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Abstract. This paper presents an efficient 3D online path planning algorithm for UAV
flying in partially known environment. The algorithm integrates model predictive control
(MPC) and differential evolution (DE) as the planning strategy. In the initial stage, the
artificial potential field (APF) model is developed to describe the mutual effect between
the UAV and the surrounding environments. Afterwards, a novel objective function is
proposed to address the optimization problem of multi-objective and multi-constraints,
which take into account the path length, the smoothness degree of a path and the safe-
ty of a path. In addition, the multiple constraints based on the realistic scenarios are
taken into account, including maximum acceleration, maximum velocity, map and threat
constraints. Then, the improved differential evolution algorithm based on the theory of
MPC, is developed to optimize the objective function to find the optimal path. Finally, to
show the high performance of the proposed method, we compare the proposed algorithm
with the existing optimization algorithms and several extended algorithms. The results
reveal that the proposed algorithm not only produces an optimal plan for UAV in a local
known 3D environment, but also has better performances in terms of running time and
stability.
Keywords: Path planning, Model predictive control, Artificial potential field, Differen-
tial evolution, Unmanned aerial vehicle

1. Introduction. Unmanned aerial vehicle (UAV) has been widely used in both mili-
tary and civil applications because of its low cost and autonomous flight characteristics.
Path planning defined as a multi-objective optimization problem plays an important role
in the autonomous navigation process of UAV. Its goal is to find the optimal path from
the starting point to the target point while avoiding threat sources [1]. At present, there
are quite a few algorithms designed and developed for path planning, such as Voronoi
diagram [2], visibility graph [3], A* algorithm [4], particle swarm optimization [5], genetic
algorithm [6], and differential evolution (DE) [7,8]. Among them, the DE algorithm is
recognized as an efficient search engine due to its simplicity and efficiency in different opti-
mization domains, such as constrained optimization [9], multi-objective optimization [10]
and multimodal optimization [11,12]. Different DE variants exhibit different capabilities
in solving different optimization problems. To sustain the balance between exploration
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and exploitation, a novel DE variant was proposed in [13], which introduced the concept
of parallel computing into DE and designed a multiple-deme based mutation operator
to enable information exchange among processing units. Adhikari et al. [14] proposed a
fuzzy adaptive DE algorithm for 3D UAV path planning. In the optimization process,
the fuzzy logic controller was used to find the parameter values of DE, and the mutation
operation of DE was modified to balance the DE/rand/1 and DE/best/1 strategies. In
[15], the authors used the differential evolution and genetic algorithm methods to obtain
the maximum likelihood estimates of generalized half normal distribution parameters in
hybrid censoring samples. In this way, smaller bias and mean squared error could be
obtained. Zhou et al. [16] presented an improved DE algorithm which integrates DE with
chaotic variable to break away from the local optimum and to find the global optimum
in a three-dimensional (3D) environment. The importance of self-learning ability of the
parameters in the path planning algorithm of underwater mobile robot was mentioned
in [17] and a dynamic DE approach was proposed which provided ideal convergence, di-
versity and robustness based on proper selection and adaptive adjustment of parameters.
And in [18], a self-adaptive DE algorithm (SaDE) was proposed. In SaDE, the muta-
tion strategies and the respective control parameter were self-adapted according to the
probabilities gradually learned from the experience to generate improved solutions.
This paper mainly presents an improved differential evolution optimization algorithm,

named overlap DE, for the problem of UAV path planning. Firstly, since the environment
is not known globally, the artificial potential field is used to calculate the threat cost in the
detection scope of the UAV because of the succinct representation and small computation
capacity. Then, the objective function is established to mathematically formulate the con-
strained multi-objective optimization problem of the path planning, and an improved DE
optimization algorithm of solving the above model is developed. In this algorithm, based
on the MPC idea, the overlapping part of the last moment and the next time moment is
taken as part of the solution of the next moment. The non-overlapping part is optimized
by performing the mutation, recombination operations, then the combined solution is
optimized by performing the mutation, recombination, and selecting operations. In this
way, the optimal path can be found. Finally, simulation results confirm the effectiveness
of our algorithm.
The advantage of the proposed approach is as follows: 1) the simple expression of APF

can quickly describe the interaction between UAV and the environment, and further ef-
fectively cope with sudden changes in partially known environment; 2) the problem of
UAV path planning is formalized as a multi-objective optimization problem with con-
straints; 3) the overlap DE combined with MPC optimization algorithm can quickly plan
the optimal path for UAV and we verify the effectiveness of the algorithm by a series of
simulations; 4) the proposed approach also supports an efficient frame for the cooperative
task of multiple-UAVs mission in the future.
The paper is structured as follows. In Section 2, the description of UAV path planning

problem is presented, including the basic idea of MPC and the UAV dynamic model based
on MPC. Subsequently, the principles of the improved artificial potential field, and overlap
DE algorithm are described in Section 3. Section 4 defines the objective function and the
process of solving the objective function using overlap DE algorithm. Then, in Section 5,
the simulations are given to show the feasibility and good performance of our proposed
method. Finally, the concluding remarks and future work are contained in Section 6.

2. Problem Description. In the problem of UAV path planning, it is assumed that the
local information of the environment is known, and the mission of the UAV is to ensure
the safe flight and reach the target at the lowest cost. A three-dimensional coordinate
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system is created to simulate the environment. And the starting point and the ending
point are S and T respectively.

2.1. Model predictive control. Model predictive control (MPC) is a model-based feed-
back control strategy. Subsequently, the control process can be divided into a series of
look-ahead time intervals named rolling window, and then, at each time interval, MPC
optimizes the specific performance parameter for the following intervals based on current
available information [19]. The basic idea of MPC is assuming that the current moment
is k, determining the control inputs of the next time domain by optimizing specific per-
formance index in the finite time domain Hp. Then the first optimal control input is
selected as the current input. At the next moment k + 1, calculate the control input
[k + 1, . . . , k +Hp+ 1]. Repeat the above process until the task is completed.

Figure 1. Basic ideas of MPC optimization

2.2. UAV dynamic model based MPC. General UAV point-mass dynamics model
[20] is used in this paper. The UAV dynamic model is

X(k + 1) = AX(k) +Bu(k) (1)

where X(k) is the motion state vector of UAV at step k which includes the velocity v(k)
and position p(k) of UAV, u(k) is acceleration input.

Then the UAV dynamic model written in MPC formula in this work is formed as[
p(k + i+ 1|k)
v(k + i+ 1|k)

]
= A

[
p(k + i|k)
v(k + i|k)

]
+Bu(k + i|k) (2)
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y
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 vx
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vz

 , u =

 ax
ay
az


A =

[
I3 ∆t • I3
O3 I3

]
, B =

[
(∆t)2I3

2
∆tI2

]T
where I3 represents an identity matrix of size 3× 3, and O3 is a zero matrix of size 3× 3.
Besides, the following constraints limit the magnitude of the acceleration and velocity
vectors, provided that the optimization favors minimum time solutions [21].

vmin ≤ ∥v∥ ≤ vmax (3)
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∥u∥ ≤ umax (4)

The initial values po, vo, uo are the respective values at the starting point. Once the
UAV successfully reaches the target point, the task is completed.

3. Overlap DE Based APF-MPC.

3.1. Artificial potential field. The APF method is widely used because of its small
amount of calculation and fast calculation speed. In this method, the movement of the
UAV in the environment is viewed as in an abstract force field. That is to establish the
artificial potential field constituted by attractive field of the target and repulsive field
of the obstacles. At present, the APF method is mostly used for two-dimensional path
planning [22]. This paper extends it to the three-dimensional motion space to describe
the interaction between the UAV and surrounding environment.
The attractive potential field function in the three-dimensional environment is

Uatt(p) =

{
1

2
ερ2goal(p) ρgoal(p) > r

0 ρgoal(p) ≤ r
(5)

where ε represent the gain factors. ρgoal(p) = ∥p− pgoal∥ is the Euclidean distance
between the UAV and target point. When the distance of the UAV from the target is less
than r, we think that the UAV reaches the target point.
The repulsion potential field function in the three-dimensional environment is

Urep(p) =


1

2
η

(
1

ρ(p)
− 1

ρo

)
ρ(p) ≤ ρo

0 ρ(p) > ρo

(6)

where η is positive constant factor, ρo is the maximum impact distance of the threat.
In this paper, the environment is three-dimensional and the obstacle cannot be assumed

to be regular objects. In order to facilitate our analysis, some simplifications have been
made. We assume that the UAV detection area is a sphere with radius r, and the position
of the UAV is the center of the sphere p. There are six measurement directions on
the sphere, as shown in Figure 2, which are pp1 = (−r, 0, 0), pp2 = (r, 0, 0), pp3 =
(0,−r, 0), pp4 = (0, r, 0), pp5 = (0, 0,−r), pp6 = (0, 0, r). When the measurement
direction is unobstructed, the direction does not generate a repulsive potential field. On
the opposite, the repulsive potential field Urep(p)(j) generated by the obstacle in the
direction is calculated according to Equation (6), where j is the serial number of the
detection direction. Then the total potential field acting on the UAV is described as
follows.

UAPF = Uatt(p) +
6∑

j=1

Urep(p)(j) (7)

The advantage of this approximation is that it can quickly perceive the surrounding
obstacles and calculate the repulsive potential field. Therefore, it is possible to respond
to the changes of the environment promptly.

3.2. Standard DE. The principle and flow of the DE algorithm are very similar to the
genetic algorithm [23], which uses real-number coding, and has three evolutionary opera-
tions namely mutation, recombination and selection (Figure 3). Consider an optimization
problem formulated as

min
x

= f(x) (8)

Suppose there are Np candidate solutions in each iteration g, and the total number of
iterations is G. The search space is D-dimensional. So, the solution vector in the n-th
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Figure 2. Detection area of UAV

iteration can be represented by x(g) = (x1(g),x2(g), . . . ,xNp(g)), where, i = 1, . . . , Np,
g = 1, . . . , G. The basic operators of DE are described as follows.

Definition 3.1. (Coding and initialization): Initial population is randomly generated:

xi = xL
i + rand ∗

(
xU
i − xL

i

)
(9)

where xU
i , x

L
i represent the range of values of the i-th component xi respectively.

Definition 3.2. (Mutation): The mutation process is to randomly select three different
individuals in the population and to generate new individual named mutate vector vi.

vi(g + 1) = xr1 + F ∗ (xr2 − xr3) (10)

where r1, r2, r3 are randomly chosen indices from the population while r1 ̸= r2 ̸= r3 ̸= i,
and F , introduced in [10], is a control parameter that is usually chosen from the interval
[0, 2]. The larger values of F , the higher exploration capability is obtained.

Definition 3.3. (Recombination): The mutational individual vi(g + 1) and the initial
population member xi(g) are then subjected to the recombination operation.

ui,j(g + 1) =

{
vi,j(g + 1) randj ≤ CR or j = numi

xi,j(g) randj > CR and j ̸= numi
j = 1, 2, . . . , D (11)

where the random number randj ∈ [0, 1]. CR, the probability of the recombination, is a
constant in the interval [0, 1] and an integer numi ∈ {1, 2, . . . , D}.

Definition 3.4. (Selection): The goal of selection is to choose the better solution for
the next generation population with lower fitness value among the reorganized individuals
ui(g + 1) and target individuals xi(g).

xi(g + 1) =

{
ui(g + 1) f(ui(g + 1)) ≤ f(xi(g))
xi(g) otherwise

i = 1, 2, . . . , Np (12)
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3.3. Overlap DE algorithm. Combined the idea of MPC with the optimal solution at
the current moment, the optimal solution at the next moment is similar to the optimal
solution at the last moment. As can be seen from Figure 3, the result of the current
moment is {x(k), x(k+1), . . . , x(k+Hp−1), x(k+Hp)}, the result of the optimization at
the next moment is {x(k+1), x(k+2), . . . , x(k+Hp), x(k+Hp+1)}, the overlap part is
{x(k+1), x(k+2), . . . , x(k+Hp−1), x(k+Hp)} and the different part is {x(k+Hp+1)}.
Therefore, in the optimization process of the next moment, the solution of the individual
at the last moment can be used, and then {x(k+Hp+1)} is randomly initialized. Figure
4 shows the feasibility of the idea, and the optimal solutions of most overlapping parts
are similar in a two-dimensional environment.

Figure 3. An example diagram of overlap

Figure 4. Example of path overlap

Taking the result of the solution at the last moment as the initial value of the next
moment is equivalent to finding a better value at the next moment. However, the different
part is randomly initialized, which may cause the two-part solution imbalance. Therefore,
in the optimization process of the next moment, two parts need to be optimized. First,
optimize the value of the random initialization, set the optimized length to len, that
is to optimize {x(k + Hp + 2 − len), . . . , x(k + Hp), x(k + 1 + Hp)}. If the result is
merged with the overlapping part {xi,len+1(k − 1), . . . , xi,Hp(k − 1)} of the last moment
as a solution of the current moment, it is considered to be a feasible solution that was
found. However, this way cannot provide an immediate response to the environmental
changes. Because the environment is partially known and the detected environment is
different at each moment, the fitness value of each individual at each moment should also
be updated in order to respond to the environmental changes. Therefore, the combined
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solution continues to be optimized using the DE algorithm to find an optimal solution
that can respond quickly to the environment.

Therefore, the optimization process can be simply described as performing the mu-
tation, recombination operations in the non-overlapping part, and then performing the
mutation, recombination, and selecting operations on the combined solution. In this way,
the solution of the last moment can provide a reference for the next moment.

4. Objective Function and Optimization Process.

4.1. Objective function. In this paper the objective function is created as following
form.

minu(k)J(k) =

Hp∑
i=1

(
α∥UAPF (k + i)∥2 + β∥p(k + i)− p(k)∥2

+δ∥u(k + i)∥2 + γ∥ev(k + i)∥2
)

(13)

where UAPF represents the potential field values of the step i within the current con-
trol time domain window Hp. The values are added in the objective function to calcu-
late the cost of avoiding obstacles and describe the occurrence of sudden changes. The
control trajectory of UAV depends largely on the calculation of the potential function.
β∥p(k + i)− p(k)∥2 stands for the cost of distance, the shorter path can save more fuel
and more time. δ∥u(k + i)∥2 is the control input which is also important for UAV path
planning. ev(k + i) is the deviation between the predicted velocity and the target speed
in the prediction horizon. The purpose of this term is to provide a reference velocity for
UAV in barrier-free environment.

Although these items are contradictory, the weighted model can adjust the weights to
achieve the goal of optimization. α, β, δ, γ are the adjustment coefficients of the objective
function (α, β, δ, γ > 0). Thus, the goal of path planning is to optimize the multi-objective
problem.

4.2. Optimization process. The deployment platform is the starting point S for path
planning. The end point T is regarded as the end of path planning. The goal of the
algorithm is to find a path that minimizes the value of the objective function from the
starting point to the end point and satisfy the constraints. The optimization process is
as follows.

Step 1. Parameter setting: Initialize the parameters of the system, such as the starting
point coordinates and end point coordinates of the UAV. Set the maximum speed vmax,
maximum acceleration umax, the rolling time domain Hp, the sampling interval ∆t. Set
the population size (Np = 50), the probability of the recombination (CR = 0.5), the
number of iterations (G = 150) and the optimized length len.

Step 2. Initialize the population: Randomly initialize the individual values xi(k) =
(xi,1(k), xi,2(k), . . . , xi,Hp(k)), k = 0, i = 1, 2, . . . , Np according to Equation (9).

Step 3. Optimize the population: First, calculate the fitness function value of each
individual according to Equation (13). Then, optimize the population at k = 0 according
to the DE algorithm. That is, perform mutation, recombination and selection operations
in turn and obtain the global optimization xbest(0) with the lowest fitness value.

Step 4. Model input: Input the first result xbest,1(0) of the optimal result xbest(0) =
(xbest,1(0), xbest,2(0), . . . , xbest,Hp(0)) into the model (2) and calculate the state of the next
moment of the UAV.

Step 5. k = k + 1.
Step 6. Each individual i in the population do Steps 7 to 9.
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Step 7. Initialize and optimize non-overlapping part: Initialize {xi,Hp+1−len(k), . . . ,
xi,Hp(k)} according to Equation (9) and then perform mutation, recombination opera-
tions to optimize the non-overlapping part.
Step 8. Connect the solutions of the two parts: Copy the overlapping part {xi,len+1(k−

1), . . . , xi,Hp(k − 1)} of the last moment to {xi,1(k), . . . , xi,Hp−len(k)} of the current mo-
ment. The two parts are connected together as the initial solution.
Step 9. Optimize the combination solution: Perform mutation, recombination and selec-

tion operations to optimize the entire individual xi(k) and obtain the global optimization
xbest(k) with the lowest fitness value.
Step 10. Model input: Input the first result xbest,1(k) of the optimal result xbest(k) =

(xbest,1(k), xbest,2(k), . . . , xbest,Hp(k)) into the model (2). Calculate the state of the next
moment of the UAV.
Step 11. Determine whether the UAV reaches the target: If it is reached, the algo-

rithm outputs the optimal solution; otherwise, return to Step 5 to continue the iterative
operation.

Figure 5. Process flow of proposed algorithm
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5. Simulations. In order to verify the feasibility and effectiveness of the overlap DE-
based APF-MPC approach as it is applied to the 3D path planning problems, the sim-
ulations are realized by MATLAB 2016a in the windows environment. In the test, a
100km*100km*1.5km region is considered. The specific information of the 3D environ-
ment is shown in Table 1.

Table 1. The basic information of 3D environment

Information Value Radius Height
Radar threat 1 (40, 15, 0) 6 20
Radar threat 2 (50, 65, 0) 10 25
Radar threat 3 (80, 30, 0) 15 15

5.1. Simulation 1. The main idea of the overlap DE optimization algorithm based on
the theory of MPC and APF is to take the overlap part between the last moment and
the current moment as a part solution of the current moment, and the length of the un-
overlapping part is set to len. Planning paths with different len needs to be discussed
to prove the validity of the overlap DE optimization algorithm. In the simulation, the
parameters are listed as follows: the probability of the recombination (CR = 0.5), the
population size (Np = 50), the number of iterations (G = 150), the sampling interval
(∆t = 1s), the time domain window (Hp = 6), the start and target coordinates are (0, 0,
20) and (100, 60, 60). The length len is set to 1, 2, 3, 4, 5, 6 respectively. The simulation
curves of the paths are shown in Figures 6(a)-6(b). Table 2 presents the average distances
and running times obtained in 100 runs for the six cases.

(a) The 3-D view of the UAV paths and the threat zones (b) The 2-D show of (a)

Figure 6. Optimal UAV path of the best results obtained in 100 runs with
different optimized lengths

From Figures 6(a) and 6(b), it can be seen that when len takes different values, the
paths planned by the algorithm can all successfully avoid obstacles in the environment
and arrive at the target. At the same time, from Table 2, the planned paths length does
not change significantly with the change of len. Nevertheless, there are two conclusions
which can be observed from Table 2.

The first is when the optimization length is 6, the average planning time is nearly twice
the average planning time of len, and is nearly 2.5 times the average running time of
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Table 2. The best, mean and the worst running times and distances ob-
tained in 100 runs with different optimized length

len = 1 len = 2 len = 3 len = 4 len = 5 len = 6

Distance
Best 130.3752 130.0128 131.0780 131.1109 130.5242 129.0075
Worst 131.9254 131.5290 131.5270 131.8510 131.8352 129.9886
Mean 131.2452 130.8554 131.2153 131.6486 131.2737 129.2552

Running
time

Best 33.3320 28.1496 25.0930 26.4990 26.8070 60.9620
Worst 34.4910 27.5930 26.5660 25.9330 24.1190 59.2700
Mean 33.9774 27.8535 25.8858 26.2784 25.3920 60.2027

len = 2, len = 3, len = 4, len = 5. This is because len = 6, which is equivalent to the
size of controlling the time domain windowHp, indicates using the standard DE algorithm
to optimize the objective function. The optimization is independent at each step. In the
previous section we have mentioned that optimal solutions of the overlapping parts are
similar, so solving at each moment independently will result in the waste of time. In other
cases, the overlap part is utilized, which reduces the planning time to some extent. The
second conclusion is that the running time for len = 1 is longer than the running time
of len = 2, len = 3, len = 4, and len = 5. The reason for this result may be that when
the optimization length len is 1, most of the solution is from the last moment. It limits
the directions of the current time to find a better solution and cannot respond quickly in
the face of a sudden threat. Therefore, in order to find the optimal solution, it takes a
little longer than the above optimized lengths. From another perspective, the proposed
algorithm in this paper can improve the time efficiency in UAV path planning.

5.2. Simulation 2. The second simulation is conducted by comparing this algorithm
with other traditional algorithms, including particle swarm optimization (PSO) and stan-
dard differential evolution algorithm (DE). In the simulation, the parameters are listed as
follows: the probability of the recombination (CR = 0.6), the population size (Np = 20),
the number of iterations (G = 100), the sampling interval (∆t = 1s), the time domain
(Hp = 6). For UAV, the maximum vmax speed is 3m/s and the maximum acceleration
umax is 0.3m/s2. The start and target coordinates of the UAV are set to (0, 80, 20) and
(100, 60, 60). The algorithm runs 100 times and the best results are shown in Figures 7-9.
The experimental statistical results are recorded in Table 3.

(a) The 3-D view of the UAV paths and the threat zones (b) The 2-D show of (a)

Figure 7. Optimal UAV path in a 3D environment for Simulation 2
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Figure 8. Stability comparisons

Figure 9. Time comparisons

Table 3. Performance comparison of the three algorithms

Algorithm Running time Distance Stability Number of iterations
DE 16.1100 112.0941 5.324 41
PSO 78.3500 116.6758 5.928 38

Overlap DE
based APF-MPC

8.1720 119.3494 4.901 42
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The optimal path comparisons of the three algorithms are shown in Figure 7. It can
be seen from the figures that the proposed algorithm can plan a collision-free route under
the environment model and reach the target point. Compared with other algorithms,
the smoothest route is planned by the algorithm. As can be seen from Figure 8, the
algorithm proposed in this paper converges faster and has better stability than the other
two algorithms. Also, in Figure 9, the variation of running time at each iteration is
displayed to evaluate several algorithms. It is obvious that the running times of overlap
DE, which is based on APF and MPC, are smaller than others. Further, it can be seen
from Table 3 that the running time is around 50.73% of the DE algorithm and 10.43% of
the PSO algorithm. This is because the proposed overlap differential evolution algorithm
combined with MPC idea can effectively use the past information, and further predict
the future states in the current control time domain as the reference of the next moment
in advance. However, the DE and PSO algorithms need to be re-planned at each step
in the process of path planning without any reference. This may cause planning time to
be long and the fluctuation between the state of the last moment and the state of the
current moment to be relatively large. That is, the planning time is long and the stability
is relatively poor. Consequently, the stability and runtime route planned by overlap DE
based APF-MPC is the lowest, indicating that the algorithm is the best algorithm within
these several algorithms for UAV’s path planning.

5.3. Simulation 3. In this section, we compare the overlap DE based APF-MPC with
three improved optimization algorithms in solving the constrained path planning prob-
lem, including DE based APF-MPC, PSO based APF-MPC, and fast particle swarm
optimization (FPSO) based APF-MPC [24]. These algorithms are based on model con-
trol prediction, and their objective functions are the same as the objective function of this
paper. The only difference is that the process of optimizing the objective function is dif-
ferent. The population size and maximum iteration are set as Np = 50, G = 100. For DE
based APF-MPC, the objective function is optimized by DE algorithm and its parameter
settings are the same as overlap DE; for PSO based APF-MPC, the objective function
is optimized by PSO algorithm and the parameter settings are as follows: wmax = 1,
wmin = 0, c1 = c2 = 1.5; for FPSO based APF-MPC, we use the FPSO algorithm [24] to

optimize the objective function, where the parameter is set to wmax(k, i) = 1− Fk,i(u)

max
i

(Fk,i(u))
,

Fk,i(u) is the fitness of the i-th particle of the k-th iteration, wmin = 0, c1 = c2 = 1.5. The
start and end points of the UAV are set to (20, 10, 10) and (80, 98, 60). The algorithm
runs 100 times and the best results are as follows.
Figure 10(a) and Figure 10(b) are three-dimensional and two-dimensional views of the

algorithm’s track plan. Obviously, the four algorithms can successfully avoid obstacles in
the environment and reach the target. Figures 11 and 12 are time and cost comparisons
of the four algorithms. The experimental results are recorded in Table 4. From these
simulation results, it can be seen that all of the above algorithms successfully avoid
threat sources in the environment and satisfy the constraints of the UAV. However, the
PSO based MPC approach takes the most time, followed by FPSO based APF-MPC
and DE based APF-MPC, and overlap DE based APF-MPC with the least running time.
This further verifies the validity of the concept of overlapping differential evolution, which
reduces planning time and enables timely response to environmental changes. At the same
time, the algorithm proposed in this paper is lower in cost and has fast convergence rate.
Therefore, the algorithm proposed in this study, in general, showed better or relatively
similar performance than the above algorithms.
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(a) The 3-D view of the UAV paths and the threat
zones

(b) The 2-D show of (a)

Figure 10. Optimal UAV path in a 3D environment for Simulation 3

Figure 11. The comparison of cost value

Table 4. Performance comparison of the four algorithms

Algorithm Running time Distance Number of iterations
DE based APF-MPC 16.7730 128.4707 44
PSO based APF-MPC 34.2260 121.0841 55
FPSO based APF-MPC 23.4540 136.4183 70

Overlap DE
based APF-MPC

8.6600 128.5578 46
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Figure 12. The comparison of running time

6. Conclusion and Future Works. In this section, a brief summary of the paper is
written. To solve the UAV online path planning problem in a 3D local known environment,
this paper proposed an overlap DE based on APF-MPC method. With the frame of MPC,
the algorithm establishes the objective function to achieve specific performances. At the
same time, to describe the relationship between UAV and the environment, the function
of APF is added to the objective function. Then, the overlap DE algorithm is adopted
to optimize the control actions in MPC to find an optimal path. Simulation results show
that the proposed algorithm can solve the optimal control problem of the UAV path
planning effectively and has better performance. The shortcoming of the algorithm is
that the cooperative task of multiple-UAVs mission is not included. Therefore, on this
basis, further improvements should focus on the multiple-UAVs path planning in the
future work.
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