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Abstract: With the advancement of technology, the
collaboration of multiple unmanned aerial vehicles ( multi-
UAVs) is a general trend, both in military and civilian
domains. Path planning is a crucial step for multi-UAV
mission execution, it is a nonlinear problem with
constraints. Traditional optimization algorithms have
difficulty in finding the optimal solution that minimizes the
cost function under various constraints. At the same time,
robustness should be taken into account to ensure the
reliable and safe operation of the UAVs. In this paper, a
self-adaptive sparrow search algorithm ( SSA), denoted as
DRSSA, is presented. During optimization, a dynamic
population strategy is used to allocate the searching effort
between exploration and exploitation; a ¢-distribution
perturbation coefficient is proposed to adaptively adjust the
exploration range; a random learning strategy is used to
help the algorithm from falling into the vicinity of the origin
and local optimums. The convergence of DRSSA is tested by
29 test functions from the Institute of Electrical and
Electronics Engineers ( IEEE ) Congress on Evolutionary
Computation( CEC) 2017 benchmark suite. Furthermore, a
stochastic optimization strategy is introduced to enhance
safety in the path by accounting for potential perturbations.
Two sets of simulation experiments on multi-UAV path
planning in three-dimensional environments demonstrate
that the algorithm exhibits strong optimization capabilities
and robustness in dealing with uncertain situations.
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0 Introduction

Unmanned aerial vehicles (UAVs) are widely used
in military and civil fields'''. Path planning is one of the
key factors to ensure the smooth accomplishment of the
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UAV’s mission. UAV path planning refers to the
determination of a collision-free trajectory from the start
to the end point that is suitable for the current scenario,
taking into account various constraints and factors such as
total length, environment, data, threat information and
energy consumption’'. As time goes by, the tasks
performed by UAVs become more and more complicated.
It is noticeable that a single UAV is gradually unable to
meet the requirements of some tasks, thus making UAV
collaboration a mainstream trend"*'.

The commonly used multi-UAV path planning
methods are conventional algorithms, graphic methods,
heuristic algorithms, swarm intelligence algorithms and
so on. Among them, the swarm intelligence algorithms
are a new type of heuristic algorithms inspired by the
group behavior of various organisms in nature. In the
swarm intelligence algorithms, individuals share heuristic
information mutually, exhibiting intelligent behavioral
characteristics, which finally leads to a global
optimum'>. In contrast to traditional optimization
algorithms, swarm intelligence algorithms are simple,
parallel and adaptable, so they have received extensive
attention in recent years in the field of path planning.

For instance, a genetic algorithm is applied in multi-
constraint  three-dimensional ( 3D ) UAV  path
planning'®’. The encoding method is based on azimuthal
deviation angles, enabling the determination of the
optimal path through geometric computation. A
comprehensively improved particle swarm optimization
was used for 3D path planning for UAV formation ™.
The convergence speed and the global optimality of the
algorithm are improved. Besides, the research applied the
grey wolf optimizer to the 3D multi-UAV path
planning'® . After that, the authors improved the grey
wolf optimizer for more efficient cooperative path
planning for multi-UAVs in 3D complex environments by
improving the initialization of the population, the update
of individual positions and the decay factor'’ . The
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pigeon-inspired optimization algorithm is also respectively
used for the distributed flocking obstacle avoidance and
cooperative path planning of multi-UAVs'™>'""" .

Other swarm intelligence algorithms used for path
planning include ant colony optimization ( ACO) """
and particle swarm optimization ( PSO)'™. ACO
algorithm adopts a positive feedback mechanism to
facilitate the exchange of information among individuals,
ultimately converging toward the optimal path through the
collective efforts and collaboration of individual ants.
However, ACO algorithm has poor local search ability
and slow convergence speed, and the optimization
performance is greatly affected by the parameter settings.
PSO algorithm has a simple mechanism and high
efficiency, and is less affected by the dimensionality of
the problem. However, PSO algorithm is prone to get
trapped in the local optimum, and the search performance
is too dependent on the parameter settings. Sparrow search
algorithm ( SSA ) is a novel swarm intelligence
optimization algorithm proposed by Xue et al. """ in 2020,
and simulates the predatory mechanism and anti-predatory
mechanism that sparrows are equipped within nature.
Compared with other intelligent optimization algorithms,
SSA has faster convergence speed and stronger
optimization performance, which has made it promising
for cooperative path planning of multi-UAVs'"'.

Nevertheless, SSA also has its shortcomings. In
SSA, producers are mainly used for a global search for
optimal solutions, but the update mechanism of those
producers with no predators around them leads to a small
search range. Scroungers are responsible for moving
closer to the optimal solution as well as increasing
population diversity, but those scroungers at the edge of
the population have a normally distributed update
mechanism, leading individuals to converge toward zero.
In real life, however, the optimal solution of most
optimization problems is not at zero. In this paper, a
modified self-adaptive SSA is proposed to address these
challenges, emphasizing exploration in the early iteration
and strengthening exploitation in the late iteration. In
addition to optimization, it is necessary to tackle the
uncertainty caused by positioning errors or modeling
errors in path planning. Under these circumstances, in
addition to the optimality of the solution, the robustness
of the solution should also be taken into account'’.
Therefore, in this paper, a stochastic optimization ( SO)
strategy is proposed to enhance safety under uncertainty.

The primary contributions of this paper are outlined
as follows.

1) A modified self-adaptive SSA is proposed to
improve exploration and avoid performance degradation
of non-origin optimization.

2) An SO strategy is presented to cope with
uncertainties during the path planning tasks.

3) The simulation and the validation are performed
on multi-UAV path planning applications for the modified
self-adaptive SSA and SO strategy.

The remaining part of the paper is structured as
follows. Section 1 builds a cooperative path planning
model for multiple UAVs and represents a cost function to
be optimized. Section 2 introduces a modified self-
adaptive SSA and an SO strategy. In Section 3, the
modified self-adaptive SSA has been tested using 29
standard benchmark functions from the Institute of
Electrical and Electronics Engineers ( IEEE) Congress on
Evolutionary Computation ( CEC) 2017 benchmark suite
to demonstrate the algorithm’s superiority. Section 4
describes the specific parameters of the simulation model
and conducts simulation experiments with the modified
self-adaptive SSA and the SO strategy. Section 5 presents
the conclusions.

1 Modeling and Problem Formulation

Suppose that in a military strike mission, n UAVs
are required to take off from separate starting points to the
same strike point. The optimization objective for this
multi-UAV coordination problem is to minimize the costs
related to the flight length, the flight altitude, the flight
corner and the time synchronization. During the flight of
UAVs, some constraints such as the maximum corner of
UAVs, the collisions between UAVs, threat zones and
no-fly zones must be taken into account. The objectives
and constraints will be formulated in this section.

1.1 Flight length cost

The flight length of UAVs is a critical metric in the
context of UAV path planning. Shorter paths often
perform more efficiently in the execution of tasks. In
addition, the fuel consumption of UAVs is directly
proportional to the flight length, and a shorter flight
length results in lower fuel consumption cost. Assuming
that the flight path of a single UAV consists of a line
connecting m waypoints between the start and end points,
the total flight length f, of the n UAVs is''";

n m+l

fl=§]§Li,,-, (1)

where L, ; denotes the length of the ith flight segment of
the jth UAV which consists of line segments between
waypoints and start and end points. Figure 1 shows a

schematic of a UAV flight path.
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Fig. 1 Schematic of UAV flight path

1.2 Flight altitude cost

During the flight of UAVs, the variation in the flight
altitude is a measure of the degree of flight stabilization.
A stable flight would have fewer altitude changes. The
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cost function of the flight altitude f, can be represented as

n m+l

EDIDIEUNE (2)

where | Ah, ;| denotes the altitude change of the jth UAV
in the ith flight segment.
1.3 Flight corner cost and constraint

The ideal flight path for UAVs is a straightforward
one. In actual flight, however, the flight path would be
more or less curved. The curvature of the path comes
from the steering of UAVs, which gives rise to the
concept of the corner. Due to the performance limitations
of UAVs, the corner magnitudes need to be set within a
safe range of values. Besides that, the magnitude of the
corners reflects the smoothness of the paths, in other
words, smaller corners lead to smoother paths.
Therefore, it is required that the supplementary angle ¢,
between adjacent trajectory segments ( shown in Fig. 2)
must not exceed the maximum corner ¢, and should be
as small as possible, so the flight cost function f, "' and
flight corner constraint function constraint d“” are:

fi= 2 leoi_,., (3)

_ 0, gDi,j < gomax’

= 4
Lo ;> ¢, (4)

&i,j

constraint, = Y ng., (5)
j=1 i=1 ’

where ¢, ; denotes the angle between the (i+1)th segment
and the ith segment of the jth UAV’ s trajectory; ¢, is

the maximum value of the corner; g, ; denotes exceeding
the cornet limit.

Fig. 2 UAV corner in a schematic diagram

1.4 Time synchronization cost

Given the importance of ensuring that multiple
UAVs arrive at the same time, it is vital to implement
time synchronization among them. In multi-UAV path
planning, each UAV is assumed to have its maximum
flight speed v, and minimum flight speed v Based on
the respective flight length of each UAV, the theoretical
values of its longest flight time and shortest flight time
can be calculated. Assuming the flight lengths of UAVs
are L, L,, ==+, L(j=1,2, -, n), then the longest
flight time and shortest flight time of UAVs are [ T
Li/vs Ty e = L/v,, ], -, [T,‘,min = L,‘/”
L/v,, ] . After synthesizing the flight time intervals of
all UAVs, the upper and lower bounds of the overlapping
time are defined as [ T,, T,] , where

T, = max(T o T s (6)

min *

1_min

1_min » 2_min ?

T, =min(T ', T];nm)' (7)

The larger the overlapping time, the better arrival
synchronization among UAVs. Therefore, the time
synchronization cost f, is

f.=100(T, = T,). (8)

I_max * * 2_max »

1.5 Collision avoidance constraint

Collision avoidance between UAVs is a necessary
consideration for safety in flight. In this work, it is
specified that the distance between the waypoints of the
paths generated by different UAVs cannot exceed a

certain value. It is specifically expressed as follows' ™' ;

{05 ” Xi _xi],j] H > d

0.5,otherwise,

min ? (9)

c. . . .
iy iys g

n m

constraint, = 2 z 2 icm.‘ - (10)

j=loi=1 ==l 5
WA i#

where «x; ; denotes the position of the jth UAV in the ith
flight segment; ¢ denotes the collision penalty; d . is the
shortest distance allowed between UAVs; constraint, is
the total account of the collision situation.
1.6 Threat zone

UAVs executing tasks in complex military
environments may be subject to attacks from the enemy,
including radar, anti-aircraft artillery and missiles, which
are collectively called threats. The above threats are
expressed in 3D as a rotating parabolic whose radius is
related to the height & at which it is located. The radiusr,
at a height 4 is"”’

r,=+ (. h)/h, , (11)

where h___represents the maximum height; r_ _ represents
the maximum radius at the maximum height. UAVs are
required not to pass through the area of the rotating
parabolic, or they are extremely vulnerable to attack,
which might lead to mission failure. For a more precise
determination, a path is considered infeasible when a
waypoint below height & or a k-section point of the
segment enters the radius r, , which can be presented as

2 2 2
di‘:{l’(xi,j—(.l) +(yi,j_b) <r/1’ (12)
10, otherwise,
n km
constraint, = 2 Z d ;, (13)
j=1 i=1

where (a, b) is the coordinate of the region center
projected on the XOY plane; constraint, is the constraint
function reflecting the extent of UAV penetration into the
threat zone.
1.7 No-fly zone

Influenced by the environment, such as strong
convective weather, there will be an area where flight is
not possible. Once in this area, UAVs may be at risk of
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being destroyed. The no-fly zone e, ; is represented as a
cylindrical area with radius R and is determined in the
same way as the threat area:

_{19 (xw‘ _a>2 +(yi'j _b)z < Rz and h <h

0, otherwise,

max ? (14)

i,j

0 km

constraint, = 2 z e ;s (15)
j=1 =1

where constraint, is the constraint function of UAV
entering the no-fly zone.
1.8 Total cost function

The total cost function comprises both the objective
functions to be optimized and the constraints. All objective
functions are summed up by the weight w . The weight can
be defined according to the importance and preference of
different objectives. Constraints are embedded in the total
cost function according to the penalty function method,
where an extremely large coefficient 7 is imposed when the
constraint is violated. In summary, the total cost function
can be expressed as

=w,f, + w,f, + w,f, + w,f, + n( constraint, +
constraint, + constraint, + constraint, ). (16)

min

2 Modified Self-Adaptive SSA and SO
Strategy

This part will first introduce the mathematical model
of the basic SSA. Its shortcomings are specifically
analyzed according to its updated formulation. Then, a
modified self-adaptive SSA and an SO strategy are
proposed.

2.1 Basic SSA

In nature, sparrows are strong in foraging and early
warning, which is the inspiration for SSA. In SSA, the
sparrow individuals with better fitness values are prescribed
as scroungers and the remaining individuals as followers,
while a certain percentage of the sparrow individuals in the
group are selected as guards, and these individuals change
their positions when danger is perceived.

The population is initialized at the beginning of the
algorithm and the fitness value is evaluated for each
individual. Then the individuals are sorted according to
the results of the fitness value. The population is
categorized into producers and scroungers, and warning
mechanisms are introduced by generating guards among
the population. The producers, the scroungers and the
guards update the positions of sparrow individuals in
accordance with their respective rules, which are modeled
mathematically as follows.

2.1.1 Producers

X sex (
xXtt=0 P a - iter

i max

X, +0Q-L,

—! ) R, < ST,
(17)

R, = ST,

where X is the value of the ith individual in dimension j

at iteration ¢ ; iter,, is the maximum number of
iterations; o, R,, (), L and ST are predefined control
parameters of SSA.

In producer populations, if R, is lower than the
safety threshold ST, it means that the current individual
is in a safe position without any predators around it. At
this point, the producer can search for food around the
current location. When R, is higher than the safety
threshold ST , the sparrow has discovered the predator
and needs to move elsewhere to find food.

2.1.2 Scroungers

worst, j+ Xi,j .
Q- exp| ——————|, 1 >n/2,

-2
l

XU+ X, =X |- AT L, otherwise,

Ps

X[+] -

i

(18)

where p is the index of the optimal position.

When i exceeds half of n, it indicates that those
scroungers with lower fitness fail to find food for
themselves,, making it necessary for them to fly elsewhere
for food sources. Those scroungers with higher fitness
values move closer to the food source found by the
producers.

2.1.3 Guards

Xf)esl"‘ﬁ. ‘X;,/_X;m,j" fz >fg’
X = X =X 19
Do, ek (K 09
(fi =f, +€)

where K and e are predefined constants; f, is the global
best fitness value.

In the population, about 10% to 20% individuals
will be aware of the danger. In this phase, sparrow
individuals positioned in the middle of the population will
move toward the worst individuals, while individuals at
the edge of the population will move toward other
sparrows to minimize the likelihood of becoming prey.
2.2 Modified self-adaptive SSA

Although SSA exhibits fast convergence speed and
simple parameter configuration, falling into local
optimum easily is a major drawback of SSA.
Additionally, according to Eq. (18), it can be seen that
the scroungers with lower fitness are more inclined to fly
to the position near the zero point, and the diversity of
the population is somewhat insufficient. When facing the
non-zero point optimization problem, the performance of
SSA is significantly compromised. To address these
problems, SSA will be improved in this work. This work
presents a modified self-adaptive SSA that mainly
enhances both the convergence and the population
diversity of the algorithm. The details of the
improvements include dynamic population, adaptive t-
distribution perturbation operator and random learning
mechanism for scroungers. The new algorithm is denoted
as DRSSA.

2.2.1 Dynamic population

In basic SSA, the proportion of producers and

scroungers is set in the initialization phase of the
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algorithm and remains constant throughout the iteration.
From the mathematical modeling of producers and
scroungers, it can be seen that the producers are designed
to improve the algorithm’ s exploration capabilities and
the scroungers are designed to increase the exploitation of
the algorithm. Under such circumstances, we could
dynamically adjust the proportion of producers in the
population so that more producers pursue the global
optimal solution in the early stage of the algorithm, and
later on it favors the scroungers to exploit near the global
optimal solution. Adjustments made to the proportion of
producers PD are;

PD = PDmi n max

+(PD,. -PD.) -cos[; - (iter/ iter )]
(20)

The percentage of producers PD decreases from PD
at the beginning to PD
iterations iter escalates.
2.2.2 Adaptive ¢-distribution perturbation operator

It can be seen from Eq. (17) that the next position
of those producers who are in a safe position is related to
the index of the individual i and the random number « .
For a particular individual, its index number i is fixed, so
that for the ith individual, its position at the next iteration
is only related to the random number o. In addition,

-1
exp(a - iter,
a restricted search range for producers. This would appear
to be a lack of randomness and exploration. An
appropriate modification to this part is required, which
can be done by replacing Eq. (17) with

Yo o X+ (1 +u(ater)),
X, +0Q-L,

i,j

max

in the end as the number of

min

) is a value between 0 and 1, resulting in

R, < ST,

21
R, = ST, (21)

i

where t(iter) denotes a random number that obeys a
t-distribution with a degree of freedom iter . Based on the
visual representation provided in Fig. 3, when the degree
of freedom is a small number, the ¢-distribution curve is
——1 degree of freedom
——5 degree of freedom

10 degree of freedom
_ —100 degree of freedom_

)

Fig. 3 Characteristics of ¢-distribution

low in the middle and high on both sides, and vice
versa. As a result, during the early phase of the
algorithm , the value of ¢(iter) is more inclined to fall on
either side, which helps to enhance the exploration of
the algorithm.
2.2.3 Random learning mechanism for scroungers
In Eq. (18), the position of the scroungers with
lower fitness in the next iteration is almost closer to zero,
leading to a decrease in the population diversity. For a
general optimization problem, its convergence and
exploration are even out of the question. Consequently,
changes need to be made to Eq. (18)

Xﬁ, tw-r - (Xi'and,j _Xi‘j) +
X' = (1-w) rys (X, X)), i>n/2,
Xff; + \Xf] - X;J'j |-A*- L, otherwise,
(22)

iter/iter _ 1
w=1-"""" (23)
e—1

where X, - denotes a random individual; X)_, . denotes

the best-preformed individual; r, and r, are random
numbers between 0 and 1; w denotes the random learning
coefficient. To prevent the algorithm from converging
prematurely, a random learning mechanism is introduced.
In Eq. (22) and Eq. (23), the random learning
coefficient w decreases nonlinearly with the increasing
number of iterations to reach the effect of focusing on
exploration in the early stage and on convergence in the
later stage. Besides, this mechanism also promotes the
diversity of populations, effectively decreasing the
chances of getting trapped in a local optimum for the
algorithm. A schematic of the random learning
mechanism for scroungers is shown in Fig. 4. In Fig. 4,
the scrounger individual converges towards the local
optimum. By introducing an adaptive random learning
mechanism, the scrounger individual learns from other
random individuals to keep it from converging towards
the local optimum.

:l. Global optimum

N

— W
Fig. 4 Schematic of random learning mechanism

Based on the above analysis, the algorithmic
representation of the DRSSA procedure can be outlined in
Algorithm 1.
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Algorithm 1 DRSSA

Input;

iter,, : the maximum iterations

PD_, : the minimum number of producers at the end

PD, . . the maximum number of producers at the beginning

SD . the number of sparrows who perceive the danger
ST . the safety threshold

n: the number of sparrows

Output .

X, . f, , Archi.

Initialize a population of n sparrows in the search space.
while ( izer < iter,, )

Rank individuals according to their fitness values, find the current best individual X

R,=rand (1)

Calculate PD by Eq. (20)

for i=1: PD

Update the sparrow’ s location by Eq. (21);
end for

for i= PD+1: n

Update the sparrow’ s location by Eq. (22);
end for

for i in randi (n,1, SD )

Update the sparrow’ s location by Eq. (21);
end for

if iter > iter,, /2

Store the new locations of all sparrows in solution archive Archi ;

end if

Update the location of the individual, which depends on whether the

tter = iter +1;
end while
return X, f,, Archi

and the current worst individual X

best worst *

individual’ s new location is better than the previous one;

In Algorithm 1, rand (1) denotes a random number;
randi (n, 1, SD) denotes SD numbers randomly drawn
from 1 to n.

2.2.4 SO strategy

While the UAV operates along the planned path,
fluctuations in its position should not pose safety risks or
deteriorations in performance. Presently, the most of
studies on SSA primarily concentrate on achieving the
optimal solution, with limited consideration given to
ensuring the robustness of the solution. Nevertheless, the
real environments are often unstable and prone to
disturbances. If the optimal solution is highly sensitive to
such disturbance, the optimal solution becomes of no
practical significance'"”. Robustness and optimality of a
solution are always opposites, which means that it is
necessary to achieve robustness at the expense of some
optimality. Finding the right balance between robustness
and optimality is a crucial concern.

The so-called robustness of the solution refers to the
resistance of the perturbation solution. In other words,
the objective function does not cause too much fluctuation

in the face of perturbations in decision variables. The SO
is one of the approaches to finding solutions with good
robustness. The goal of SO is to minimize the expectation
of the total cost function under uncertainty. In multi-
UAV path planning, the objective function is redefined as
follows.

minE[ F(X') ],
X' =X+6,X €2, X e O,

where F'is the UAV cost function F,, given in Eq. (16) ;
X is a vector of decision variables representing the path;
0 is a perturbation vector that follows a random
distribution.

After DRSSA is performed, the SO is conducted,
which is denoted as DRSSA-SO. At the end of DRSSA,
an optimal solution without considering uncertainty will
be found, the solution will be marked as X, . Meanwhile,
all solutions found by the sparrows during the second half
of DRSSA will be stored in Archi. These solutions are
sub-optimal solutions during deterministic optimization,
which are likely to have good robustness. During SO, the

(24)
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perturbations are simulated by Latin hypercube sampling
in the neighborhood of one solution, and num represents
the number of samples.

The details of the SO are as follows. Firstly, num
samples are randomly generated in the perturbed
neighborhood of the optimal solution X, . The expected

avg wor

fitness value /¥ and the worst fitness value f,"" of X, can
be calculated. Secondly, since solutions with better
robustness are generally in the neighborhood of the
optimal or sub-optimal solutions, the robustness of
solutions in Archi will also be evaluated. Thirdly, for

wor

each solution in Archi , compare its worst fitness ;" with
. If the former is higher than the Ilatter, this
individual cannot be a robust optimal solution and can be
filtered out. The remaining individuals are candidates for
the robust optimal solution. Finally, the expected fitness
value [ of each remaining solution in Archi is
calculated. The smaller the f™ , the better the
robustness of the solution. The individual with the
minimum expected fitness value f* is the robust optimal
solution.
Algorithm 2 illustrates the pseudo-code of the entire SO.

Algorithm 2 SO

Input .

X, : global optimal solution
Archi .
[-8,, 6,] : perturbation range
Output .

X » Srobus

Calculate the expected fitness value f,
while ( X, in Archi )

sub-optimal solutions

avg
rest

Calculate the expected fitness value f,"* and the worst fitness value f;

i/ >
continue ;
end if

iff™ < fo

min

and the worst fitness value f,

v of the global optimal solution X, within the perturbation range ;

vest

wor

of the sub-optimal solution X; within the perturbation range;

Update the minimum expected fitness f,5;* = f,** and corresponding individual solution X =X ;

min

end if
end while

S = (X )

return X ., f o

robust i

3 Algorithm Validation and Comparison

In this part, to verify the performance of DRSSA,
comparative experiments are conducted based on 29
classical functions from the CEC 2017 benchmark suite. In
general, the multi-UAV path planning problem has a
higher dimension. The dimensions D available in CEC
2017 benchmark suite are D=50 and D=100, which match

the research of this paper, so CEC 2017 benchmark suite is
selected. Details about the CEC 2017 benchmark suite'™”
can be accessed. CEC 2017 benchmark suite encompasses
a total of 30 functions, due to the instability of F, fuction,
no performance testing experiment is conducted in this
study. In this validation, grey wolf optimizer ( GWO),
whale optimization algorithm ( WOA ), SSA and chaos
SSA (CSSA)™ are selected for comparison and the
parameter settings are shown in Table 1.

Table 1 Parameter setting

Algorithm DRSSA SSA CSSA GWO WOA
ST = 0.8 ST = 0.8 ST = 0.8
Parameter PD,. =0.5 PD = 0.2 PD = 0.2 b2 0 et
PD,. =0.2 SD = 0.2 SD = 0.2 ’
SD = 0.2

To uphold the principle of fairness, the experiments
are conducted with a uniform population size N of 100 and
the maximum number of iterations iter, set to 5 000. The

a;

dimensions of the selected decision variables are D =50
and D =100, and the search space ranges from [ —100,
100]. Each algorithm undergoes an independent run of 20
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times, and the evaluation indicators are recorded as the scored 1 point. The scores obtained by each algorithm are
average performance across these 20 runs. If an algorithm summed up to calculate a total score. The results are
achieves the best average performance in a function, it is shown in Tables 2 and 3.

Table 2 CEC 2017 benchmark suite experimental results in D=>50 (in mean)

Mean value
Function
DRSSA CSSA SSA GWO WOA
F1 1. 22E+03 3. 96E+03 2. 93E+03 4. 98E+09 6. 82E+06
F3 1. 73E+04 1. 0SE+04 3.30E+03 7. 49E+04 7. 01E+04
F4 4. 98E+02 5. 18E+02 5. 0BE+02 8. 44E+02 6. 85E+02
F5 6. 55E+02 8. 65E+02 8. 7T8E+02 6. 91E+02 9. 22E+02
F6 6. 08E+02 6. 53E+02 6. 64E+02 6. 11E+02 6. 77E+02
F7 9. 77TE+02 1. 73E+03 1. 78E+03 1. 00E+03 1. 70E+03
F8 9. 45E+02 1. 18E+03 1. 19E+03 9. 93E+02 1. 23E+03
F9 2.81E+03 1. 20E+04 1. 37E+04 3. 35E+03 2. 02E+04
F10 6. 81E+03 7. 63E+03 8.97E+03 6.29E+03 1. 00E+04
F11 1. 24E+03 1. 32E+03 1. 31E+03 2. 61E+03 1. 57E+03
F12 6. 26E+05 2. 49E+06 1. 31E+06 3. 60E+08 1. 69E+08
F13 8. 40E+03 1. 95E+04 1. 66E+04 9. 34E+07 3. 38E+05
F14 3. 81E+04 5. 17E+04 4. 66E+04 4. 54E+05 6. 57E+05
F15 8. 46E+03 1. 54E+04 1. 85E+04 3. 30E+06 8. 35E+04
F16 2. 74E+03 3. 70E+03 3.92E+03 2. 81E+03 4. 75E+03
F17 2. 67E+03 3.45E+03 3.61E+03 2. 52E+03 4. 16E+03
F18 1. 12E+05 2. 04E+05 2. 05E+05 3. 10E+06 5. 11E+06
F19 1. 98E+04 2. 32E+04 2. 48E+04 3. 91E+06 2. 58E+06
F20 2.74E+03 3.21E+03 3. 75E+03 2. 88E+03 3.61E+03
F21 2.43E+03 2. 61E+03 2. 77E+03 2. 48E+03 2. 88E+03
F22 3.61E+03 9. 82E+03 1. 07E+04 7. 97E+03 1. 18E+04
F23 2.92E+03 3. 11E+03 3. 37E+03 2.91E+03 3. 57E+03
F24 3. 08E+03 3. 27E+03 3. 58E+03 3. 11E+03 3. 71E+03
F25 3. 08E+03 3. 05E+03 3. 06E+03 3. 35E+03 3. 14E+03
F26 6. 52E+03 6.29E+03 8. 90E+03 5. 66E+03 1. 31E+04
F27 3. 54E+03 3.48E+03 3. 82E+03 3. 49E+03 4. 12E+03
F28 3. 30E+03 3. 30E+03 3.31E+03 3. 96E+03 3.45E+03
F29 4. 15SE+03 4. 79E+03 5. 31E+03 4. 19E+03 7. 36E+03
F30 9. 16E+05 1. 10E+06 1. 23E+06 7. 09E+07 8. 37E+07
Score 22 2 1 4 0

Note; E+x represents X10", i.e., 1.22E+03 represents 1.22x10°.
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Table 3 CEC 2017 benchmark suite experimental results in D=100 (in mean)

Mean value
Function
DRSSA CSSA SSA GWO WOA
F1 4. 18E+03 1. 32E+07 6. 21E+03 2. 76E+10 2. 84E+08
F3 2. 38E+05 2. 23E+05 1. 99E+05 2. 11E+05 6. 81E+05
F4 6. 45E+02 7. 45E+02 6. 56E+02 2. 85E+03 1. 20E+03
F5 9. 49E+02 1. 35E+03 1. 36E+03 1. 03E+03 1. 49E+03
Fo6 6.29E+02 6. 62E+02 6. 64E+02 6. 30E+02 6. 84E+02
F7 1. 78E+03 3. 21E+03 3.24E+03 1. 78E+03 3.30E+03
F8 1. 28E+03 1. 78E+03 1. 84E+03 1. 35E+03 1. 95E+03
F9 1. 17E+04 2. 31E+04 2. 32E+04 2. 26E+04 4. 18E+04
F10 1. 48E+04 1. 52E+04 1. 69E+04 1. 45E+04 2. 04E+04
F11 2. 13E+03 2. 51E+03 2. 53E+03 4. 03E+04 1. 71E+04
F12 3. 38E+06 3. 98E+07 1. 10E+07 4. 13E+09 9. 84E+08
F13 7. 71E+03 2. 47E+04 1. 28E+04: 2. 61E+08 7. 34E+05
F14 3. 12E+05 3. 10E+05 2. 59E+05 4. 30E+06 2. 7T6E+06
F15 3.39E+03 1. 01E+04 1. 10E+04 4. 67E+07 2. 77E+05
Fl6 4.99E+03 5. 87E+03 6. 62E+03 5. 57E+03 1. 10E+04:
F17 4. 44E+03 5. 20E+03 5. 87E+03 4. 4TE+03 7. 39E+03
F18 2. 86E+05 4. 29E+05 3. 88E+05 4. 11E4+06 2. 90E+06
F19 4.23E+03 5. 14E+03 7. 51E+03 1. 14E+08 2. 33E+07
F20 4.45E+03 5. 33E+03 6. 05E+03 4. 37E+03 6. 31E+03
F21 2. 71E+03 3. 18E+03 3. 75E+03 2. 87E+03 3.89E+03
F22 1. 74E+04 1. 88E+04 1. 96E+04 1. 75E+04 2. 51E+04
F23 3.37E+03 3. 7T1E+03 4. 35E+03 3. 41E+03 4. 68E+03
F24 4. 03E+03 4.23E+03 5. 33E+03 3.97E+03 5. 98E+03
F25 3. 34E+03 3. 36E+03 3.28E+03 5. 50E+03 3.80E+03
F26 1. 43E+04 1. 44E+04 2. 26E+04 1. 28E+04 3. 12E+04
F27 3.81E+03 3.58E+03 4. 07E+03 3.83E+03 5. 42E+03
F28 3.41E+03 3. 47E+03 3.37E+03 6. 47E+03 4. 00E+03
F29 6. 78E+03 7. 06E+03 7. 99E+03 7. 41E+03 1. 43E+04
F30 1. 14E+04 2. 42E+05 2. 59E+04 4. 23E+08 3. 44E+08
Score 21 1 4 3 0

As detailed in Tables 2 and 3, whether the
dimension of the decision variable is 50 or 100, DRSSA
performs best among all five algorithms. In D =50 and
D=100, DRSSA scores 22 and 21, respectively, much
higher than other compared algorithms, ranking the first.
GWO and SSA have their advantages in different
dimensions. CSSA is slightly better than SSA in many
cases, but in general, the optimal performance is still
inferior. WOA performs poorly in the CEC 2017
benchmark suite compared to other selected algorithms.
By this comparison experiment, it is initially
demonstrated that DRSSA is significantly different from
other algorithms and performs better than other

algorithms, which shows the superiority of DRSSA
compared to other algorithms. Experimental results also
show that DRSSA performs better than other algorithms in
solving problems with higher dimensions.

4 Multi-UAV Path Planning Simulation

The environment for this path planning simulation
experiment is a 3D spatial topographic map (200 km X
200 kmx 10 km ) generated by the function, and the
range of the topographic map is also the range of the
decision variable. Here, x and y represent the horizontal
coordinates, while Z(x,y) denotes the elevation at the
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corresponding point (x, y) . The path is smoothed using
a B-spline curve.
Firstly, a basic terrain is generated with a function .

Z(x,y)=sin(y +A,) + Asinx +
Aycos(A, /2" +97) + Ascos x +
Aesin(A, /x> +97) + Agcosy,  (25)

where A, , A,, -+, A, A, are constants that determine the
topographies. Changing these constants can obtain
different basic scenarios.

Secondly, a peak model is stacked on the basic
terrain to simulate mountain obstacles in flight.
Similarly, a peak model is modeled with a function, and
the specific function can be expressed as

2 2
X —x =y,
Z(x.y) = Zhiexp{— ( : DT -y

a. b>

i i

] (26)

where &, denotes the maximum height of the ith peak;
(x,, y,) is the coordinate position of the peak center; a,
and b, determine the span of the ith peak in the x- and
y-axis directions, respectively.

Thus the flight environment used for simulation
consists of basic terrain and peak models. Finally, from
Egs. (25) and (26), the expression for the simulation
environment is get:

Z(x, y)=max[ Z,(x, y), Zy(x, y) . (27)

Based on the modeling of the environment,
combined with the constraints and evaluation functions
described in Section 2, a complete model for this
simulation is provided. The objective of this experiment
is to find a suitable path planning scheme that is both
optimal and robust as far as possible while satisfying all
the constraints.

The simulation experiments were conducted in
Matlab 2021b on a 3. 40 GHz Intel i7 processor and 8 GB
RAM computer. To highlight the convergence of DRSSA
and the robustness of the SO strategy, a comparative
analysis was first conducted between DRSSA and SSA.

Subsequently, further enhancements to the results
obtained from DRSSA were made through SO
improvements, culminating in a qualitative analysis of the
outcomes. In DRSSA and SSA proposed in this paper,
the population size n is configured as 100, the maximum
number of iterations iter,, is 1 000. The safety threshold
is defined as ST =0. 8, and the proportion of producers is
PD = 0.2 in SSA. In DRSSA, the proportion of
producers gradually decreases from 0. 5 to 0.2, which is
PD,, =0.5and PD , =0.2, and sparrows aware of the
danger makeup 20% of the population.

Two sets of experiments have been conducted, each
with different locations of terrain, threat areas and
coefficients in the cost function, but the parameters of the
algorithm are the same, as described above. The segment
equalization factor k is set to 7 in Eqs. (13) and (15),
and the minimum collision safety distance d,, in Eq. (9)
is 3 km. Assume that the minimum velocity of the UAV
v,;, 1s 100 km/h and the maximum velocity of the UAV
v, 15 200 km/h. In the SO stage, the perturbation range
of the decision variables for each waypoint is [ —2.5,
2.5], [-2.5, 2.5] and [ —0.25, 0.25] in the x-, y-
and z-axis directions, respectively. The perturbations all
obey a uniform distribution. The number of solutions
within the perturbation range of a solution num is 1 000.

In the first set of experiments, the coefficients of the
total cost function in Eq. (16) were set as: w, =0.25;
0,=0.3; o, =0.15; w, = 0.3; n = 10°. In the
experiment, the number of UAVs is 3. The three UAVs
start at (50, 180, 4), (20, 70, 3) and (30, 30, 3),
respectively, and end at (180, 80, 6) (in km). In the
second set, the coefficients of the total cost function F
were set as: w,=0.25; ,=0.3; 0,=0.15; w,=0.3; =
10°. The number of UAVs is also 3. The start points are
(105, 15, 4), (25, 80, 3) and (15, 180, 3),
respectively. The goal point is (180, 145, 6) (in km).
More detailed information on the terrain environment and
threat models in each set of experiment is available in
Tables 4 and 5.

Table 4 Parameter setting of basic terrain

Peak Peak Peak parameter
Set No. ca [Al’ )\27 ) /\7’ AS] e
No. center a b c
1 (70, 50) 30 15 6
[1.00, 0.10, 0.07, 2.00,
1 2 62, 125 30 30 10
0.15, 0.09, 2.00, 0.12] (62, 125)
3 (170, 170) 25 25 9
1 (120, 55) 20 10 6
) 2 [1.00, 0.10, 0.07, 2.00, (60, 55) 25 25 8
4 (170, 55) 20 20 4
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Table 5 Parameter setting of threat area and no-fly zone

Set No. Type Center Radius Height
. Threat area (135,110) 25 10
No-fly zone (140,45) 25 10
5 Threat area (105,160) 25 10
No-fly zone (145,110) 20 10

In the first set, three UAV paths optimized by
DRSSA are shown in Fig.5. These paths navigate
around obstacles, minimizing the cost function’s
value. The comparison results of SSA and DRSSA are
plotted in Fig. 6, where the x-axis represents the
optimization iterations, and the y-axis represents the
convergence performance. A lower value on the y-axis
indicates better performance, as it signifies a quicker or
more efficient convergence to the optimal solution. It
can be seen that DRSSA has better performance
compared to SSA. However, as shown in Fig. 5, the
path calculated by DRSSA is still too close to the edge
of the penalty area. In the case when the decision

200

20 40

60

80 100 120 140 160 180 200
x/km

@

variables are slightly perturbed, the cost function
increases substantially, and further SO is required to
obtain robust solutions. After SO, the fitness value of
the robust solution obtained by DRSSA is 101. 145,
which is closely comparable to the fitness value of the
non-robust solution obtained by SSA, measured at
100. 686. Although the robust solution obtained by
DRSSA sacrifices some convergence performance, it
offers significantly better robustness. Therefore, the
method presented in this paper can be characterized as

a balance Dbetween optimal performance and
robustness, enabling safe  navigation  under
uncertainties.

= = = UAVI
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= = = UAV3

200 200

®)

Fig. 5 Simulation result of DRSSA in the first set; (a) 2D top-down view; (b) 3D view
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Fig. 6 Comparison of SSA and DRSSA in the first set

In the second set, Fig. 7 shows the results of three
UAV path planning by improved DRSSA. Figure 8 shows
the comparison of the convergence curves between
DRSSA and SSA, which proves the algorithm’s
improvement for convergence after modification.
Similarly, after SO, the fitness value of the robust
optimal solution is 138. 568, whereas the fitness value of
the non-robust solution obtained by SSA is 138.5,
demonstrating equivalent convergence performance.
Therefore, owing to DRSSA’s strong convergence
capability, it can maintain comparable convergence
performance even after considering robustness, providing
safer and more efficient paths for UAVs.
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Fig. 7 Simulation result of DRSSA in the second set; (a) 2D top-down view; (b) 3D view
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Fig. 8 Comparison of SSA and DRSSA in the second set

Table 6 shows the robustness of solutions before
(DRSSA) and after SO ( DRSSA-SO) in both sets of
experiments. The robustness of a solution is measured by
the expected fitness value of 1 000 solutions around it.
The expected fitness value of the 1 000 solutions within
the perturbation range of the robust optimal solutionf,"* is
much better than the expected fitness value of the 1 000
solutions around the solution obtained by DRSSA f,™¥ . It
is clear that neither of the solutions around the robust
optimal solution violates the constraints.

Since the SO strategy necessarily sacrifices the
convergence of the algorithm to improve the robustness
of the solution, through the improvement of the
convergence of the algorithm, the convergence
sacrificed by the SO is compensated, thus achieving
the effect of both optimality and robustness. We can
also visualize the superiority of the algorithm proposed
in this paper through the specific analysis of the two
sets of experiments. The results prove that the SO
strategy is capable of planning cost-effective and safe
paths for multiple UAVs in a 3D environment while
maintaining convergence and robustness.

Table 6 Robustness of DRSSA and DRSSA-SO

Robustness
Set No.
DRSSA DRSSA-SO
3.61E+08 102. 15
2 5. 68E+09 141. 62

5 Conclusions

This paper presents the proposal of DRSSA, aimed
at enhancing exploration and mitigating performance
degradation in non-original optimization. We introduce
the z-distribution perturbation coefficient to producers and
a dynamic population strategy to enhance the search
capability of the algorithm. A random learning strategy is
introduced in the scroungers to achieve strong search
capability in the early stage and high convergence in the
later stage. DRSSA outperforms the other four algorithms
on the 29 test functions of the CEC 2017 benchmark
suite, proving a strong optimization search capability.
Further more, an SO strategy is proposed for the problem
of a large increase in the cost function due to the
perturbation of decision variables. Through two sets of
UAV simulation experiments, the algorithm proposed in
this paper is shown to have a good balance between
convergence and robustness in the face of uncertainties.
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