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Abstract Aiming at the problems such as low convergence accuracy and insufficient stability in path planning for
unmanned aerial vehicles (UAVs) in 3D multi-obstacle scenarios, a multi-strategy evolutionary particle swarm op-
timization (MSEPSO) algorithm is proposed. In the initialization stage, aiming at the problem that particle swarm
optimization is sensitive to the initial position of particles, the initial distribution of particles is optimized through
Latin hypercube sampling to improve the population diversity; During the evolutionary stage, a “balance-memory-
enhancement” evolutionary framework is designed, which utilizes a nonlinear iterative strategy to balance global de-
velopment and local search. The personal history memory mechanism is adopted to enhance the global exploitation
ability of the algorithm. Evolutionary particles are introduced to enhance the exploration ability of the population
in the vicinity of the group’s extreme values, reducing the probability of the algorithm getting stuck in local op-
tima. Experimental results from comparisons on the CEC2020 test function set and in mountain/urban scenarios
demonstrate that MSEPSO exhibits stable optimization performance, enabling the planning of safer paths with
shorter lengths and higher smoothness.
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Table 1  Numerical experiments based on 10D CEC2020 benchmark functions

PSO LWPSO PSO-SA ACVDEPSO WOA SHO HHO DBO MSEPSO

B 1.893E+07  1.000E4+03  7.981E+06 5.071E403 9.614E+05  1.105E4+06  5.737E4+04  4.140E4+09  1.001E+02
W 5.174E4+09  4.415E4+09  1.142E+410 6.100E+09 1.230E+10  4.426E+09  2.765E+06  3.774E+10  1.274E+04

Fl M 9.222E+08  3.598E+408  1.914E+09 7.338E4-07 6.539E4+08  3.973E+08  5.985E+05  1.913E+10  3.744E+403
7913E+17  4.678E+17  2.644E+18 1.237TE+17 1.492E+18  3.631E+17  9.071E4+10  3.617E+19  1.101E4-07

B 1.300E+03  1.176E+03  1.234E403 1.236E+03 1.328E+03  1.236E+03  1.274E4+03  2.547E4+03  1.129E4-03

W 3.009E4+03  3.023E+03  3.809E+03 3.296E+03 3.494E+03  2.860E+03  2.729E4+03  3.913E4+03  2.422E+4-03

2 M 2.325E+03  2.034E403  2.455E+403 2.190E+403 2.337TE4+03  2.061E+03  2.010E4+03  3.352E+03  1.815E403
6.864E4+04  1.092E+05  2.010E+405 1.225E+05 1.283E+05  5.768E4+04  7.708E+04  5.539E+04  1.003E+04

B 7.410E4+02  7.100E+02  7.260E+402 7.180E+4-02 7.290E4+02  7.270E+02  7.220E4+02  7.880E+02  7.090E+02
8.890E+02  7.870E+02  9.500E+02 8.560E+02 9.090E+02  8.090E+02  8.440E+02  1.340E4+03  7.870E4-02

s M 7.870E4+02  T7.690E+02  7.620E+02 7.630E+02 7.910E4+02  7.590E+02  7.850E+02  1.010E+03  7.450E+02
\Y% 1.790E+02  1.810E4+02  5.140E+402 5.020E+4-02 5.780E+02  1.710E+02  4.530E+02  1.260E+04  1.740E+02

B 1.904E+03  1.900E4+03  1.902E+03 1.901E+03 1.902E+03  1.904E4+03  1.900E+03  3.410E4+03  1.900E+03

W 1.526E4+05  3.840E4+03  1.098E+405 3.440E+4-03 8.571E4+04  8.797TE+04  1.921E+03  3.074E4+06  1.905E+03

F4 M 2.227E+03  1.987E4+03  2.545E+03 1.924E+03 3.048E4+03  2.713E+03  1.908E+03  2.978E+05  1.902E+4-03
\Y% 2.280E4+07  4.104E4+04  2.202E+407 6.884E+403 3.645E4+07  1.817E+07  8.804E4+00  7.966E+10 7.103E-01

B 4.636E4+03  1.758E+03  4.178E+03 1.812E+03 3.518E4+03  3.116E4+03  2.690E+03  7.260E4+04  1.754E+403

W 4.258E4+06  2.942E+06  4.426E406 2.588E+-06 4.022E4+06  6.114E+05  2.762E+05  5.436E4+07  1.660E+4-04

o M 1.524E+05  2.609E4+04  3.046E+05 1.652E+04 5.891E4+05  1.250E+05  3.694E4+04  4.845E+06  2.425E403
2.207E+11  4.834E+10  6.701E+11 2.670E+10 5.060E+11 1L.719E+10  1.624E4+09  4.373E+13  3.242E405

B 1.610E+03  1.601E4+03  1.603E+03 1.602E+03 1.603E+03  1.601E4+03  1.602E+03  1.900E4+03  1.601E+03
2.452E4+03  2.615E+03  2.657E+403 2.445E403 2.365E4+03  2.088E+03  2.301E4+03  3.288E+03  1.975E403

Fe M 1.858E+03  1.834E+03  1.994E403 1.860E+03 1.892E+03  1.767TE+03  1.833E4+03  2.562E4+03  1.716E4-03
1.763E+04  1.833E+04  2.662E+04 2.207E+404 1.953E+04  8.210E+03  1.557E4+04  5.267E4+04  6.462E4-03

B 2.777TE4+03  2.112E+03  2.334E403 2.104E+403 2.971E403  2.202E+03  2.269E4+03  7.448E+03  2.103E+403

W 3.541E406  3.541E4+06  7.669E+406 3.541E4-06 1.497TE+06  2.011E+05  2.449E+405  2.621E4+07  4.111E4-03

F7 M 7.344E+04  2477E404  1.569E+05 4.227E+04 3.757TE4+05  1.053E+04  1.350E+04  2.926E4+06  2.610E+4-03
2.046E+11  7.235E4+10  6.043E+11 1.339E+11 1.033E+12  2.370E+08  3.252E4+08  6.092E+12  6.713E4-04

B 2.254E403  2.222E403  2.254E403 2.229E403 2.225E4+03  2.220E403  2.221E4+03  2.415E+03  2.213E+03

W 3.796E4+03  4.052E+03  5.085E+403 4.065E+403 4.544E+03  3.681E+03  4.016E+03  5.117E4+03  3.450E+4-03

e M 2375E+03  2.342E403  2.465E+03 2.341E403 2.449E4+03  2.366E+03  2.336E4+03  3.970E+03  2.305E+403
\Y% 1.076E+04  1.892E4+04  7.994E+04 1.807E+04 1.299E+05  1.410E4+04  2.766E+04  2.444E4+05  4.133E+03

B 2.530E4+03  2.500E+03  2.508E+03 2.501E+403 2.501E4+03  2.502E+03  2.501E4+03  2.790E+03  2.400E+03
2.890E4+03  2.931E+03  2.919E403 3.071E+403 3.038E4+03  2.851E+03  2.975E4+03  3.254E+4+03  2.784E4-03

o M 2.773E4+03  2.730E4+03  2.796E+03 2.774E403 2.787TE4+03  2.765E4+03  2.796E4+03  2.969E+03  2.743E+03
\Y% 2.705E4+03  4.136E4+03  2.554E403 5.596E+03 5.74TE4+03  4.010E+03  7.850E+03  4.251E+03  2.754E+03

B 2.882E4+03  2.600E+03  2.657E+403 2.633E+03 2.650E4+03  2.654E+03  2.614E4+03  3.073E+03  2.600E+03

F10 W 3.356E+03  3.310E4+03  4.056E+403 3.300E+03 3.240E+03  3.179E+03  3.056E+03  6.467E+03  3.024E+03

M 2.992E4+03  2.956E+03  3.027E+403 2.951E+403 2.972E4+03  2.937E+03  2.934E4+03  4.307E+03  2.930E+03
\Y% 1.874E+03  2.961E+03  9.400E+403 2.028E+03 3.124E4+03  1.649E4+03  1.576E+03  2.929E4+05  1.178E+403
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Table 2 Algorithm parameters Table 4  Experimental data in various scenarios
ik 24 B 7k GAZS it wmHm B 0%
VR 1 PSO 169.646 179.254 173.620  12.406
PSO HHATF e M eg 1.5, 1.5 LPSO 168.709 177.567 174.373 14.606
Y [-10, 10] (LR PSO-SA 168.436  179.876 172.464  12.885
AL T [0.3, 1.2] ACVDEPSO  169.797 176.635 173.958 7.560
LPSO BAHETF er M ca 1.5, 1.5 MSEPSO  164.126 166.190 165.019 0.562
Y [-10, 10] PSO 173.037 194.175 178.897  79.749
VR 1 LPSO 174.499 185.884 178.400  21.195
PSO-SA HHATF e Ml eg 1.5, 1.5 RN PSO-SA 169.102  187.409  179.600 56.882
Y [-10, 10] ACVDEPSO 166.905 192.133 178.073  89.173
M S [0.3, 1.2] MSEPSO 164.785 169.644 166.695 6.522
ACVDEPSO AN -E [0.1, 1.0] PSO 185.967 195.121 189.353  12.045
FEREE 790 [0.1, 1.0] LPSO 324.035 487.195 420.122 5183.551
P [-10, 10] Wilihs1  PSO-SA 183.576  190.903  187.306 7.711
1 MEA Y 0.3, 1.2] ACVDEPSO 185.522 215.841 194.130  168.304
MSEPSO HHTF e M oco T w(t) MSEPSO  182.906 187.127 184.020 3.124
IR R 0.5 PSO 165.621 175.897 169.139  17.071
P S P [~10, 10] LPSO 163.833 173.548 167.518  15.471
WH%E 2  PSO-SA 163.906 168.039  165.526 2.675
B, BN 0.5; R K H FE 15 B D Y6 ACVDEPSO  165.009 177.137 170.999  30.845
1 10%, R ) /NI 2 Fae R A S B MSEPSO  161.070 162.970 162.491 0.640
3 I R ok E A R, 2 ke R AR A
PR 2 A OB L, LUK BRI A SRR G,

Ly AERELI AR T T, SR I AR AR R R IR
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RBVBUEE. 5 AT iy 10 2% 22 15 i TRl f, A
A F AR IR B 7T DA/ T B s M R4 A4 R,
e S A L A IR ¥ L D 10 000, AREAA A AR
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P f R fa R g A, RIS ] e 4k — KR
B P R S AT, R 4 NS EERE, T
fabR R DL AL M SRR A R Ao DAbR . B 7 2
AT MR AT LERCR I, K 8 & Bk

® 3 ENERESH

Table 3  Fitness function parameters
ZH HUH
w1 1
w2 0.1
w3 10000
w4 1000

f# 4 7%, MSEPSO £ P Fliz 5 1) 45 Wi b
R RO AL M RE . SR B A AR A AT DLE
MSEPSO A LA i@ if e i, 1% 3R 3 Sk LA e
) BB Mg i v LUE H, MSEPSO f£1% 5
febr LRI BB R, R E T BIRERER R
PR W7 228040 AT &, MSEPSO fEF2 g M 5 1 42
MR TS /) fE R 22 L5t MSEPSO
& 5 T4y R T T 91.822%- 69.229%. 88.534%-
92.686%, L35 2 H, MSEPSO KA E 172
& T 96.251%- 95.863%- 76.075%- 97.925%.

f 7 mT gD, BARTE VYRR 5 R B A HE A
AE 8 BRI Y A A B B AR S AR, (HE X L
AEARFREE B3N T R, 580kl )
AR ERK. PR BAmERZE. mE S8
ALED, FEDUFRfG EIAEE T, 4k E 100 KB, BT A
SR AR R A TS (A, X R SRR B A R
ARG A 22 WEIGEFEIS S M, Mtk R
MSEPSO H £ 5 4 (01 46 R i 2 0 P B shod B
B

25 b, MSEPSO FRAF H 5 1 & P A1 A e
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