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Agricultural UAYV Path Planning Based on Improved Hippopotamus
Optimization Algorithm

HAN Tao LI Tingting HUANG Yourui
(College of Electrical and Information Engineering, Anhui University of Science and Technology, Huainan 232001, China)

Abstract; Aiming to address the inefficiency, high cost, and poor safety of traditional agricultural
vehicle-based transport, a dynamic modified hippopotamus optimization ( DMHO ) was proposed for
agricultural UAV path planning. The algorithm synthesized the advantages of Lévy flight, growth ratio
mechanism, lens opposition-based learning ( LOBL) algorithm with adaptive learning rate and stochastic
diffusion to comprehensively improve the algorithm’s global search and exploration capabilities. Based on
the test results of the algorithm on 23 classical benchmark functions, it was shown that dynamic modified
hippopotamus optimization exhibited optimal performance on 21 of these functions and had the best
optimization searching effect compared with eight algorithms such as the original hippopotamus
optimization algorithm. The three-dimensional terrain of the unmanned aerial vehicle flight environment in
the hilly planting area was constructed, the trajectory planning model of the agricultural unmanned aerial
vehicle in this environment was built, and the trajectory planning cost function was designed to satisfy the
multi-conditional constraints. In the three different complexity tasks, dynamic modified hippopotamus
optimization had the lowest average fitness result among all the compared algorithms, and the standard
deviation in the test results was decreased by 33.39% , 72.81% and 7.08% , respectively, in
comparison with hippopotamus optimization algorithm. The dynamic modified hippopotamus optimization
algorithm demonstrated remarkable superiority and stability in experimental evaluations.

Key words: agricultural UAV; path planning; hippopotamus optimization algorithm
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“
f(x) = 2 I, | + H I, | 30 [ -10,10] 0

“ i1
f3(x) = Z; ( JX{]x)z 30 [ -100,100] 0
Ju(x) = max] x| 1<i<n] 20 [ ~100.100] 0
fi(x) = 21 [100(x,,, —a2)% + (x, = 1)7] 30 [ -30,30] 0

“
fo(x) = 2 Lx; +0.5 30 [ -100,100] 0

=
Sr(x) = iixﬁR[O,l) 30 [ -1.28,1.28] 0

“
fi(x) = 21 —xsin( /T 1) 30 [ -500,500] ~12569.4
fo(x) = 2 (22 = 10cos(2my;) +10) 30 [ -5.12,5.12] 0
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fro(x) = = z c,exp( - z a; (x; —pu)z) 3 [0,1] -3.86
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i=1
7
folx)==Y [(x-a)(x-a)" +c¢]"" 4 [0,10] -10
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Tab.2 Experimental results of DMHO and eight comparison algorithms under 50 cycles of 23 partial test functions

i Bk REEAL(EN T e 22 ki RS A bR 2
DBO 9.373 1 x10 ' 6.1713 x10'"° DBO 0.549 32 0.523 50
FHO 6.4786 x10° 7 4.5192 x10°"7 FHO 1.0862 x10 72 5.0871x1073
GSA 1.4475 x10 %3 0 GSA 6.5617 x10 > 1.0550 x10°*
GWO 1.4928 x10 % 2.2817 x10 % GWO 0.594 33 0.23335
N HBA 8.627 1 x10 ' 5.1515x10 "% fis HBA 0. 405 47 0.27292
HHO 3.148 6 x 10 ~°° 1.5311x10°% HHO 1.2395 x10~* 1.7332 x10°*
PSO 2.3009 1.036 2 PSO 0.61541 0.266 94
HO 0 0 HO 2.8948 x10 73 9.4821x107?
DMHO 0 0 DMHO 6.5133x10°° 1.7022 x10°*
DBO 0 0 DBO 3.000 0 2.5676 x10°"
FHO 0 0 FHO 3.003 0 3.116 7 x 10 73
GSA 0 0 GSA 8.078 4 10. 833
GWO 0 0 GWO 3.000 0 5.9403 x 10 °°
fo HBA 0 0 fis HBA 4.6200 11. 455
HHO 0 0 HHO 3.0000 1.5162x10°°
PSO 5.4800 3.065 5 PSO 3.000 0 4.5801x10°"
HO 0 0 HO 3.000 0 2.1455 %10 ~°
DMHO 0 0 DMHO 3.000 0 6.4989 x10"°
DBO 1.174 1 5.880 1 DBO -7.6142 2.560 3
FHO 0 0 FHO -8.1990 1.939 4
GSA 0 0 GSA -10. 149 1.0263 x 10 =2
GWO 3.5520 5.006 7 GWO -9.6453 1.5335
fo HBA 0 0 Sar HBA -9.7018 1.804 7
HHO 0 0 HHO -5.5716 1.610 4
PSO 1.748 2 x 102 33.431 PSO -7.3924 3.2482
HO 0 0 HO -10. 153 4.3102x10°°
DMHO 0 0 DMHO -10.153 1.6550 x10°°
DBO 0 0 DBO -8.3014 3.0519
FHO 0 0 FHO -9.3738 0. 54559
GSA 0 0 GSA -10.535 3.0282 x10°°
GWO 2.7937 x10 73 5.8689 x 10 ~° GWO -10.373 1.147 4
fu HBA 0 0 fa3 HBA -8.7817 3.1693
HHO 0 0 HHO -5.249°8 1. 401
PSO 0.11282 4.4382 %1072 PSO -9.0721 2.6678
HO 0 0 HO -10.536 2.1525 %10 ¢
DMHO 0 0 DMHO -10.536 9.9172 x10 77
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K O P Bk AE K 45 T 0 1 S bR o 25 2 F
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Tab.3 Friedman test results for nine algorithms in 23 benchmark functions

E DBO FHO GSA GWO HBA HHO PSO HO DMHO
h 5 7 3 8 4 6 9 1.5 1.5
fa 5 7 3 8 4 6 9 2 1
fs 7 6 3 8 4 5 9 1.5 1.5
fi 5 7 3 8 4 6 9 2 1
fs 7 5 2 8 6 3 9 4 1
fe 4.5 4.5 4.5 4.5 4.5 4.5 9 4.5 4.5
f 7 6 2 8 5 9 3 1
fs 7 2.5 2.5 8 6 5 9 2.5 2.5
fo 7 3.5 3.5 8 3.5 3.5 9 3.5 3.5
fio 6 2.5 2.5 7 9 2.5 8 2.5 5
Ju 4 4 4 8 4 4 9 4 4
Ji2 5 7 1 8 6 2 9 4 3
fi3 9 5 1 7 6 3 8 4 2
fua 4 6 3 9 8 5 7 1.5 1.5
fis 6 7 3 9 8 4 5 2 1
fie 4.5 4.5 9 4.5 4.5 4.5 4.5 4.5 4.5
fir 3 8 9 7 3 6 3 3 3
fis 3 7 9 6 8 3 3 3 3
S 6 7 9 4 8 5 2 2 2
S 6 7 9 5 4 8 3 2 1
far 7 6 3 4 5 9 8 2 1
S 8 5 3 4 7 9 6 2 1
Sos 8 5 3 4 7 9 6 2 1
R4 134 129.5 95 155 128.5 117 162.5 63 50.5
SEHES, 5.826 1 5.630 4 4.1304 6.739 1 5.5870 5.0870 7.065 2 2.739 1 2.1956
BHEA 7 5 3 8 6 4 9 2 1

M 3 Hli>kFH , DMHO 7 Friedman il iz /) £
P PR AHES R 2. 1956, BHEA TR TA 1 1, X
— 25 LRI, 9 i bR B IR AR 23 S S ofE oR B0 3K
-, DMHO B35 JE B0 Y i 8% 00 42 J5 48 2R BE ) Fn 4 o
() R T R 8 1 o Friedman Ky 35 19 48 1153 A1 45 SR E
ST DMHO TE fig P A Ak ) 857 18 19 0 35 o

3 TAWBEEZEAX

o1 T APLES AR LA 2 — 2 20 9 2 H AR LAk
[ L, AT AR £ = 4 =5 ) v 34k — 2kl R 2 M 2
AR Bl # 42 . Ke DMHO 7 3 F K [5] [ i5 25
JEH 0 FLPR S v U, B R A MR RE .
3.1 IMEEE

N EUE TR DMHO 553k 76 Jo A HL i A2 B4

M)A R, A SCHE B LR EE T % A R 47 B i o
T AMLEAR RAT & B H,, o0 20 m, RAT R i 5N
20 m/s, e KB ¢ R 60°, Fe KIC T A 5 e KA
W 0¥k 30° I R K B L, B H N 600 m,
ARCWE T 3 MBS, T AN AT Ko K
200 m 7% 200 m .75 100 m () =4E=zs 6], 3 Fh AT
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Tab.4 Three flight environment obstacle parameters
AT X Ak A AR /m 11 U A A/ m 75 B /m LU o T R/ () LU y J5 W/ ()
(30,120) 50 20 20
(0,0,20) (160,60) 30 35 30
1
(200,200,40) (180,150) 80 15 15
(120,170) 60 10 40
(180,170) 40 20 20
(120,30) 80 35 18
(0,0,20) (100,90) 30 15 30
Wi 2
(200,200,40) (30,90) 20 60 45
(80,180) 45 30 50
(160,10) 50 30 40
(40,100) 40 15 15
(50,160) 35 20 15
(90,50) 20 20 10
(0,200,20) (180,50) 22 5 10
3
(200,0,20) (120,70) 20 12 35
(170,130) 30 20 15
(160,180) 20 30 20
(60,190) 25 25 20
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Fig.2 3D modeling of three environments and their top views
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Fig.3  Optimal flight paths for nine algorithms in three obstacle maps
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