.8670 0.2550 1
. 1.5842 02365 0 o -1.8230 02471 1 &
CoBIDE 15601 02388 0 | TFPSO 1680 02508 1 &
1.5682 0.2437 0 -1.6529 0.2533 1
1.5448 0.2363 0 -1.4484 0.2534 1
1.5308 0.2475 0 -1.7231 0.2525 1
1.5074 0.2469 0 -2.4621 0.2609 1
MFS  1.5798 0.2412 Nan MFS  -0.8091 0.2587 Nan
Algorithm OE  Time/s Pu P |Algorithm OFE  time/s Pu P
1.6675 0.1886 0 1.6230 0.2469 0
1.5843 0.2001 0 1.6350 0.2583 0
1.5691 0.1872 0 1.6520 0.2454 0
1.5447 0.1909 0 1.6983 0.2449 0
1.5446 0.1871 0 2 1.6853 02446 0 o
Wi < [GDS-WOA
GWO 1.5194 0.1878 0 c\G S-Wo 1.6844 0.2444 0 :\%
1.5016 0.2017 0 1.6736 0.2546 0
1.4859 0.1885 0 1.6732 0.2515 0
1.4619 0.1867 0 1.6694 02485 0
-2.2689 0.1837 1 1.6612 0.2428 0
MFS  1.1610 0.1902 Nan MFS 1.6655 0.2482 Nan

with higher-dimensional task allocation problems. The aver-
age operational effectiveness value obtained by GDS-WOA
is better than the compared algorithms, which proves the
excellent optimization performance of GDS-WOA in solving
complex constrained optimization problems. The detailed
allocation results and task execution orders of 3 better results
in 10 times in case 2 are shown in Table 14.

Fig.19 and Fig.20 show the convergence curves of mean
OE values of 10 task allocation results and the running
time of the eight algorithms for solving the task allocation
model in case 2. The task allocation results obtained by
GDS-WOA has faster convergence speed and higher opera-
tional effectiveness value than the comparison algorithms, but
the computational cost is worse than IWOA, WOA, CoBiDE,
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HFPSO, and GWO. Fig.21 is a box diagram of the opera-
tional effectiveness values obtained by the eight algorithms
in Table 12. According to Fig.21, we have found that the
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TABLE 14. Detail results of task allocation in case 2.

Algorithm OE Task allocation results and execution orders
1.5041 UpTr—oTs—Ty  Unly—>T—Ty UsTs—Ts UspTio— Ty Us:Ts Us:T;5— 11—y UnTs—Tis—Tn UsTs—oTi—Tw UtTh—Ty Uip:To—>T1—Tis
TWOA -1.2597 Not a feasible solution
-1.2816 Not a feasible solution
1.5002 U;:Tiy—T>5—Tis Us: UsTr— 15—, UpTo—>T—T, UsTy Us Ty > To—T9 UnT;3—=Ts—Ts UsTi— =Ty UsTis—T5—-Ts Uy Ty—Ti—T);
WOA -0.4473 Not a feasible solution
-0.4537 Not a feasible solution
1.6350 UpTs—>Tis—Tn UnTis—To UsTi>Ts—>T, Ul Us:To5—> 1551 UsTyoTs—T,  UnTu—Tis Us:T5—>T)2 Up:T>Ti—>Tor Ui TooTis—Th
COA 1.5958 UrTi—oTi—>Ts Unly=TioTis UsTroTso T Upli—oTis— T UsTy Us T Tou—Toy UnTos—Ty—>Ty UsTeoTis—oTs Unliy Ui o> T
1.5566 Up:Ty—Ti5—Ti3 UnTroT3—T  UnTp—Tn UpTo—>T16—>T2 UsTi>Too Ty UsTi—oTi Uy: No task Us:Tis—>T5—>Ts  UnTo—oTos—>Tos U Tir—oT—Ty
1.6489 U.:T;,—T;—Tis UrT);s—Ty Us: No task UpT—Ty—Tis Us:Tyy—T—>T, UsT;—T;3—Ts UrnTiy—oTn—Ts UsT;—T—Ts  UgTy—Ts—T Ug:Ti1—T)7
vCs 1.6189 U;:Tis—T19—Ts Us: No task Us:Toy—To5—Tog UpTi5—Ti5— T Us:Ty—Ts—T); UsTs—T—T3 UnTi—Tp—T,  UsTy UpTi—=T—Ts U To—T—Ty
1.5910 UrTi—T;—=Ts UnTooTsoTis UsTioTisoTs Uply—Ti—oTs UsTyoTa—>Tw Usly—T—T, Un Ty Us:Tis— Ty UpTs— T2 Ui:Tr—>Ts
1.6387 Up:T5—T5—T5 Us: No task Us:T1—Tie UpTs—Ts—T, Us:To—>Tn UsTi—>T—>Ts  UpTpoTay—Tis UsTyoTos—Ths UnTy—>Tis—Tis U TeoTor—Tos
CoBiDE 1.6367 U;:T)—T;;—Ts Us: No task U;s:T1o—T) UpTis—Toy Us:Ty—To1—>Ts  UsTy—T—T;; UnT—Ts—Te  UsTig—T—>T; UgTs—Ts—Ty U;pT;—T5—Ts
1.6103 U;:To—Tos—Ty Ul Us:Tr— Ty UsTis—Toy Us:Ti5—Ti—T UsTs—>To—>Ty UnTi—Ti5—Ty UsTs—T, Ug:Too—=T3—=Ts U Tos—Ts—Th
15582 UpTo—=Tw—T, UnTi—Ti—=Ty UsTi>T—T,  Upls—Ti—T UsTs—T—Ty UsTis—Th UrTos—Tp—Tis UsiTis—To—T UoiTys Uip:Ty
HFPSO 1.5355 UpTy—Ti5—Toy UnTo—T, Us:Ty—>Tos UpTi—>T2 Us:Ts—>Tr—>Ty  UsTp—oTis—Tis Unls—>Tu—T UsTeo T UgTig—>To—Ts Ui T1—Ts
1.4196 Up:Ty—To UpTy—=Ti—T;; UnTs—T—T  UpTis—Ts Us:Ty—Ts—T  UsTroTw—Tw UnTi—Ty—Tis UsTy—T; Up:Ty—Tss Uip:Ti5— T
1.6675 UprTy—>To—>Tw UnTy—Toy UsTooTo T UplTeoTis—oT UsTis—oTi—oTn Uslis—oTos— Ty UnTr—oTs—T;,  UsTis—To Us: No task UipT1—>Ts—>T)
GWO 1.5843 U;:T1o—T2—T1s UnT,—Ts Us:Tyy— 5> Ty UpTr—o 15—y UsTooT5—>Ty  UsTi—Tys—Ty Unls—Ti—T,  UsTi3—Te—T;  Us: No task Uip:T1— T
1.5691 UpTs—Ty, UnToyoTo—Tis Us oo Ty Ty UseTs—Tn Us:TyoTr—>Tn  UsTyy—oTs—>T; UnTus—Ti5—>T UsTos—Tis UoTo2 Uip:T1—>T15—> T
1.6983 U;:Ti;—>T5—Tis UxTy Us:Ty, UpTi3—T1—T UsTis—Top—T; UsTo—To—Ts UnTyu—Te—Tys UsTyioTi—>Te UpToy— T Ujp:Ts—To—Ts
GDS-WOA  1.6853 Up:Ty—Ty—T; UxnTis—Ts UsT1—=To5— T Uply—Ti—Ts UsTis—=Ty—Tis UsTo—Ti—Ts  UnTiv—T—Ts;  Us: No task Up:T5—> Ty Uip:T1—T5—Ts
1.6844 Up:Tos—T;5—>T UnTy—oTiy Us: No task UpTipoTis—oTs UsTooTy—oTs UsTyoTso Ty, Unly—T; UsTis—Tis— Ty U Ti— 1Ty Ul Ty T

results of GDS-WOA are more concentrated and no outlier,
so GDS-WOA is still more stable when solving case 2.

It is noted that although GDS-WOA is superior to the com-
parison algorithms in obtaining the operational effectiveness
values of the solution, the time cost is sacrificed. Nowadays,
the real-time task allocation usually adopts rolling time-
domain method, and the time window is set to one second
which could meet the actual demand. In contrast, the running
time of the algorithm is on the microsecond level. Therefore,
GDS-WOA sacrifices a certain computational cost to obtain
greater operational effectiveness value, which has practical
significance for improving the operational effectiveness value
of heterogeneous UCAV formation.

VI. CONCLUSION AND FUTURE WORK

In this paper, we propose an adaptive WOA variant based on
Gaussian distribution strategies. Our proposed GDS-WOA is
evaluated based on CEC 2014 test suite compared with its
variant and other five state-of-the-art competitive algorithms
from different communities. The results show the superior
performance of GDS-WOA in terms of the solution accuracy
and stability.

Taking the factors affecting task allocation in actual com-
bat into consideration, this paper constructs the heteroge-
neous UCAV collaborative operation task allocation model
based on previous research, and GDS-WOA is applied
to solve the problem. The simulation results demonstrate
GDS-WOA is better than the other compared algorithms in
terms of stability and operational effectiveness value. For the
small-scale task allocation problem, all eight algorithms can
obtain feasible solutions 100%, which verifies the validity
of the established model. However, for a large-scale task
allocation problem, only COA, CoBiDE, and GDS-WOA
can obtain feasible solutions 100%. Moreover, GDS-WOA
is able to obtain higher operational effectiveness values
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than the comparison algorithms when solving both large-
scale and small-scale task allocation problems, showing that
GDS-WOA outperforms to the compared algorithms.

Our proposed GDS-WOA has shown the superior per-
formance when dealing with constrained and unconstrained
problems. However, while improving the performance of the
GDS-WOA, it sacrifices computational cost to some extent.
In the next study, we will work to reduce the computa-
tional cost by optimizing the algorithm architecture and apply
the improved strategies in this paper to other optimization
algorithms.
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