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Abstract:

Autonomous Underwater Vehicle (AUV), as a new intelligent oceanic equipment, has been
playing an increasingly important role in monitoring underwater moving targets. The
temporal parallelism and spatial distribution by multi-AUV cooperation can effectively
deal with the variability and suddenness of underwater targets. This project aims at the
moving target enclosing in the dynamic unknown ocean environment. The mapping
relationship between the three-dimensional dynamic flow fields and unknown navigation
path is established as the motion—integration error constraints, which is introduced to
achieve the high-precision flow field estimation under a distributed network; For the
problem of a moving target enclosing when some vehicles cannot detect the target, a
target enclosing control method based on local information is proposed and the designed
auxiliary variables are introduced into the proposed controller to eliminate the
influence of the flow field on trajectories; Considering the real-time changing movements
of multiple targets, a fast switching control strategy is proposed based on the task
assignment method with a weak time limit, which will achieve the dynamic targets
enclosing by multi-AUV cooperation in a clustered or dispersed movement. This project
tries to break the technical bottleneck of the cooperative control for multi-AUV in a
dynamic and unknown ocean environment, and provide a theoretical basis and key technical
support for its development in modern marine defense systems.

%ﬁﬁ@%ﬁ%ﬂﬁ:%%%%:ﬁﬁﬁﬁﬁ:Eﬁ@ﬁ:%ﬁﬁﬁ;%ﬁimTMﬁ%

Keywords (FI 2543 FF) : systen control; distributed control; target
enclosing; cooperative estimation; multi-AUV system

18/179



VN H5 B AR SR E RIS (BTHTE)

MEIE

BFG P AR F AR e 40T

B 19/179



VN HR AR RS RIIE 405 (aT4HmE)
EREARZESTIHAS AL ITBLRIES

EXARNEEST B AFAKSS

ik%ﬁﬁ%:ﬁ%&ﬁ%ﬁ%ﬂ%ﬁﬁ%%%,F%@?¢%*%ﬁ®ﬁ\E%%%Qﬁ«
%Tﬁ~ﬁ%ﬁﬂﬁﬁ%@&%%?%ﬂ»«%?ﬁ~ﬁ%%ﬂ%%ﬁ#%@ﬁﬂﬂ#m%ﬁ%%
ﬂ»(%?Mﬁﬂﬁ%@%ﬁ%%ﬂ»%ﬂ%,&E%E%ﬂ%ﬁﬁ?ﬁ%%?%%ﬁﬁ%@\m
Eﬁé%ﬁ%ﬁmﬂﬁ,E«ﬁﬂ%»ﬁ%&%ﬁ%ﬁﬁ&*:
(_)E%<%@@ﬁ»«E%E%ﬂ%&ﬁ%%mﬁﬁﬂ%ﬁﬁ%%»%E*ﬁ%«ﬁﬂ
%»,%ﬁﬁ%ﬁ\ﬁﬂﬁﬁﬁ%ﬁﬁﬁﬁi,ﬁﬁﬁﬁ%(ﬁﬁ)WE;
(:)Wﬁ“ﬁ%”%w,F%EﬁﬂﬁéﬁX%,@%«ﬁﬂﬁ»ﬁ%i%$ﬁﬁ(ﬂﬁ
%:wwM%),Wi%ﬁﬁ%Iﬁﬁﬂ,ﬁﬁﬁ%ﬁ%ﬁﬂ,&Wﬁ%Ei%ﬁﬁﬁ,Xﬁm%
ﬂﬁﬁ%ﬁ@\ﬁ@@A,KMWE%%%%%&%W%&%%%T%;
(E)%?ﬂﬁﬁ%\ﬂﬁmﬂﬂﬁﬁﬁﬁﬁ%,%Eﬁ@ﬁ%lﬁ,ﬁﬁ%ﬁﬁﬁ%%%%
ﬂﬂ@%ﬁ%&%@ﬂ%ﬁﬁﬁﬁy$E#$WBﬁ%%&%ﬁﬁﬁ%%&%tﬁ&ﬁ%ﬁ%@
%,&ﬁﬁiﬁ%ﬁﬁm%“&%”,WE&%%%\ﬂm#ﬂﬁﬁ%ﬁﬁ@ﬁ%ké&ﬂﬁ,ﬁ
miﬁ%$A&WEﬁ&ﬁﬁi%ﬁ%ﬂ%ﬁ%gi%ﬁﬁﬁ%:
(@)%Eﬂﬁﬂﬁ,%%ﬂ%%%#,ﬁﬁii,ﬁiﬁﬁ,&Nﬁ%ﬁﬁ\&mmﬁ,$
A%%ﬁ%ﬁﬁﬁﬁﬁﬁ,*%%i%ﬂ%%ﬂ%%?ﬁ%ﬁ;
(ﬂ)%ma%@%%m%%¢m5%%1¢ﬁ%%iﬁ,%%ﬁﬂﬂﬁﬁﬁﬁ,ﬂiéﬁﬂ
AETH H Bt 4 3 gt
(ﬁ)ﬁ%ﬁﬁﬁ&ﬁ%ﬁﬁﬁ%ﬂ,%ﬁﬁ?utm%ﬁio
mﬁﬁiﬁ%%,$AE%§E%E%ﬂ%%ﬁ%ﬁ%ﬁﬁ%%ﬂﬁ&%%ﬁ%ﬁmio

)
THSHEA &5 R
2% QA b A
HX AR EE ST E R ARES

&ﬁ&@%ﬁﬂiﬁﬁ%ﬁ%ﬂ%iémﬁ,%ﬁﬂﬁﬁﬁ%A&ﬁﬁ%Mﬁ%%iﬂﬁ%m
Ei%%%%%ﬁ,W%%?E%E%ﬂ%%ﬁéﬁ%ﬁ%ﬁ%%ﬁ%@\mﬁﬁﬁﬁﬂ\ﬂmﬁ
(R BRI B e, B,

20/179



ER B4R ES R A TR (BTHBE)

ERE AR FE SR EEMELR

OEW e e &2y meE ok

TN (B -
2 "2'@ 1A Fi] 3 H
AN (BED

F A B

20235 1R 1 3R

21/179




IR RS R S e e T R T4 1D

TR

I B 4=

XS

¢24140500000806
- 2024A1515010135
WA (2024) T

[REEMS N AEMTRETIE

ESH

B ZFR: T I v W 1 22 AUV P Rt o S5 2 S A

WEER: JHREBAREREE-E EOHE

AR E: 2024-01-01 % 2026-12-31

BIBEN () « JREIE SRR S e

IRIEBAL (Z75) + Rk

Wikl ARG MR X L %483

EREZmAD: 510642 S 0 T
GEGEA: Ml BE 22 L%

(BEEESEER

I~ RE B S N AR R
EeERRS
—OZOFH

(R IBLR T H Z4ERD)

22/179



VE%%MHEW%WM%K&MEH%%
EE {7t AR
— . TR RS N A BRI _ R S B R P A R AR R, A TEHE

=, FiH AR RE RS BB T A TEIHAES T, MEREME T
B BB RERIBOLS E BT 6 . _

S AR WA T TR A AR, ARBRIL, B4 & T
B RGN G, AERAHREIEATEE, K, AREEIERIHEE5ARRARE
24, (REENEIA, WA TR,

$§&§%%%Q%$%W%ﬁﬁZEﬁiﬁ,%ﬁwmﬁﬁﬁ%ﬁ%&@ﬁﬁ,$m§MW\A
AR A 52 ) o

T B4R O RARIERAR TR B BT 5% T AMEEAS BER 55 I R BRI 0 H 22 28 AL
FI AT B+ T S E LA &) (BRISE (2022) 25), 20224F B & PR LI 5
B4 G 4T H (FE4E BRI e, AWIE IS, ARG HEETIH ) WA “ Al
ST L T SRR R AT 45 T I TG Al ol IR AR E TR

1/10
23/179



I 24 B N RS R SRE g 1E AT 55 10

—. EEHRABTTIEXENB R

—, EEHTNE

1 3K AT B b — Tl 2R R Bl At A 2B 2 B A A SE B 2 (e M By 20 6 TR THIXY H 3
LRLGIOUT R WS VE L B sk, SEBLGH IR B ERE R . SN RSE MRS AR, ASTH FIF 2 AUV RSk
FF iR T . RARITI AW

(1) HEBPITIGEER MRS, PIUh TR RBEE e BB AT E Y, BT iE = 28U
s B AL EALHI S I AW R ITELATS TR R A — SRS, BAUVET REE BHEZ
SR ARG IR AR LS R, ARAEE S # ) S 5R  5 S B SRR, PG AUVR G
AAEER, ST TURLESMRIREZ Sl bE B Rt .

(2) ZBEEER S IO AR AB WG, CURAUVETS (L EAR SR A, B2 AUVR G I E
o TR S PR T 0 = A I AR A e T RS SR R R MR, AR R A
ORI T, W ARG IR ZE R S RIB AT IR 2 NI PNRNR A A v 550k, Rt R AR A
FARMST BRI AT BA A T B4, S A Al TR T A T SR A L

(3) BRI TS R, BUR/K T AUy &5 S 3 B bR B TR E 0L, B an Tl A R
S BB B B AR IS RSB AUV B R BE—25, FITAUVIRI R R BARLRY 22 B AR K
HETEAAAL, B0V IRt — A1 = A 45 B 15 38 BV S T 7 v AT B A AT 4% B R s, SR
SR AN E oI E AR R AN GHEE o P

. TEHEBIH M

AT FFSE R PR W0 i ) 2 AUV IR o S5 s i, N2 A B AR o PR A R L o R
S, T Tt U S P SR M0 2 AUV A S b 0, B it I A RS B2, 47 AL A
WUTEEE, CABARTHN T H AR NI RE S o AT F AR E ARG -

(1) BEEEDASRANIEREFRES, Wit 36T 35 H S BB E S MR T, W RIE BTk
VB, S AUVAETREF I b B R A AL 5 R

(2) ZEFIE AR ISR BRGE, Boh 3T YIS R BL Y 2 AUV RN S il o 51
VBB B TRERE, RGBS B P 4%, SEELOMAT IR il

(3) AFRI7KF HARIE S LA R 0, BRI SEI I . RS E R, JRIAT HARSL
ERETI, S0 = Y s IR o TR R4 R A 3l I R Bl 2 o

2/10
24/179




I 4 Bt 5 R AT R < T 4T 551

=. T E RS TR R R

FE R R TIHICL T4 ey ’
BT () 4 BHHRE (B 1
WX EEFSE | oo =
- Hr B SCT/ET/ISTPHL 3% il R s
b e 4¢ ) 1 HFRAA (A
L () BlgEANA (N
KL S5 FH B R A AR T R FE 4 F
I s o (33 i R Fpf R H i AL FH i PR
1
3/10

25/179




[ 2R A B 5 I e AT i 951

=. MEHEMN R BiR

(—) WiEIERT: 2024-01-01 & 2026-12-31

() T Sk M B R H AR

FaHE | &WRE E TN

(1) TFICEhAR AR SNIG LRI T (¥ 52 2 Uip [ 4T 55 KR i) 2
(2) TEMATLABHRAT- & 58 AT 55 MR Sk K47 1L

(3) SENEWAE L 1-25;

(4) BMFERTRIGENTHERSW-2IK;

2024-01-01 | 2024-12-31

(1) BFFEET 2 AUV 4 (1) = Y 25 W9 03 W (R 4l v v AL
(2) F5EIETFMATLAB/ROSIHAK AT & 5 7K T im vl 1 B
(3) SERUTI R Be SC1-25, ik & W& F) LI

(4) 7E5% PY /KB T _E e e A R A

2025-01-01 | 2025-12-31

(1) W53 B Fnfe Bl e N Rk T B3l B AR 42 ) i) A3

(2) TEMATLAB/GAZEBOMAN:-T- £ 5 Rk I 4 422 1) 5 32 0 47 B HAE A\ ik F 5 ke
2026-01-01 | 2026-12-31 |7 HIE;

(3) SERUIHTI R &BORIC1-25,

(4) TiH B4, MR & R s

4110
26/179




P A AR T O RE AT Y A T AT 451

m. HHE&%

BREEEEZENE

1 ARETEL N TIEESG:

CKE) i E %,

(/hE ) 15J57G;

2. BHETARTEL TIETR:

HER

2024 4

G8

ﬂz

23 (Ji70)

15. 00

5110

27/179




IR Sl S S T 5 S e i AT 5513

TH S A

4 ‘ EHTG ‘ ot | venl | o | s | LRAEE e s
Mo x| v | g ii&&ﬁﬁ*ﬁﬁg
CGLEE LT

W4, ‘ T wp | wm | mr | o | SRALE \gesn| s
o e -@jﬁcgﬁ im%}%)\m@m ffmv %
10— 5 | B MR magess s iim m‘%’ ]
H g | e | MUY B s ;i:“‘ a3
M w | v | LI ;mmwrﬁm ijﬂﬂi )
e g | A TEI st s ii’mmmﬂ
ik R S P izzw pEA
i gy | A IO mr s if“‘ \f@}r

|
6/10

28/179



P44 Fenil L R R RIT IE & T A AT 450

(EERHER AR

wwﬁ%mﬁ!- %\ — MHFHTEAE
. \ b 1 1 15. 00
%ft(ﬁﬁ e MR
/ it 15. 00
710

29/179




I AR AR A L I8 FH S AT S S H AT 451

. EFHFEK

Bk

it

B4

HOY 5 27 (P N BSLRIE R KB 5 B MAIIE, IR (T RAE R
JFHTT AR A4 St 5 N SR U e (4 AR A . R RS 0 H A RN S 4N
W GAT) ) (SR RITIHATS BN R YRR ST
PERIRR AT ) 48, RIBRISERE (2024) SFTT [T 00 () 22 AUV B ) it o 15 42 HRATE
FEWHH (HEGS: 2024A1515010135) LM —8, FFUSAEE T, 1EAH LT
E0 H St S AR S R T O 4R

B 77 FRIASURY L 55+

1 $AT 55 T AT 22 PR AR AT S AR T

2. AR TR, AN Z 7 LAEMTTAR R, @ 1A R SIxT 2 07 T I A SE e DLl £ 2
A IE LA T R B B

3 MR ¢/ REFHIFIAE B B ML GRT) ) S5 UE T 277 BEAT RS v RIME A B

2375 AR S5
L. W s LB & W M R ARBE S
0 TS HSE, WHITIRIARIAT LR, BN, MRS T BT IR
B,
3. G T HTR T AR A8 A TORMIIION F 28 9 i 1 S5 S b AT 2L
4, T B AR T2 B i e B AN G R BT P R A R R R T AR
5. 43 FHI Oz 4 R W4 . MBI, 1R (5 RAE (RN R ERERBRE) I
) BFRIE, TFE BRI AT AR
6. W EAL4 - PHTSl)G, BT BMERES . e LA RBNFIRFTTRN, ZT#
I W L B, PR SR A T e A
7. B E RAEEES S BER, 2R NSRS, R SR 0 E 2 1E
GETAE.
8. ZEATAE IS B IR A 1) FEY A SR AR AR RS DL, IS AR BRI R
Bl 2 PR ANERAF I SR A5
9, IBE R MGG RNE, FARHEIG B ABF .
10. FIFH B 7 02 B3R R FTRR, BE SIFARMS 55 RS IR T R il 5 R
JHHERbF9T R4 (30 Guangdong Basic and Applied Basic Research
Foundation) (HWiH%S) 7 #AhE/EA UM,
11 277 I PRl S A ), S SP RIS A, BRATRMI A 2k, AR, WEifh
AR it ST . WG AMEWE. RS REe3 R RTYE
WEFREIFBGE N AEERISCBLMTE, AR iR (B, &
L2ty fipeflly, AEFEBAER, WBBRGTR ROl B4 BiH . BT bR -
gt RAEA HoAtha B RN E E R T A .
12. WA B IR RTF ST AR & B Rl 46 A BAH RS
TEIBATAAT S Pt ek, B R MG BCRIE N E R SR EA T FU oL, AR
XoF ITAZ 3R 20 B (1) 5O IS [R) AT AR DY R 42

8/10

30/179




) R4 e 5 N FE R SO 4 T AT 451

BT 4 EIRATAES- PR, M7 R B8 P BOTE B R RIG I RTER, RLAR
A7, IERIOE SR B %, BT B A0 RIS A3,  BULHRY K,
VAV K/ NHE PNz C g e

g ATE HARREAVAR . U ST AR R T A OSSR 5, BRAUTT S5 415251
, REZMTRE A RIEMIAT .

b4 RURTE BRI, B0 BT SR, EASTSEBIEXNER—#DY, 5
AATS-B BA REH] -

W% AMTLEB—REW, HHARSE) . B CTTRH AR, T8 B
JERIAER, AR F S N . S TT N AES B IE R, AR AT
ALH) I o

SIS 2T ST AT T AT A4 15 MR 7y WU IE A B . S R0 ¢ L P 77 R T AR
Flwt A0 H RS TR0 JBAT AT HAZ . SEBEAEE, XJI E ARG TIAR R, 2R B H s UL AT
A A H

Pl L AES B, ARMFAATEEFHE MRS, NEZALR () .
2. BACRIDNGAT AL 100, RHRAAE HRINEIT.

9/10
31/179




AR AR A5 I SR BT 5 0 B 4T 4545

N, KEZSHEAHESH

WHBR (P .
HRAEN (REARED) . i
: 22 H
RIGHR (29D« Aol 7”341 ’ﬁiﬁ
BREREA REARID . gan 4 & o
BAA HHEM) b MR 7@%&#%Q@E e . |
Email: BALETL % | 7‘:{""‘“—
L i
FRBRATR: R
FEPMATARR: RSN T AT AL ST
FFPRATIRS 3602002609000310520
WOME S A 3\H
BAAN GHATAD B4 Mk 1@@#&4@% (%4)
Email: T ’
i

XY F KA 3H

10/10
32/179



4 F % 5. 2024A0474141

I E A

AE AL
BB HFTA:
X KA
TR
SR :
HR AL
S AE B A ;
EFERE:

J-MN T AT XIS E

T%

T R 815 A THEANE B E# 2
HH %

KL A

Ha

A A AT 5031 K

20244 AR 5 N R LA R & A

FHEEL “BA BH

E R A

2024-01-01 & 2025-12-31

AT A A

SN TR A R
@ s 1! -2

B
=
H
S
p=l

33/179



HEHRH

LEFHFFASNTREEARRE; THAATEAELM; A
AT E AR AL,

2. 5 FHETIHE B s Hei ik, wHR T MARAR”
RTrNELEERE, FETEENENER, B/ “L7 &5;
EH5HFHEMLEHEANT LR, HE5EMAE T

3. LA HAER i aF i s AIE &l 4 P, wF
TURHE, AREHFERITE, RERANABEATE,

L LA RBREEFHFAELET, RREXH TR 7 FEH
NG, HERER “BHEA” APPERETEE. FRAEETEES
ey, 25V HFEEAETFARBMNEE, | THETHRIE EH
FRHMEFETNRITEE; —AGRFFMATEE, LFF
HRWAFT A, WEAEECATE AFTALE 7,

5. WHEMBRE “J MBAEKAR” TRIMEEFHEK, HR
BERBEAETME,

6. HEHRFATEEFHEMNWERRE, KEFFHT,
LANRBREZET, RELERANE. TEMEHFHHEANT
B E R, Rk 4L E T EwEERE,

T.EEFFHFw “EE, AEEENLIHTNAL.

8. “I'MAE AW ETNEEERBEYERR MM HWET
BHEFE. ARERETELREGE, LHMTEARAMKRE
e “TMBEAM” RN AR R,

9. REMRER, TEFRARERAZE, TEFLEF®
BZR2TERIAFEESHNEL LEHEREEL A

=
=
*
S
p=i

34/179



T ﬁ E%j:'f%l?d%\

e TUE 4 #F AT RIAEEHNLATIEANE EAFEREEH R
i —— -
o IR T BB B
%g wE# 5(77 75)
R IR 9 (4)

KT ALEE AN 3T LA R A B 1R L 2R & B R A SRR T B AT U % &
THE. AT A B LR oy B 18 HAT P o 25 18 20 A 0 o] M AT
B R MM S FE. ABEA4 N, BEAERGANENL, REET
FEE RS T AEFRF R WAL ENEEN EH 7%, UXAHNE
RAE T B R ERER: RIS EREHEANEZHE, £
THERRTES 27 R RO RETRER RS, UZATRAPVETSHE
A B 1 [F] 4

T H
BE

FR3TL K107 35/179




—. BHBA,ER

Blgs | EBALA¥ | Goaspmpm |A00000HO
EMEE | 1952-01-01 BALKA AR
VE M 3 HE JTRAB TN R X B L #4835
B At JTRA T MR X E L #4835
2 4 17 5 2%
S omEA | zasm o
iz Y 48
IF P #RAT AR MIAT B AT
Vil KR A F
RATKE 3602002609000310520
4T F£107T 36/179



=, WERFAER

4 4 s S 2 2 4
B A b 51 %
A 3 Rk Wik

B 4 [ % I A A

s FRRTEX

% fi 4+ e s o

e % B o 45
sl | BHESSEHIE | FASH
AT B, - A

HRETLIL101 37/179




M. MEZLRER

AHEEEN: ¥ (B) T, £,

T KA ZE. ¥ (5) Fo, BHEZ%: ¥ (0)

i T
Z % Tk R
Ko kIR N R A KA HEZ %
2024 5 5 0
Bt 5 5 0
(#fr: Ft)

E: REHHN “BTH” , THRHELFZTHABETXNTELE “GFH” #HXAL

#E/T_I—O

&
o
=i
H
o
p=i

38/179




B, BHARERR

BH R AESE ZmA N, LOZTEEA T BT ERGEUTSHELZ
—HEZFERF MR, HAREM LG ETR .

(=) THEZ®HAN, UFE—1FF/BRAEEF LR B XIREUL (FiriE
RHTERT) ;

(=) THEZmHAAN, UE—TRAFIFIERNEN ., PHZFEITE U
ot

(=) BEZHEMA, RERULASATRITUE HAA TEH R LI D
g

() FEZHEMA, RERULMERE (BFINKREENK R L 2D
1T £

(Z) BEXHEHAN, KERHE I,

ava;
=
*
S
A

39/179



2RSS - 9%

THA RN LK
ForSABITHUSEFTXFHIHHX T EEN, GIEHAELRZ R, KRERER
HAE HEF #LIE LU ERESF, AKX EER TR THEUTE . FH
TR 11 2T E Z 759 H A

TR RS AR T ELHH NIRRT

&
co
=i
H
o
p=i

40/179




W HAEEL (275) RIA HFAAES

AT

AR/ ARNAEA T NTABOTRIBUE AE LM/ THATA, FFEET
INFRSOTRIE B AR, THRETESTE, mERATEAARLEF
BEMNHERE, ARAEAE:

(=) HBREATEAARNEHEMBESL, 2. AR, KRELELMT 2
RPERERR, THEELLFR. EAFRATH;

(=) g (MNTREeFAADY O MNTRBOTRITE &2 24 %
Y (MNTRBEXITEE R TR A E) (S MNTRSOT XA REET R, E
) FMAME, ELHwEITEMERERE,;

(=) PRETER. 4. TATRARETMAECENT RER. N
, MARBRURATAR, WEIE EHELEFHRFREIAICEER,
Yo AHAT AR

WRER, REM/AANREELHEAHIIHEAETAERE, GFET
[RFLLUETE., FRER. BBZH, BEEFE, FH—LHR MFT AL
XITE H R FA, TARFRETHEREE, FARTAMLLSATF.

TUHAE B RN AT
H#: 2023412/ 16 H

TE ARA: HEHRAH
F#A: 2023412 A15H

9T IL105T 41/179




ESHEE

FLAZARE (S MTRBOTXITEEE A %) 7 MNF BRI
ZFEERLE) (MNFREOTNBRBEETELE) FH A XHAE, UK
HREE, BRMERER, EFRESH,

ATH A JTHFTRFKX

JNFREEAR (BH) « JTHEREEAS
RBEZE A Fek Brx R B iE: 83124150
THEAERTA: ZHEX

2024401 A17H

MEAEEAM (LF) « @RI KAF
ZRF|T: FERVAFIEFR
TH AR A: A
MEZHILANKS
WP 4. R AF K= 36020026099
FFPEAT: RS NITAELLEAT (@

-

o%%i%l%jx

MERTA: HE

AREM (FH) « EHRLAF
WMEZAN: RER

2023412 A 18 H

SH107T H107T 42/179




-

BEAESZBRS: SkL- Wit - ovj

RUVERZEBRAEFE ALRE
FRBCR LSS 15

AR RS 0 S AN R A S R R 5
CREREAL. KLESHASEE SR

C CRERIHMRAR EF S A AR A D
WA AR - HERL K
WG MR
FIEER: 2025406 AZE 2026 £ 12 A

RV H & TR 2 E E R 50 = g il

—O=-Hh=%E—H

43/179



f. BERERAREEFAAR

P = - \ [ wemm |
gz (Bl 5 mu | sw |[Tene| TEA8 .
T =
ks | % wi | BUET L emexe | aeonn |8 g
2 |3 ## | ERIE | LERLAY | REER 2§$f
L7 vl MRIE | LERLAY | HLBALH %?fﬂ
) 3 2L B
sas | 2 R N Al PP PP Y
L | \ o LA Wk AL
54 %1
BEE | 3 o ﬂﬁ;f& wREFRE | ARk
i EHARAF
. [vERumR
4 o
Bk | % e ﬂ%;j& AREFRE | £50E
EEARAT

44/179



A~ EEFBITEER

WEBEIEEA (BJ): RIVEEFRLEFESELRE
(P ERAAAR E T TR E TR AR

45/179



FIRREGRS:  2025YFD1700504-01 =% AFF

RERM &R
TikeL S

FiRAAM:  KEBZARE T A B R SR
Fr B TR - IKEHRFIEE ﬁﬁ%%&%ﬁi’??@f H

HRTE. %ﬂ%y@@wﬁ%@ﬁ R

PREREESKRE AL

FRTAGEEAL . ﬁ 2 'ﬂl/
FRFAEA:  HAA

PUTHARR : 20254 12 H & 2028 £ 11 A

2025 4 12 A 29 H

46/179



HE i M

AR A SR AL, 2,07 T A

= RSB R, BT AR, I A8

= AR5 A R B A

M. ARHSRARRE, W R 2R,

. 2SR BIIE, TR, A4 SERATEL. BT, &
B~ ORI SRR, Horh AR — 0, TUBATA

—4, AENVREE ST B D4

47/179



FiREEA(ER TR

TR A4 TR 7K R 24 3 45 T N 1) 3% B o 5 7
FREGS 2025YFD1700504-01
B IR R 7K FH 2R 574585 Rl it 24 2385 454 5 7 Y R P
Fri@m e HRERMER AR EET R 5=
B n AT ofbF oblE R ASE 1
TR oFERNATE oE KM AR W ARG ol
FRBESRE | oEMRTH SRR ok RE
FIREH R
L I
Ry AR B
TR R R L g (AR
FEERAEFATW B
FEAFhiE
TREMHS  PREGY . ESER RS LNA
29 H iR 5 Je i
ZHWE 23 80.00 570, HAFHdRIMEE R4S 80.00 T
FECYA I 8] 20254 12 B SEIR N ] 2028 £ 11 A
FUR I B S
STt R 36 MH Tt A AR (8] 2027 £ 06 H
BALEHR  fERRAL A BALERRBAGL BT
o K /AN E b/ 3Lk U 5 B o
BT MR e By HEHMAD
Ve -2 | RERR oy
T | BAFRBE | R P KT BT sy
A&
BAL | BfEHAE PMTRAR AL 483 £ MRECSRES 510642
BRI R R R LK
FEAT THRAT AR .
RITHS 3602002609000310520 WATHLAARAG 102581000546

48/179




W 4 A R | mBEok l H:IEEI%@J
AT | SO B
o | s | kLA
fi3t
A | B -
% TR oRIFS wh oHI o3l | W 5
e B3
W% | e

U

BE | EuaE BaaE |

x
AT BT EHEm |

| EE | E A

9y ‘ =z
% | e B

M Epsn | smr D
i | e BRETH ey AT
55
w | % 5 % %
U WA, HORE_L A, WARE L0 A, Hfb 6 As
siA| 10 A, e,

W W2 4 A, BIES 3 A, % 3 A, 0 A
g [T R BB R4 3 BN, SObRE A,
(Bféfgo R AU P o S AR TR TES, SE TN S T A B
o vy (SRR, SCTU TR S S T A BRER (L.

49/179



MRS Y HWYI
& € HTHTE H 21 33 8202 ! SRR I s
3y € “HVHETE H 21 3 8202 ! FHERE 14
&€ HVHETE H 0T 2 £20¢2 I U £ . =
Fe HYMT | H2l58200 “H ol 352202 “H 21 &5 9200 g EF TN IEs z HEP 5 MY
#E HVHT | H2I358202 “H 21352202 “H 21 259202 g SUEHYE S I
o W I3V 57 (8] 2 % s BSREH =4
HedmEE | BL S0 i
- / X | AN (BECT e
W T Nz W T4 A
S T E AR BTG L e
UHRL=5 3 i 2 3 WHEO KEHYH WU T MR FLY
ERRES | = S0 \ v|  wmymo |TFE0 RE0 2| | | BEEEEENY
T sk n %EBEW - THEHITO /BB e XS WYL S
BRS04 B [ N [l 6 MU0 YBE/EXR ﬁﬁz\ W | WIHNL TG U
7 3 TR ELAHEHT YE W | N3 1 T MRIL S Yk
n e O #¥%0 H#¥EO g | B | B S U E S
ol e yBxo wwgo | AP E | yuemsu we
gt sy 1 | ¥EER WD W ZE TG B
A= | | Ria / ¥ HEERUzwen amen 1956 3 |5 e
ETMULS | WG H , P :
: o ) B g
HAMPHH | BN Y X ) )
| SWE | SWE ¥ W A
g | i | s | wmessn e s PRI | puenns | gppen
O A B A B AL
FUEA SR “YHRM L
" e

KL A WA STHE —

50/179



B

LFREER”, MAUTHIEWARRE: (1D FREBENH2NENER: () HERRpLehs
WIS SIBEAL O/ RBEBAR:  (3) BUIRR: (4D ARG LMy 2 P 7E R 4T gk 7 ks
HERTES, HFOERS. &¥. & RRREY 2ESHEHRIEMFOERMEE. (5 Fslx
BRRFREN LA 5 0, A RAMEERRRAE “Hi” REPRR.

2BHIRIR, TRADLRR BRI BRIEAR. IR, AR LALTaARE, b, HoRiR
RATRUAER P @R, WIRRENEERR, RUBEMEAENIRE: HREIRT A%
BEA, PROMEESHE; REEFT U ROWNES. WI0E. T T mLg; MAEE
TLARAR AR R SEMBERE: PALIART AR ISR . S5%a%. [,
X TR HEAR T SR E LN A I E RS LR F IR 5 R ERIA M #bME /RS . AR, %
BARPR ST ST BRR ST HAB B RRIIE . Z80F . AR, AAIREE, Rl KRG TH ) B
MEEME. WERERTE, HRXRAERRERO T REEAIHE, REHELIN TR ESE.
LI THEWAE. HRETRABTIOERARR, LI EFRRE/ RETHE B , EXTUR
REELT CARAMEARSES 2, WAEE “/” .

3chififtn, FETHREEENL, WERTERS, SUHKBERBHNTE F RS TR,

4B AT, MRHFFEHFH R RRSIRIT RGBT % WHEHEE.

S5 BB RMY, QB LSRR (RN MRS I ATERIRTT St FRATE AR P 2 R B4R
Bk BB 4R Bk R IR N S A A G BT LI AR 8 R P47 B B A b R 5 DA R E 0 ) 52
M AR R AL BTG S 40 R RO ) E AR S (s s IR R
BARZEME . RiHRE. WRAIRES) 2, SMRAAESZESROH (B0 arRses—
MERAPRIRE: FRMRENS 24 (F29) KRB, MRETHER, SERE—MEERAM
g ANBE TTAREDIR A A IRMA IR, BEHERATN L AR . BRI R
E AR Hi RS

CCAFFRANBIIIR?, AFFIEFBREDNATFEIEH AT, WERERRRX. HIFER. HREE
B RBARREN, RN AT . RERRRIN, AT FREN _EE 2 4 (F24)
PLA; BEREEF. HREER, EPATTRREN LZE 3 £ (F 348 AN WABARREK,
EHIATFRSPRIEN _BFE 5 48 (& 5 4) BN WHESH BRSEREHEA Mg .

51/179



v TIREMRAE . MRFERKEAREL

(—) FRENEERRAS
M%%%%%ﬂ#ﬁ%\%%ﬁﬁﬁﬁ,%Nﬁ%ﬁﬁﬁﬁ@%f%ﬁ%@ﬁo
1. SMERI RIS A, SRR 9
(1) A7 BRF AL TS MR A T AR

SR E 2 UL BT B BT SR Al T SFE LR IR GBI 7 ik, MBS MIYR IR B S
A JES JE AR B DU AR AS TR, SEBILK H 22 T 4t F A7 BnRAS 1) Tk B T 5 37 58
e
(2) FET- T A5 BT S0 A B R e AR

PR RS TN AT B S P PAME ARG v, RETBERAREITWRE, B
RN & R 22, SEPLK A 223058 1 RS B TE A AL B B B
2. FEHFRHE

EIXT K VR BAIREE AN BHURSZ AC RS P 3 50 2 25 45 DUV 5 B S BR ok 2 I
FIFIAE, ZReE B R AN TARE SR ANR 5K RGBS L SHERER, WRETH
IR R AL RS AT MR T AL B IR BN S S 2, 58
ARHB I BT ZWIRE) OK RS RIS RE, BT
DR A58 55 A Y T 42 ) ) B0 T PR B S R A% ) v, AR 5| e pRy e pr L 22
FAMGBAT PN T AL MR, 3 T s B T BB £ T8 A K P v S 4 2
- i
(Z) FIRERENRIAA R 75754
EXS TR UM R R, BURFAR T, JREL. WLBR, vk, pasles

KGRI SY B G E 705, R IMU, RTK 5940546 At i 2 YR &
IO AL AL TR, G I A PR BE B Kalman JEUEA B9 B AR S 0 43R, Sell
YRR 2% A T BRI o B ST FUNEE IR BB B 2R, B A AR T 42
fll- 5 R A SR, I B R 2 B AT AR BN 5] R — YO
= TEUF=
FIGEEERIATHY, FEAE SR AR SN S4B, A U E 000 . BRNE
R ZIROHT I REATE A BRI WAL, IR R AL, EisFI&NR

52/179



PERUE.

Lo BT 1 7K EE AR HL T M SRR b A

LI 5 HLAE K FE A7 - R R T BE RO R WAL, 38 R T
VA BT T8, WK IO BB, BT AR SRR B TF % — PR AT
AV TR TR O S 9 S 58 TR ALK B
T1, TR B R R B
M, WISt e
FRBOBE, HR, PALTURR RN, e, 25, EAHE.
L TFUMBRORSE. B, Pl B

TUR B E SRR B 2R BT MU B B 5 A, SR MR & 3 ) 2
R BT 00 TV O 7K T G2 37 O 2 S B
Ao TEMCHERY b, FHELEAT I IE 5 = KBRS AR AL B b B, IR
HAEVE RIS — . TR AR A TR e, ZEBUR=th T, 4 LR
Y ST BB B ROIE R 1~2 fs e 7T, HAE SR Al
X FF AL AT, SRR A TIA0.5 JiRT, A7k BB IRHUIRA & R A6 T
e HR S S 1
2 FURMMBREOME. Ha. G, AdKR

FARRLE YA LK EIFREET (0 2R 5 eI, 085K
M F SATILERINE, B BBIRENE . 7B AT, Tl TR
BRNTHL, WA N RRLRER, AR BIARR 5530 T 6 . 1E2H
27T, R BEURER R AR MR O S B O, MR EDORLR, B2
BT R BRI SRR, WS ATIRRA . AU, TN
G2 TSk T TR 2 B R 2 BN U2, WA T K U e
K, K ER RO, B, TR IR
B FIREFEITL
1965 6 A F BTV TS - R E I F- WA 2 M AR 4RV S04 B -
1. fEBE. 2025 5 12 §—2026 FE 5 A

(15 TR NLHEZEE 2 D BRI R T

SRR SEROK E AR XA T, 7R B 5 HR I

53/179



BRIER: FARTEME . VIR EgR. BA%,
2. 4EP¥: 2026 4F 6 H—2026 4F 11 A

FE55: TR B T0 A A T2 25 25 0 1 5 ek 0 SR B R Aoy S8 AR A et

EAZARIR: RESBEHIA 1 I

AL SRR . MG . REieF. BA%.
—. EH. 2026 4F 12 H—202 “4E5 A

255 FEMK B350 T IT RRAUNE Lol B A SR ERERINR . WEFTHh mi RL 34 b5 3%
e FH 1) 3 S

IR PIERER 11

BRI B LR, PraREss,
4, HERE. 202 “4E6 H—202 “ 4E 11 A

1E55: HEETE AL 3 410 2 /K FEL FF SR OURE A . T ER B 5 B AR MR 428 00
iE, LA E B AR

EAZARR: R A 1 51

AR LI, MRS, GRIMKE. HRmEg.
5. fE: 202 “ 4E 12 H—202” 45 A

55 B P B TN A AME S TR B S0, 3 S Sk
Pl

EAehR: REHR =1 FH;

AR B, BHERiES,
6. 4EBE: 202” 4E6 H—202” 411 A

255 MER IR AR

EIZAENR: SET R A SRR A

BRI FURBI IR . SEif 5 W PR & 2.,
75y TiRrRZE 2R SEHEHLHI K AR FE 4
I FERAEE AU T 5 WML, TR 500 F LK.

FOREUR A% A (K SR R BT ) (KR SRR 4
HINE) (R E SRR H A S00IN TR GRAT) ) SBR, ST
WEBSAE R, SEM S B B

54/179



(1) FREHREH T

e B EEAA BN, Wil T SE TS5 AR50 T, A h%E X
TAEH, HE—DHROT I BRI SR RBEF AT, SEEERNS 2. R,
il 0 M R BE R U S5 I ()9 o, s AR T RCERR, AR SRHHT )RR IR
AFRER, PENBORIEARSRIEOL, PP B ARG O, AL R e i e, I
ARYE T H Se it 7 ZE R T — W BUw o AR A B e -l

(2) TUREEE B RS

KA & RES SRR s . NTERE. Baiibszl. mEARTAN. K
VB PUgE R OCHEXIKEZF) , M TREEREWEE, AT R6ES
REEBOR 7 BRI B L A5 3o _

TEFRBHEE IR, & 50 B A L BRI L AR ) SEATL AR, ARAR B EFE A5
BSHARBYR, B HR BT R BRI S ABHT FU R M AR 1A
2. FURBESEIEHIARGER, CAMAN,. BORER, SCHREZM, R 500 LA,

(1) BUOR#E

BT RRI A SO SRyt M, 3R 5 A3 5 AR BOR IR R R4 2t
B, B RATAEBERRE ., AN FIE R Rl PR RE. wE. M
BRI ARG QB TR & T U S5 MBS TR e EAL

(2) BARC#

TR A A R ) O T LA L SEAR R, LT R K F A I A | SR BT
5, BASIRIEE. PRRRBRE BN SHAR 5 ER R

(—) HLH#

TR R Bk FRARHIAR, fEh R E S B 2 SMSOu A R, R ILRN
FERAG, TERITER. 4 TIEW . hRRBAZER.
3. SPSEULURAES EARMISCHAER, R 5 U o At 7R b FILA, BR 500 7 BAPY .

TR AR MRS T ST R PUE B ERAZ O BOR B B T8 P
TR, R T K E SR T Zide s < ERME. AR KOS IEER,
SR R B R 24 28 A5 1 R R AEAZ oA ) o K S5 TR0 A

FEW R, T 3 R RNV 5 AR T A% DA R R ST, SR A
RKMEARE R IV BTG R KIEEENL T & TF R S0 S ISAIE 5 HR s A, [ 4R35

55/179



TV BB PRI I B, BB IER I Ens AW R 2R, 5 2K 255
ARICBEAN, FERIMEE <23 STARLIEZGAER, B RSk I 7R YE R o
. AR R . RREERAERGE S
PR 500 LA

(—) HRF=RGT 3R

RISt B SRS S AR B AR P AU A AL BT o VRBESEIEJE , RV B R
FERIRSC, BRI AR RURR R AR SR, L HEAT AR AR . BT R
EAEFFP AR R, FAIRPBUR A AT ;. 7RIS SR R BER, &
PR 3L R, AR A i F AL

(Z) B EH

FIRERAT IR LR FTE BER,  H8— SE BRI SR = R 5 JR B,
B B SR AE o SR Y R VS SR R B PSP 40 R B A VA P
A A TTRABRG, MRS EN. . KRRk,

(=) HEREE A

TOREHATIING, BALA BN AR 58 BBHE BRI IR BSR4 e, 7ER 35 % A
B AN SRR AR E BASE, O A B RIS R IO 258 . A5 AT DU B — 7 i
WA, WA LURTTIEE o XTI A BRI, AR 5 7 5% R B TR/
JEATTRL, JRREE AU RS 5 IO H IR LU HEAT 4000, LA LR BT (b A Rt
FERHEEBIE) (N RIEMERE R R ) (B SRR B KB T AR
BUEBETIED 4T
I\ TREL 58 ) HoA Y ¥
fR 500 LA
L BHEFREHKE N, NI WSS H 207 AEMk, BB E H4T.
2. HTABN L5 G B TS BUAT IR, FEN R A0 3 th 3 L A
3. ZTTMTTREAESS, AURIUIN R 7 SRS A T R, 8 B 7 A AR e 4 0]
MHEIEITATSER . HEMERT, X7 RIARSEHRAT S 40T, 18 S R R B
AH .
4. %5 CTTRHTCIE AR SATAL 5 H BRIk, RV 440 B A i B R B A 2 8, 07,
JIARGEH L, FTAAGRIE A LR kB, R0 T B 3T

56/179



5. LH BTG TAEIBATALIS T, BL K2 I3 0 FF 77 A 5 BRI ) 4R AR B

6. LITNARFHEF I AR EENRIFE, MR HHRSE R FZ. FAREE) 3%
H oI SEMR, 4k 207 KR, TH T LA

7. LTTNHBITES RAE, T HEERIRCEEIITEL . BRIEL T —F
BTl o

8. WiHE WG, £77 NAZER AP RAZRCRE, b 7 H & RIS kAT i
.

9. MIT BIZNBAT AAEST FL 2 I THE MR AE S, ARAEST FAH R AR B R e b B

57/179



&
WENERF || - N
SR b ¥ |[EwvremEN mewo I mﬁﬂm T | % |mh oo 7 | vewm | B
BN ST LU : ,
CTATNTED
L I
STk ¥ | weyweEwe |- U] w (ETEw| T | X mEme % | —am |2
BN BR[O
N
AT
TS
wEmEEYYE|
£ B ¥ |myEmEe ":mﬁwm@,m 1 MMMM To | x |emE-a | & | s | 1
R [P .
NV KRR
BN ST EY
%
HEE| %3 wyEs| mE | . | s | me | s
HEAT TeeE wegeEeLn| wy |[myTess| T | esm | T \yogrs| o gm | sym | FEEE |EH) SH x
B LY\

CEMPUEEHWEEEE Y UITYEEE TFEHYTI

HYXHEPE A LEBERL/EE O YEUYRHKL 9 HMELYYS

‘g ON EF A NHRBETEEFEY

‘WHEYVEEEY YV EEHERRLE

‘WZHYNHYYEEERNLETNE B THEEMY TRR LNV A EMERR L DY (HY) b)) TR LT
‘HIHE H B A Wd O BEIE g GEI 'V MGHYETET RN

FWRYFEETYISELL U




YN By

W5 My B[
HNYEEHZH
HY-¥HLIZ

TY%
HWE ~d

81

WY

T

WIH °E

YN By

K Habl¥
HEXREHEEY
YIEHENEH ‘TR
W M B
HNYERHGY
HY¥.$H LU=

TY¥
YK ~a

81

w4

WK 3

=YY

K HabHY
HEXREZUY
YIEENERE T
WA R (Y
HNYERHEH
HY-6H L

HYY¥
HWHK *a

81

TY&W

+F

W d

FY L

YHalHY
HEAXTHEUY
Y EHENEE TR
M X B R
HNYERRGH
HY. LI

UY¥
#R ~a

81

HITH

W g

=YY

e B 3 7 B
BT B ‘.
W R
HNYERFHEHY
HX-%HLIZ

+EHER
/¥ O

81

Pegr-:
HEWY
WA

F&

W [E ¢

EEE

567179

B2X=

B4 2

N AR HEY
B B ‘TR




801

1

HOEY HaliYIEE Y (23

/

801

=YY

3 i fifh
WG W R
ZIHENERE Tk
M M B
HNYEFFHEU
BB LIS

81

YA

ka

3 ok
MG SR
CERIHNERE ‘TR
EEXWE S
FNWY LR FHZH
BB EIE

81

SEYERE

01

L |

B

Y HYLHY
HEXTHEUY

VI ENERE LB

60/179




+. {BWE

FiRATE R
£ Bl FRA4S: 2025YFD1700504-01 FURBLHR: /KHMEZE & TN ER KSR
&HHSL: TiT
WHEFLH 2% &8/
5
¢)) @
1 | PRUMBETRE 80.00
2 | (—) BEERHH 66.50
3 [1Li&F 0
4 |Hi: WERER 0
5 |2.0b% % 55.10
6 |[3.35%% 11.40
7 | (2D RERA (B3R 13.50
8 |2, HAcRIERS 0
9 |=, Aik 80.00

Ve LIRS IR R TE: 2. 808G e I He 3k Al s R LL IR . 2R 4E AR GEE S HEIR B i, B2
AETRIT-£ T4 1R B A AN RHIEA 52 R 96 2R SR Hh 2k S RHIE N BRAE T R A o O S R ST AR ER 4 «

61/179



Vi /. /4 / / / HE
/ / / i Vi / HESBF PR T A2LL 0§ Y
/ / / i / / HEBHEBTYALL 05 Y
%
e (11) 01) 6) €D) L) 9 (€9) () [€D) (@) D
B WEWE | mE | .. | Dk wEvE | %% | e
o | TR | e | pamn | VRT gy | B | TR YF | | 2 R
"BWE (R ESEMARS b S 29
MR ST BE A TAOLEL 05 WS
S EKTEHEESR BO LT E =BT
‘ig (T1) “fig (I1) “[ig (0I) “[i& (6) B g l5= s NV <RI TRy
‘W CME CEERRENT
I ER LB M
UL TS RN EFINER LAY VYRS ZHEY WERYL 10-70S00LTIAAXSTOT &R [4: "4

EHHEUE RGN/ ER—2 B3

62/179



0 0S¢l 00708 00708 g
0 P Hiids ey s U MV I [ AT MM €959y | HNVEHEY T
b WHMHG AR VLB | o [ssr0000rv21| ST
1) (6) (3 (L) (€D) (€] ) (€») D) [@9)
Mg &
k3 AN YHY e | aWHISR-Y%
[ ek e TH%5 ey Skl W Ty <
NI = £T U e SN B

*«000000000, SE T HETMYANERYE ‘HYHIYSH—BUHFEEH - STM=0FTF ‘WL CHYHFTET Y HITHEE T

‘WESSEHL YHEREENLGEEY T CHEEE

ULl TYHIED

B EHWERSTN Y X REWEN YT EAL
LS T R L

10-¥0S00LTAAASTOT

HYREL ca X

63/179



TS i AR

—. RGBS

PREL 200 ) BEUR RPE ST AN . BB M Z&Tr & 3M:, SEERESHIIR TN
URIBTE . HE, BRI EH. W, HERSARIER, G %
MG ERHES SR ET R . B 50 A ERB&sh, HAhsmE Rt
HANHE, FREREHY,

H S U B B TR 42 9% 80.00 UG, ELEA 66.50 Figt, HPw& 0%
76, Me55%% 55.10 376, 574559 11.40 Fios; (A4 %% 13.50 JiTG.

L& 0 it

L1 WE &% 0T

1.2 WA #& 2% 0 5ot

1.3 WABOE/MTE S 0 7T

2.)Mk%% %% 55.10 /i TG

2.1 1K8% 16.40 575

TN BT R 5 76 MR BA 16.40 /7T

ARIEHT TN 2 5 L, 7K HH J0 A 24 TR P 3 R B o) R G T 4R I ks
RTK-GNSS 5 TMkZ IMU, SEHE K A7 5 SEi 22508 58 % me BR e )
WA T H B TCBAT A TR S, SCO M AME SRS TR
SR ORI RS R R e S R G, B R
2 FIRBOTERBETE, 456508 E R LE R i SE VR EE. A
(EN] AN R SR Y 1

1 WEME G R

Fe W5 44 B () | B | BE | B (A

ERE R RTK-GNSS S 2 510

1 R 3.20 = 1 3.20

2 TR TMU 2250 B A 1.50 E 1 1.50

3 %ﬂﬁ%%%ﬁﬁﬁAﬁﬁﬁ %0 4 : i
WEE AT I (R BT+

1 UL o . zal

5 R UGRAEE R AR R 5 1.20 E 1 1.20

6 WOt T kAL R a8 1.60 = 1 1.60

64/179



7 Bl KA 5B S 1R 1.10 &= 1 1.10
8 R BHfE Bk 2.30 il 1 2.30
& 16.40

2.2 PAMKINT S 7.12 FiTT

(1) S0 TN HBEFEHAEAR FI R . SR E LR M T 10z sh Rtk
SN, WA BB RN ERR S S HORAT SR 5 0 LU IR .
Tt - R A AR B AT RN T, B AR IR A A B R AR
[l 8 11 B B 7K B e R4 5 455, T In 8% A 2.60 737G

(2) DYk UM S5 AU AT7E 7K B AR b 52 R sl o 15 25 45 5 4k K padong BE O
W, ST RSN SO S8 55 0 A5 BEAT IR 20T o T8I0 AT iR 3h e
R B BIEPIRRAER E | W EAHE T3 R0 B, BT 2.72 Fit.

(3) B JE T 5 PS8 2L ) 0 16 A\ A 7K R 58 55 2 45 A AL e S5 1
MR, FESTORS IR S SR K I JE R BE BB SR 2R 2 S el 57
o TN T/RVEAEALRE R REEAS By 7 25 R it B 2 B A0 485 2 4k el il T2
&, Bk 1.80 ST,

DL bt 2.60 J3T5+2.72 Ji76+1.80 Ji6=7.12 Ji JG.
2.3 JABIZNF1%% 0 JiTt.
2.4 HIROSCERAS BARSRAIRFAEH S 3 3.50 it
(1) EWEBEEF EBER 0.50 JFyt: TF H I 1) 5000 u/f, —3t1
s, 3Lt 5000 Jo/Ti*1 Bi=0.50 /i jt.
(2) ERI%E 0.50 J376, FIFI0E R R wr o b SCRHT BEREEN L 4TER.
Y. 2. WEERAH, it 3 F£FE 0.50 TT.
(3) WIS R. P BARBURER . WL R R AL, 3%
#2.50 5 7%,
PA 3R AT A 0.50 J375+0.50 J375+2.50 73 76=3.50 JiJt.
5 2WEIR/ERE1ES3R B 27.60 Jit
(1) 2%k 14.85 /iTC
FRA Fh ok [ SRS BURE SR 2 pet bt sCH A BEAT U B8, SRABISE Y Hhoe T il

65/179




BRI bR dE . L T4 28 SO R R E B I 17[2016] 214 5304 (sl E K 0L
REWHREBINEY , =, WRLWHRIRHES 550 o/ AK.

URABAT SRR I R URBUR B2 1 1K, F 8B AR S % R LR XI5 B SR
ST RBATIRAE; PRI 1K, FTFHESETE A WERYCE g4 1K,
A 2 I AT REKEH AL R R A=A, 4 18 AR, =ZHFEHki4t
54 Nk, BH &R 3 4 X 18 AIk=5 k%550 76/ N K=14.85 Ji Tt

(2) Ejik% 6.97 it
IR BER IR T EIR € g [ ML TAE N 53t 75 22 i 4 15 B A vh B 4
®) WEE (W1T[2016]71 ) AT

1) EHNZIE . L1598 AMBISE SR P A K 0.30 i TiH, =&t
34 AR, /it 34 AIR%0.30 J376 =10.20 J37G; TAACIHE 0.75 Ji76. FEH TS
S5 5 AL AR W SRR A M AT ()38, ATt AT P DR R A
B AT iR EE L WS B RS T

2) ATFSMREEF2MBEARMRZRS (M-85 , A8 A
X 0.20 J RIS, W4F 3 AR, Z4E3LTF 9 AWK, it 3 4Ex3 AWRx0.20 it =1.80
Fi s

wWUENR/EBREE 5 M B At : 14.85 F76+10.20 Ji75+0.75 Ji75+1.80
73 76=27.60 i 7o

2.6 FAh3ZH 0.48 775

FF RS E T, e BB 4 6%0, Tt 0.48 Ji T,

3. 555558 11.40 Ji G

55 %5 BAFE ST 5P SR 10.00 5 70H1E 55 W2 1.40 Ji T

3.1 Z5 A 10.00 5G

MR A5 55 5%, BARNEMNT:

O LAFFA: 0.25 T/ AA*18 M x1 A=4.50 Ji7t;

QWL FAE: 0.15 Fiw/ A A x18 AN Hx2 A=5.40 Jiit;

@I 5 A*200 76=0.1 JjIt;

FHEWRRN:  4.50 FH5+5.40 F7+0.1 F5=10.0 ¢
32 ERXEWH: 1.40 it

66/179



Wl R T BN A (rp SR BRI B % 5 G S & B ) BB & Rl (2017)
128 5, WL ARIRFRN A& 5 G sy 2000 76 / N/R.
WEATREES & PHILL. REAHRIKS, TUHEELR 7 AR
G R0, DR SRR A SRS W RE IS £ KI8T, B 7 Ak=x2000 76/ N/ F=
1.40 J37G;
4. ML 13.50 T
PRABURI R A% 13.50 370, F2H TR BE 9% FH 10 S Hh AR R AT 00 ) — 2%
BHIF T A R BTG H
— HAtRIER S (0 75
N HAMRIR B 4 E B & SCH TR B .

67/179



ESHEE

FLRARAE CEFIRE LR THRMA T R BAR R (T, £4)
CEEREFRWFmY (BX (2014) 64 5) . (EHEHEETFHRARFE
ERAMFRBE THRERES) (X (2018) 25 %) | (EFRAA
TATREZEFRMEMAZEEENETEL) (EALX (2021) 32
T AR MBEBATHLA<ERE LT REEETh >0 E )
(BB HE (2017) 152 5) . (MBEH BEHATFOHL<ERELH L
X eEE A pE-WEm) (HH (2021) 178 5) . (BEHUHHET
R < R I BRI R (FT0, £4%) BRI HETAE>WEL) (F
AR (2015) 471 5) FHAXAXHNE, UREF ki, RERECHEER,
RIERA S 40, BERESD,

BB, A AL TR A AKBERGE: AT RESA RES N (4
EETRTHF R, FEA. R, BX, £F%) WESZHE, 58F (F
WAL HARBME S AT, B ERESATERERPHTRE EEEA,
MELF2HMATERATEFRIEMRMLE, FRY. WA, £ 4,
PRTERFHARTREIE; EZAFREAHET IR ERE, 4
AER, AEUPMTFRAAFAURMXRE S HHERESTESHE LY
PR R B TH B NA TR ERE, AFERRTALEFRENF. ©
EFRAZHE, BOH—RHREIBETRITE (FRE) BRE%,
Aﬂ%ﬁﬁﬁ%%ﬁﬁﬁ&%ﬁu&i%ﬁﬁA%%ﬁﬁﬁ%ﬂﬁﬁﬁ
%,

68/179



g SkRIBRAL (A7) -
%Eﬁ%kﬁ?(%ﬁ)w%’

Z

1%

{2 P

s
&
=Ny
s
>_
s
i
~
i

ok E12 B3 B

TR AR B AL
EERBANEF

ik F 128 3 H

69/179




| IRA B AU L R H TS5

ZHARE £252025040250100007 T H %5 : 2025B0202100002

THFIEXS: BRI (2025) 2225

AR E AL R
R (55 -

=7

WMEARAN ZE

RREBTR: DB R % 5 2 AL A (L 3 R BTE

mEREa 25 gy /T )

BEAEA WL { = ﬁ 7"\
Sk : /
#21FBE]: 2025-11-01 % 2029-10-31 \.< X’“’?

A

70/179



HHE i HR
— WRAMES PRI E AERAL, 277 BRE AL
=\ EFHFIBALTR, FHRAELHIEE, FERLAR B
= WEES PR R, ERAEERES, HFERMAZE—TL,

VO AR50 i (NS T 00 E AR ) CCAR R B4 R HoAHE) , RBR T3
SRR &Y wd=

i WEES BARIEIRI B S BHRSHAE, ZEMELHEREFEN, BHEETH.

Ny BREHESS BB LR RSB IR, NF AT LB RN RERNRE. £
FHRAEATHE SRELSEEHE, SRR (RB0 FEIP  E BRI

. ANEERARER, EH ‘L7 &5,

N ZHEERESREBTEZMINE, BMEITEH., 2T, 88, £5B—R 0, #®iE
KA T IR AR IE AL BB T AR RS, 20 I E F R, SRR BRI T
W ST NS R 217 -

iy ARBUES I EEF I MG A FZ HRER, KR AREEBRIEERT, A2
~ NEHABIHIR .

2719
71/179



TEERERE

T H 4 FR) BB 1 X 75 4508 fe SR 2 4% 01 1) 5 5
T H 451 2025B0202100002
LI TR RN R AESGEEAR (G SRR
20250210—& @ —: FHERE L FRE %4 LAl
CBE kR, BATR SR a5
SWHPHE BN 840.00 Jiyt, HHPEBAZMEEIHEEEN 400 AT
HCHAT A 20254 118 01H ZERIE) | 202946104 31H
T B AT
SEMEE R 3 47 ANA TR A | 2027-10-31
BN AR e rg ok K BAMR | mERR
BT AERA 4528 - M Tl - (X G ERIS) 124400004554165634
RHERREIBA | e b s e i AR X LB ISEERTS | 510642
4835
447K 5| 3602002609000310520 BERRANEESL |[HaT
BALTF 7 2R R Rk K2
PR M T B AT
(&)

ke 72/179



w47 | ) | L
EfFRAY | BHIE EfF585 |1
eI FFE AL | el k2
B AL
HARR | Y % | T
BT R4 BB L
$ 42 | I I B B4R
PR R A IE € B 1% | / LR
IEMR R | B hiE IE-51Y
phA | BRI 55 R R IS4
RN %5 1A [E] 5 FL 3 | 020-85288032 BEH
EfF 28R | S EE UEM5 19

4/19

73/179




— ESBFEXK

%

RIS (THREANRBUSRT RS R A E QAU R T RISE D7 SR i@sm ) (&
I (2018) 84%5) (I RAEABLABARTRTEAR REERGRHTR IR “+INE” 178077
ZHEER) (BRBEF (2022) 375) (T HREARBINIDATRT BETER RIFEEH
SREHEIRNEHEREL) (BF (2022) 145) (REMBUTT REHITTRTEHR
(B RIERT E 3 S BB N (2023521T) ) RU@&) (B (2023) 35)

SEMEHE, DA R, BORMEHEEOR, KIEDHLTUBR, NIFFI5ER (2025) 4
E%*Fgg%%%%ﬁ%@%%&%?mﬁﬁ(i#%%:%ﬂﬁ?(%%lwﬁ%,ﬁ%
BEAESH.

B

AT H ABCE RBAZ DR . BEAORBE T B A E KIS %9 BAR, U4 REERTW . 59tk
RIBEAR, BRI S EGE . BOR H £ 0] % K E KR QRBURRA B LR (IE H
WADY AR IRIERT R AT TR B AR, 55 TR NG FRE S8R, AR EAT
XN EEFAEFAE LA, (TE AR« FREENAES BRI RN SRS 5
v e BRI M YA ) B AR

FOTARGRIE (1 RA AT R RIS R) RS, W ERRNSE, AHf
UGB (. 225 AR R, FI7 SEATRM R TSR Bt Ry RS EE
I, (A AU IR XL R M. BENLAIE . GO, e, i
SO I I STHE MR, A DR B TS IR, AR 28 LA P 2
SUERCHR . R EIWIE, T RIRAAT % 0 H S TR . TR (%
SRLLATRIHRA BTN (BHIES (200) 29 UL TRirR
PRI .

COTERALLNIME YR IA) B E B, i FERHATIE : 1 KA LT RAE
%o 2. REMRWIF BIFNTAMES 2 TLAE, JBATIUE A ASEHEAN 3 S48 F S50 T f 44
STAE, PUUH SEHE B AR BE S SR S B o 3. ST LA P 2t o R A B4 )M ) 24
e 4. 277 ATTHRESCTE HEL KA RRIEFA, LIRES DT SRR 7
B TAMBATITBR &, FORI B3 &8 () 22 A 2, R8T AL A 1E L. 5. 2
71 MRS 5 BALB NI R AT 3G M, MBI, HBRREHY (SEEEL
PGS AT ERE. 6. ZH MRS R HAMITEME: TETRE, NESHH
WA, 7. ZT7NEIRE R A A RHE, RATRHIRE KA. 8. TH S K
EEBFIT KRN SEFRES 55 H AR L, FAMHHIEZIR.

Bh%k

TUH 5 AT ALV« T E R R VPA R B 4 I Bk A

LAY 5

ERITAEFZ RS, 277 kS5 BALBIUS TR EEREN . RIHE ST RRF S 9
B, EHGETHIREREN. WRES., EPEATMATESBURTIERRR |, N4 %EE
%ﬁ%ﬁ%ﬁﬁ%ﬂéﬁ%,ﬁ@ﬁﬁﬁﬁ%%@%ﬁ,ﬁﬁﬁ%ﬁ%%ﬂﬁ%@ﬂﬁﬂi
e EEAE N .

Btk

AT EEBRAGSINAE] RENTTRE, TH RN FRAE] G A et . T H %
BSOS R AR, SRERRTREHE R, EMMBEEIT.

EIIES

SR T RARERART R TRHR R BIE 56 B ATFHSfE)  (BRHEF (20 13)
127%5) WIE, ATHEMERBBRRBIE: FiLsem)E, RHE IR YE o2
R, AEARBRRERGZSTFERBILER (WACRERRELR. REFREA . RE
i BERTBHASE) HATATF.

HEhk

NS R RR AL, AT E RIS R R T B IR E, HEIINE T

MBBR “CRERMEE" (BXEHIRBTIIANRI) . RETRTREL “5%H
Ja¥e” AR, BB R ERETEE" N RRERE 7, TUATERA;
R SERT AR “Se G H” Tr By, SRS N RS REEL, BN “%HE
Bele” FUNTERAT . BRI “RREHTEE" BB, RERRAR KRR
%gﬁﬂ$%$ﬁoﬁ%m“%ﬁ5%”ﬁﬁ%%%,E%$Emﬁﬁﬁ5&%%ﬁﬁ%ﬁ

Ll 74/179




wrg |BANASBRFEEBNNENAREESISS. RREE, DERRIETHER
S, RITE B

6/19
75/179




—.\ WBWEYHER

(=) BRKBRAERR

I YV 7% (=f

F5 R A TR FRRRTY LoUh€j=p N PRI TT R/ Tk
ATt Al B & LA T 7 B LA
R &1E, B KR
Wi =4m,  SRIAE ML 3%
| e i 2L A T ST 200500 E B RATE, I VA,
A RS 2 sl , REHG R 8%, ML H=TIINE
2N A AR 80% L 1
o BEAFRIARBIHT B RN
BI8%K% .
2. RIAKFRIRF= RS
it~ WA KA 25 IR A O B B )
5 G5 T : .
1 %%%ﬁlw i KB E B HOME AR 2
BHUAL R A s
D (R | ERRREH B SR Py BoR 2

Xt PA I E BSR4 % 1t B

KHERL: GIFTHRI—MAR BENHEERII NS EIMAREES . BERTETREEN
AR P BRI RS R A H B E ) — A T B B, 45 A0SR0 B SRR & /2 15 5 4
TIHISREP AT HARE], R GRS BRI IE 5 SRS SR R S . 3
I 45 B SR CAE T A 8 B R SR AU b S R, MR SRk R v

KPER2: QUHTHREH — 7 SR AR IR AR O IR 7 v o 38 M o SRS 45 5 M SR MR e B 4%
WRRZ D REEL RS, Bt RESEE ST RBHES, SSIET 2 IEL TN AL — b
R AU e 20 S AT AR R GRS A R E ML AR R R 2%

LR TR SA R NA R, RRESHEATFERNES: IFEES. BARBRE
Wik, BA RO R R AR

3. BARAH e K -F

KRB BB KT H R PRA I R BT 4 K S T H 52 R B BT 4 7K T

5%% 6%% 8%

X I S5 450 R A 3 4 7K T BRI 0 A 4 5 14 B

BUHSEHE)E, SRR EMNTIRI Z8%, KB AKTFE BERTF, ERIRA R AKT
o RIS BIERTTE H BRSO 4 7T SE I 7 5 R SR Bl M 2R T s 50 H SR R e T
FRUEMRRMRESHEN M EREERI, FRTETEETTHS SRR R E RS RGEMN, W

e 76/179




BOURIRER S RIS RAEABRRTE, JA3) T TRLSS: ST @ 2 VR xS I 5 B s A (5
RILAT AR GD AR A4, SRR LI SE, ST RUCREE =dn, UM A E A
THeT200%Lh b, KEITRU6S:; JEHTUE SR, H4EA7 3 T KM 5 R AR AL R0 5 4
AN, FEKRAE TR, FRBERSE=90% RHR<%, AFITRLS.

4. B S BT

F5 e et AT 4] NIFLE) KR
1 RO26LEERH A B 2026-12 SEHATFASE
2 RO2TEFERBHAM RIS 2027-12 SEIATFAFE
3 ROSEEREH AN BIRE 2028-12 TEHA AT A%
4 RO2OREEBREH AR 2029-10 HESAFF AR

5. ZH IR

(D HIERBERMAM, BACRBEFR M, Btk

(2) HERBZERSHE; (3) REZR®

X4k (@) BIFEHRA12-144.

(Z) BUE KB fair kAt e e
RiHFHHERAN (i, BETERKRSE) | £
RUTHWAB (ije, BETHBRRLEE) | £

(=) T B HALTr1ehn 8

ZPraE: HEIATIREEAR, BUE TR RR AR Rt k2000l b, & 2R EILE T 4 R
BN TRRAE0%, AT S5, BB 228 T AL

(IO B B R v

s | fRIRAR

LI B TR ARME/
K&

FHITEAME/RES

SE I TR AR AE /RS

TR O
Bt T8

1 Rkt

JEH EE=15° , %
R =80%, 4
FER<L10%, BHAF
WEE=2. 6m, F
N &Y PN
THRTF80%L £, H
SEHHER<10%

TS EE=15° |, %
BOR R >85%, 2
FBEE%, AR
W >3, 5m,
WAL R R AR EE N
TRFF150%LA E,

SRR <10%

e

T B =20° |, %
BOREE=90%, &
B, RAFR
W =4m, Rk
e A LA T
B’F200%LL |, B
LG R <8%

BHRWIERN. H
PIHMER. 8=
77 PR 5

2 KEH

/

21

414

BRFEBOEHEZ
HE A

3 w3

25

458

BERRILICAICE
SKHE A

8/19

77/179




Bf 2 AR

/

1

3

B E RS TIE
FEZE B

9/19

78/179




= MBMRAR. MRAERBAREE, TEUHS

(=) T E UL e e )

(1) 7282 B i 255 UG £ SRS 10 7 2k R e 5 B it I

HBRWRR G IS REM— IR, 5550 R B SR RO 4 £ 78 TF RS 4R
» TEM REMBBPE T H RN, FEORRBREER. Wb, RRSATH 5S 5 R R 5002
ERBEZE L RLIRE/DN, PREMIRMAR . AT RIS SRR T E AR AT S R
U175 BV AR ST B BB B T RIE R R I S R ARHE S R fifitt, SaRaTK
RENARREEN, KRS RECE RO E AL, FP iRk XS E R B, AT RS
S ES A i

(Z) BEMEERAARE

(1) FE B8 AL S R R AT R
@ 751 E R B RO AU & 1)

B BRI RCEA A LS RRSEN L% . RS RS HE, TR aE
P01 7% B RSB A QRIS 57 R RARE SRS A, SR AR A
, QUL 2 Rk B RT3 B 75 B A R ) R B 5 2 RO — M D B B
L e IR B R TR B FHURMR R BB T R s T e
LT R B 5 A e B 1 RO E AU, PSR AO Reh RSTE R , SRIERBIGTY
A B RIS, USRI B AU AR LA T4 0 S AL, TR LT 5t 33T 8
TR AR

@ BB M S-TR A S AL RN TR 5 |

U ZHELB R TR, HFRMEEENE, FRRB-IE-BAZ D RELEATI . Hgkh
RUCK & SURRARE RN I AL RS, RILNTRSBAS BT, Ahs R
PRI, TR EAUEL BRI SH AL NG, WS AL 5 SRR, SeOIET %
BRI R — AR DAL —BLbe, (255 SN VEIN AT, TR Z LR Rk
e e S R Y |

(=) TiH REUKIBE T T7 5 AR B 2%

(1) Fe gl 7 A5 e R AR B B R WU - BRI R

BB e 2 R S R A AT 07 7 P BRI R B R B, B I 5 A AL A% 8 S R A
= R HHE R RS A ER, RAE S/ SE60 4 B HEST R K5 B 2T B AR E, e
SRR BARAE, T RS [ R AR SRS RS SRAH LM 25 R AL, AT SRR BB 2 B 1 1 38 2
i RE, Ryl RIS S5ELSH.

10/19
79/179



B AT S, BILRM-BEE-RRELE R, RIEREDFRME. BT RPEFEMSNELL
EHH], BILE—RZIURESHR MG T B SEEWAES SIS, Bt mSESHE
B o AR 5 RIS, BT R AR AR S R R R AR B 5T

(P9 FZAH R

(1) 2T 5 25 BRRE 5 5825 AT R VE R B 38 L0 7% B X 3 B A SRt i R

I W BRSO IE B8 RGN, Bevh B TR 18 & 077 77 D i O B s B
IR MEMRIR R B I TR A RS SER SRR T 2 R e AR RSB RR, e d 2 e
ST LA R SR SR B RCE RO E, BT RIS w WA B R AR RAL T AR 24, T RUCRENES
HIER AR, H—SRERIELRE, X BRI R R SR SR R R R, B SR
Pk BREN— AU ERGEE. Bk E R S5 E R, B3RS R KT R
BB, FRARUGE AR RS iE 3 7 ), > RS R . BT T T LA IR IR S SR AR T
A, TR B EERFUR 775 7T 5] URR K R RSB A B 8187 5 1 o

(2) EERR b BSR4 —-37 RS- I BR R I B R L R 42

ATRIE RERFMH TG — . SRR E 2 BRI RIRYE, R 077 Bl B8R
LSRR 2R — AL i RIE LT 56 B B MUK S 1Rk Al,  SEBLE B L) 3t 60 AL R A8
WA BRARIR R AR . ZAUH AR R FEL R G RE BE RGN, S5 70 45 R 4G P 4R
RIHUBR I -4 RIS -SRI AR, R R SRR G, AR RE B AL
A RMSCREAR 170 L

L 80/179




M. 1 E 2RI B B R

(=) BiE#IERTE: 202548 118 01H % 20294F 108 31H

(Z) BUE Ltk B K B E 2 B AR

T8 H 3

2R H 3

EETHEAR

EAIERR

3R

2025%E 11H 01H

20264F 04H 30H

O R T 475 T SR VAR
1k B Rl e B 4
U5 Bt

e TT R
AT AT AR 2 BT E

SE i 77 %

20264F 05H 01H

20264 104 31H

Ot R4 7% Bl ik X 3
AT WAL IS 1 1
Bt '

1) T RRER AR 4R
Bl R e B AN 7
ek E

2) HIELF11F,

TR, FEREAMR

R o

20264F 114 01H

20274E 04H 30H

TPRHE T Rse2a
RAAE BRI
ke B 1Y E & R
RBH .

1) TR AR
1] 2 23 [ 3& LA 7
ERAR.

2) HIELFI1E,
RERL1ME .

W, T,

20274E 05H 01H

20274 10H 31H

MR T R RE
i A e B 5
Pl M S e B i
R ML AL B AT, 58
FRRMSC 2 26 X SR
BRE Rk - AR
~RE” MR RGE
JR R

D) TE AT A 3
B 5 Fl R E
) B AR e 2 ) B
V% o

tF, BRI, RE
W1 .

2) HIERAFZEERL

W30, BAFE R,
BRI S .

20274 114 O01H

20284E 044 30H

Tt R T w55
RO RER M % 5
ARER G EER
JBH A SR R T
1.

1) T Ry T el =X
7 B e R %

2) HIEEF 14,
KBRS .

WX, T

12719

81/179



20284 054 O01H

20284 10H 31H

1) TR % Bl =\
7h IR R SR %
F7 SR i PR 83 2h g 1k
¥, SERCRYAR L
ZHIIMA TR

2) JTRRUWHE %
SRR &R
Hip 4 Lk SRS AT 7T
o TP BRI
R R e
CECEV E78: vy
SRR MR
RAE.

1) TR BHUAL
K- EE-FRrar %
WL A SAE 5
5 W R P2 ) S

2) WAFERLME
 BRWXIE.

W, AR
» BRI

o =
=1 o

20284F 11H 01H

20294F 04H 30H

D) FFRZHLIFER
R Gk E L

2) EEMAENHA
, BEIMARIRTEHES
EEIP

CSE R (AN

1 3 A AL

00294E 054 01H

20294 10H 31H

1) FREEIE R AR
v B EBHAL
PRUEAL R o

2) BT H PR 5
Bl FERSCRIR S,
R STIEL I

SERCI B BBk
HAITE MR B R
A EE TAE.

LR HE IR
ot R 7

13719

82/179




I AIRFERR, RREERAENE DR

ﬁﬁ«*%A%%ﬁEéﬁ&»\«*%A%%ﬁﬁ%ﬂ%»\<¢%AE%%E%¢&&»%H%

&%&ﬂ,u&ﬂﬁ%«%?M@%ﬂﬁﬁ%%ﬂwﬁ%%%ﬁ%ﬂI%%%?%m»mﬂ%,$WE%
i?ﬁ@ﬁgﬁé@%w,ﬁﬁﬁﬁ$%ﬁ%ﬁﬁﬁ*%&%ﬂmﬁﬂ\&%&%Wﬂﬁﬁm,&%HF
> ITEHE:

%mE%ﬁﬁ$%mEZW%%%%%%F&&E%&EE%E%ﬁ,Kﬁ%ﬁ$%mﬁﬁﬁéﬁﬂ§

2, NE AR TR, Rk AT A B B S TB T S SRR Y
B8, SEETRTEOFAREERAMAR, B, Rit. 8. B8, R0, SARE. WAL, B
iR RSN, RERGTDERR, SRS RERE. &SRR T A £ 7 S B
RRLT, SKATAL.

3. F I FARGL (5 SRR T AT TR BHEAL, RO AIR =B T
4 FEXUE PATIRR, 4507 8 ST P BB R SR BL T SR AR Hi

X2 RIS 4 TG SIS R BRI AARAL, 07 B

122 75 HR 7] 56 PRI R R BT R PR AU B 8 7 S I . SRR AT A&, (R — R
H 1 56 =7 Al 3E R B BRI AR P AR B B R SRR BORAAUR], b, 282, B
IEPREES, HIATRTLE.

o. XMTIAMBAR, #LMIFA B LR, FERBARFEQNAFIS, BHEFHASZ, A
1 iy it 2> BE 77 SURLTEAB SRAT N SR AT 2 o

14/19

83/179




LN
74 WAl R RS ERFR AL FET B FR R AES [FTE AL
O B G Cid IR = 2 75 BB Ak SR Wi 38 A e R AR ML R A

EE2 /NN %5

iva
FEFAFREAR:
4 P ] ERy ER% HHFR =2 ZE T B K 3E E‘]’fi%’ FﬁE$'ﬁZ
HaIHE [ KB BT ML O RESEE S REEHEERT R RILKE
A B i Bl [ REEE ST R A K
a2 5 T REVE WE (TR E SR e R K
o B " RIS WL WIARARCE AL R AR K
e 5 TG RER Wit BRI EIE R CAY S
T B ot REE Wit AL R ARG R LK
fgRE |5 7 RIS R EVWE BRI g ARV K
xXEw  |B W5 REE L BB S HBERITR g RO K
sEm |5 7 REE FEE BRI A BRI S R AR K 5
s 13 £ eEE 22 iﬁﬁ#émm%aﬁﬁﬁ%ﬁﬁﬁﬁﬁﬁﬂkﬁ
K |5 TG R L PURR R & K E g R K %
R B 7 REE Lt EHRACREILE A RERR R
WA B W REUE Pt B REWISE MR ALK
RERE B o REE L A Bk R B R RGOV K 2
IR IE Pib RINB FL BENTERERA R RO K B
F i % REE L AR RE R e wg Ol K
N | G KRIE Fd BEAREEL Herg AL K

15/19

84/179




RIS Pt NS B BR BT R A

RIE [t NS KBRS M R R K

RGBT BN S KPR BE MR e R K
16/19

85/179




t. KBWE

IR RIS (R AR

HRWH: LAFYIRIGTE AFL A E R AR, B ECSIEE—EEE AL SERARIE A
ZALHACHD 5 B AL 3 B 0000000007 ;

2. BN N B TR G AL AL TR — B

BN A TR Hr R KR F
HYINAARY 10564
BABEREAMS | HaT
\ &, HEW. BRRE | #h (6. e, B i (K. 1
W AR
& I"RE T R X
e N =
l% E {5k ) oaRE) o m o xR 483 5
= HI B e i 510642
W7k 5 3602-0026-0900-0310-520
LT P FR R R K%
FFPERAT (EFRD Hh B TRERAT) M FLL AT
w4 R
EZEE
i T R K
4 HL 155 A5 FHL5HG
9; HF R 4E n | MRBUERAY
F BEHEE | ] TR L 483 5
A 2z BT 7
W45 31 H BTN sl
H 15 5A5 FH 5
HL T R 4E
171719

867179




R R

EWALL: T

WiHBZH BRI BRI 4
Y& R 2R F& B 2R Fi& i
1. HE 89. 00 HTOH &&2. %A 89 00 RATIE &R, WEHmE
% ' HBEA R RAS H ' BN BIRRA S H
g;iﬁ 0.00 T 2 0.00 o 2
TR A5 0 T . TR AT, %
(2) Mk 68 86 BRELEN 77, HRRCSCER /18 BAE 68. 86 B3 71, HERSCER /(5 BAE 3G/
%% ) B/ AIRFENES, 2/ 4 FARFERLES . W/ EiR/E
i/ E bR S IR & brE1E 53T
AT 55 H KR E R
(3) H R BN R P55 3. & AT 550H W R Kk
BALR 13. 14 FEWHR. NRFRLUKITE 13. 14 BB AR5 5 UK LR
TR 8 FH I 7E N R 95 45 B 4 57 KL
H
2. B8 18. 60 HTgaxd. S8FEHM R HTFSH. S AMmE
Gdi] ' HoAth I3 R A5 %8 Al S0 ‘ b ) 2 A AN 25 28 D S
%Qéﬂ 2. 60 T E 58 2,60 T H A
(2) & R AT I TS
94 6. 00 A 6. 00 N EE 2R ST
(3) H
fih 181 8% 3% 9. 40 T HoAth [ 8 A 37 H 9. 40 T 5 FeAth ] 82 A S H
= .
&it 100. 00 100. 00
SH A 7 U B B R U

1. W& EET. NRBHEBERT
2. BREW M A B BRI S H,

3. MK B WAL IN T2 HASSCHR/ 15 SRR/ MRS 3 &/ Eik/ ERA1ESME. 550
H8 S BRI &M B B4 R RS,

4. BRI BRHL RSP I AR A Sk (ERRA-R& ) 0% E, Hhi&%80. 006 7T,

HERESBNEIL UL :

T

18/19

87/179



I\ BHET

THAMBEBA:  EERILRE (#H,
WHENTEN: _FH

TS & 12A 25H
RERERA: HERWLKE (5, BAEA R AN )
AT _ H W

L 88/179



SCAULIB202625128

e ZRUERA

%ﬁ%ﬁ?ﬁ?@%ﬂﬁﬁ.Mﬁ>%ﬂ%%%%H%%ﬁgﬁﬁfﬂﬁ%@m%ﬁﬂzm@ﬂﬁ%ﬁ%%ﬂ%o
F ) ; . .
. RETMRREROERE WL - RS
i EEHA Ve SO AL | AR 2 5T
B WILLIR i/ TG EHE P fr | LA B B X
TEEE TRANSACTIONS ON
INSTRUMENTATION AND
il TREHEAR 2K
Simultaneous Task Execution and MEASUREMENT N E [F2-year=5.9
- FLFEEE | EEARR Top #ATI: &
1 Formation Reconfiguration in HRAEE: 2025 Ak . SCI IF5-year=6. 0
o : E& TRE%h oA #ATI: 5
Multirobot Systems B 74 UG - (2024)
! (2025)
RS 7505912
HERZER . Article
FRONTIERS IN PLANT
SCIENCE
YOLOv8s-Longan: a lightweight tHhReE: 2025 )
: : eSS
2 detection method for the longan HERH 3. JAN 22 WEEE A% _ el
. o TREYk
(ruit-picking UAV HEW. 15 . - s
Journal
SCHRE: 1518294
(2025)
SCRRZEY. Article
AGRONOMY-BASEL RHEE 21X
HPS-RRT#: An Improved Path Planning L IF2-year=3. 4 o
difilH: 2025 m ey INEE Top #ATI: %
3 |Algorithm for a Nonholonomic Orchard BEMEHE | AZE ? SCI IF5-year=3. 8
HAR . MAR 14 TR bi OA H#iF1]: 2
Robot in Unstructured Environments F (2021) .
#HW. 15 3 UlhY: - FRiE: Mega-

89/179



Mﬂ%dﬂ% T12 Journal
TR, Article (2025)

90/179

R 5
HiRE: 2026
S H#A: 2025-10-15

IR TEAB DA RN RGBT R K
1 15425 g—EE |CK | PRV % x
% AR
H#A: 48 05 Jihih: 1-8
RS

SCHREAL: AT ST

SR 16 LR R S X TR (R RS SOR I SR G ) K.

e T A IR A, IR R

?@ﬁ; ﬁ,mu\w
\2 2

h W
N m\\ /ﬂ/,;, /& \»
Wi y

»155%%\%



SCAULIB202626719

1o FRIUEEA

%ﬁ%ﬁ>ﬁﬁ$$ﬁﬁﬁ_M$>%ﬁ%%%%Hm%$Mﬁﬁfﬁﬂ%ﬁﬁ%ﬂﬂﬁm%ﬂ%Wﬁ%ﬁﬂ%o

5 % J \
’ KERAMEREWERS WL 5 FRE R
),
B WILAIK 1/ TR EEHA ﬁﬁxﬁﬁﬁﬁﬂm_§Wﬂ% EmET X
Smart Agricultural
Technology THEE 2K
An autonomous obstacle avoidance and IF2-year=5.7
HAREE: 2025 HRg R K Top #AT: &
1 path planning method for fruit- . BIMER YRSy & IF5-year=5. 7
HH. TS, - TR . 0A #AFI: &2
picking UAV in orchard environments (2024)
XS (2025)
SCHRZEHY
R BRI RS KTk (ERRL AR TR GRAT) 25
Hi 2 T P AR 28 T, RS T N KON\
[ AEER NE,
BRI KA B

W

=
=i
s
\

/|

Jany
b=

!
|

I

.
i
@

91/179



[RZ& 8 KEFIE]: 2025-10-15 15:25:48

P48 1 R Mib: hutps://link.enkinet/urlid/231233.5.20251014.1448.008
Pl AL BF 3

Journal of Agricultural Mechanization Research

ZFHATANBERARRBRERIITSRE

FEIEER', ARELEE', FWLRiRt, AR, MRER, MfEat, & /b
(1 AR RS TR, M 510642, 2. IBE IR BE S5H AT RELEE, M 510642;

3.0 R AR S EE ALK E, Jb 100083; 4. FWINHERFEARAIRAE, |74 HYI 518000)

B F= b TEUA DU AR B SRARL A AANTE F T e R e el Ll 5 el o 755 K5 g BR S IR KCR ISR A 55, 51
AVITE AL B Sl a8 A 25 P R BLES N, 458 TR MR AR AR PRI AR A X, 3 Y 1 T J0 AHILAGFRPR K SRR 3 SR, 1
H T EBXTNICR ARG . WX T AWLSh e F s A6 s it b 17 JE AMLE O #8 AR A7 i
N BERGT AR TS SRA TGN RATALRE B RZ s [R]HAR G SE BV L 55K, Xhs BOC N S Bt AT AL J+4s 5% T
YOLOv8s Sk AT FARBUN Al G WOGTR IS 5 IMU B ST 1 g R e A7, LA R RE Tk A™ BTk AT ih B AR R, £
PID Pl de b A7 AT S A B[R], SEBL T R4 R SR B Akl HHE) IR 45 R 12 R 47 R G R bl VD3
S AV B VLT, B S AR AT I 3.2 my fERFRE A MF T P AR R A — IR A R IR 66. 78 s P42 KA 2

N 64% , ik T BT AN R TR RS B BRI T, s PR HLES A B35 TR T 2%
KRR ERRRE: BRKR: REESITER: EA%E; AEME

hE 4% E: S225; S252 XERARERS: A

TEHS: 1003-188X( 0000) 00-0000-00

Tt BRI, ARBIURE , AT, 45 AR EONTE MUK RN RGBT 5188 [V ], RAERTTE

SHI Linlin, WU Kaixuan, ZHOU Haobo, et al. Design and experiment of vehicle—mounted UAV cluster fruit harvesting system

[J]. Journal of agricultural mechanization research

0 51 &

AR T MR S A PR SR v ] g 7 g s [X o
I TR, HERAR Jr 20 32 EARME T N TR A 1 4t T
WoER i # , B N T RAS B AN Wi s Jin 0 55 3h g e ke )
SR Y O RTINS Ay QD S e R RIS L
NI PIAMIF Y B 2B T £ R 1 R A L
PR R Al R 2 T K 1 i X B TOR A HL 2
N RO fig & TREH ARG AU B 0 4
RFRERAHLEE A ST 2 R TF & 1 30 =0 iR
MHLERA o HHTA RS SR HL A AR ZH 3K
W SR RER R SRR, AN FH 8 R SR AR sl 2 10t SR
bl R AR AT 55

AU, JC LI AN 52 R JE 1 ol 3 52 45

s EHEA: 2025-02-14

E€mHE: HFRAKFBFILETH (52375094, 62303188) ; I m AL R
A Bk 5HEART R4 L8 = A E (( NT2021009) 5 E K 7%
KM AR B0 B ( CARS=33 ;. “HIUIL”) HKE R
BHEBIHT TR F B0y 1 “48 85 H: 0 7 3T H ( 2022SDZG03) ; 4
B Ay e Az A SRV IR H ( 2023B10564002)

BB HEIRTR(
scau. edt

WlEESE & H(

scau. edu

AAFRRA LS, 1 AE Ot 25 A8 0 B 37 A AR 4 s D0 55
A A P4 B 1Tz T o X B T AL HE LA
S el AR RS SR A7 B4 XL, R D ALY e =S Al A
R A B sl B AR 1 25 TP SR AT AL AR — i)
i)y 56 . BRI RS20t 1 —Fh TR 40
BB NTE AN IR B TR 23R T — Al kR
WA JC AP BT FPAT S RHIL 2 W) R A AR X
RAM TR S 5 25 A 5 SR AR, (F O 28 P TR 5
ARA I AMLICIE 6 R R BT K, PR T A Al
SRAW RN . T HL, [ A B i B SR 4% o A HLEY
SRR A I A 7 A 1 D SR A LR 7 ot B H AR 7K
SRGRATG , B X AR R RAR JC AL BT I 2 1 R
F

R AU DA AR 2 8 i 1 3% 3 R A AL e A Hfe
DASK g RS HEAT 4 R 76 SR 4 180 X, SR R S G
NFEAE I RATITC AN B RE IR, Bei T T —Fh 40000
INAUKRRAH LG8, 2 DU L) IR AR SR A e IR SR
FRSRAR , LA O 22 0 AN BB ] R4 A oMl B9 Tk 2 3
2% .

1 BEElE TIERE

1.1 B4
TR T ALK AR R 58 i R A KA HL A2
BINEH R, BIEGEaE 1 frn . B s 20k
92/179



R AL B R

N DR RA JC AL SR AR R - 15 R R 9, SR 375 6 AL
AT A AR R AW AT 75 2 BT T R AR A R K R 1 B
e R o Z8 Gl ek A7 24 it THABE B S B A 90 A0 42
i & I SE I AL, DURR ORR A JC A HLALZ 206 4 18]
(9 Bl R Ll o

o
S\ .r' 4
SR v g v, e

L B3N T; 2. RFWTLAML.
K1 AT NAKIERA R G451 14
Fig. 1  Structure diagram of the vehicle-mounted unmanned

aerial vehicle (UAV) fruit harvesting system
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Table 1 Machine technical parameters

S8 LA £ 1A
YEAVIEE ( 2FA2) mm 2200
HNE R (Kex 5 x5) mm 2 500x1 400%1 400
I RCH Sy g (°) 26
PRy i kg 45
R R R kg 0.6
i) min 18
el ey 2 m 3.2

2 XREIMHI

2.1 REEXAM

KAH T AN 220 3 T8 AL SR A AT 7 1A
FEA G AL AR BT LA, an il 3 B, TS B B b
5 SR A ) S A7 R R A

3

1.T265 ##L; 2. AWML 3. RGB-D MI#L; 4. RimHITHE.
B3 KACRIE AN

Fig 3 Fruit harvesting UAV structure
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Fig. 4  Overall layout of multirotor UAV
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Table 2 The power performance test of the unmanned cargo vehicle
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Design and Experiment of Vehicle—mounted
UAYV C(luster Fruit Harvesting System

Shi Linlin', Wu Kaixuan', Zhou Haobo*, Mai Yuju1 R
Lin Hengyi', Chen Hengxu', Li Jun'?*’

( 1. The College of Engineering, South China Agricultural University, Guangzhou 510642, China; 2. Guangdong Labora—

tory for Lingnan Modern Agriculture, Guangzhou 510642, China; 3. State Key Laboratory of Agricultural Equipment

Technology, Beijing 100083, China; 4. Shenzhen Lanhe Technology Co. , Ltd. , Shenzhen 518000, China)

Abstract: Due to the existing picking robots represented by robotic arms are not suitable for picking tasks in tall tree can—
opies or cluster fruits such as litchi and longan of mountain orchards. Introduced an aerial picking robot with UAV as a
mobile carrier, combined the growth characteristics and planting mode of longan, proposed a cluster—based fruit picking
strategy based on UAV, and designed a truck—mounted UAV fruit picking system. Through the calculation of UAV power
components and the structural layout design, the influence of gravity shift of UAV and turbulence generated by cyclone
during low—altitude flight on the stable flight of UAV was reduced. At the same time, according to the actual operation
requirements, the structure design of carrying unmanned vehicles was optimized. Combined with target recognition based
on YOLOv8s algorithm, mapping positioning based on LiDAR and IMU data fusion, path planning based on improved A"
algorithm, PID controller for flight control and other modules cooperation, the automatic operation of the picking system
was realized. The field experiment results showed that the system had good operation performance on the sandy surface of
the orchard, and the maximum operation radius could reach 3.2 m. Under certain conditions, the average round—trip
picking time of a bunch of longan fruit was 66. 78 s, and the successful picking rate was 64% , which verified the feasibil—
ity of autonomous operation of truck—mounted UAV fruit picking system, and provided guidance for the design and appli—
cation of aerial picking robot.

Key words: hilly orchard; cluster fruit; harvesting actuator; unmanned vehicle; autonomous operation
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Simultaneous Task Execution and Formation
Reconfiguration in Multirobot Systems

Xuanchun Yin“, Member, IEEE, Huabin Hu", and Linlin Shi

Abstract— To combine the advantages of multirobot task allo-
cation (MRTA) in teams and formations, we propose a novel dual
task allocation approach for multirobot formations. This work
ensures that the task execution of a single robot and the formation
reconfiguration of multiple robots are carried out simultaneously.
Considering these two scenarios, the Auction and Kuhn—-Munkres
Algorithms are used for task allocation. The former is used to
assign tasks to suitable robots, considering the type of task and
robot, and the cost of a collision-free path. The latter assigns
the position set of the desired formation to the remaining robots.
In addition, to adapt to the dynamic changes in the number
of robots in the formation, the formation structure is redefined
through the graph theory. Finally, this method successfully solved
the formation reconfiguration problem when the robot left the
formation after receiving the task or returned to the formation
after completing the task. Simulation results show that our
approach can achieve the desired functions while ensuring the
stability of the formation and has a certain scalability for small-
scale systems.

Index Terms— Formation control, graph theory, multirobot
system, task assignment.

I. INTRODUCTION

URING the past few decades, multirobot systems have
found widespread application in both civilian and
military fields, typical applications include cooperative local-
ization [1], [2], motion capture [3], surveillance [4], search
and rescue [5], cooperative manipulation [6], and mapping and
exploration [7]. To complete complex tasks more efficiently
and quickly, multirobot systems require a group of robots
with different capabilities to collaborate. This is because
multirobot systems with multiple functions allow them to
achieve a wide range of real-world objectives that would be
challenging or impossible for systems composed of identical
robots. By leveraging the unique capabilities of each type of
robot, they can work together to complete tasks that require
diverse skills and expertise.
Multirobot systems, comprising small groups of robots,
can be classified into two main categories based on the
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nature of the interactions involved [8]: team and formation.
In a team, each robot competes with one another, aiming
to minimize its local costs to achieve the goal. On the
contrary to a team, robots in a formation always cooperate
to complete some specific missions and maintain the consis-
tency of certain robot in formation through communication.
Thus, the distinction between a team and a formation in a
multirobot system lies in the varying relationships between the
robots.

In addition, compared to the team, formation needs to
consider the formation and maintenance of the desired shape.
In this article, the consensus theory is used in the proposed
method to maintain and control the formation connectivity.
Consensus is the process of reaching an agreement on a
common value or state among team members through a
communication network or sensors [9], [10], [11], [12].
It successfully achieves the goal of formation assembly and
keeping. However, the scalability problem in formation control
is not considered when the number of robots in the formation
changes. This can be divided into two scenarios: one is the
passive process of robots passively leaving the formation, and
the other is the active process in which the robots leave or
join the formation due to mission requirements.

For example, when some robots within a formation lose
communication with the formation due to a fault, it results in
a change in the number. Cheng and Wang [13] considered this
situation and investigated the fault tolerance ability for multi-
robot formation, allowing their model to continue completing
the given mission by reorganizing the formation when some
members fail. This article studies the passive process. In [14],
an active process has been studied. The authors proposed the
Veteran Rule to solve the scalability problem without changing
the control parameters/gains in the whole formation system.
In this article, the active processes are considered, and how
the formation shape changes when robots leave or join the
formation is studied. Based on this, the terms formation and
team are reinterpreted to fit this article. Formation refers to a
group of robots that form a desired formation and accomplish
a specific mission as a whole, while team refers to a group of
robots selected by the task allocation algorithm to leave the
formation to perform some tasks.

To achieve superior and efficient performance in both team
and formation, the most crucial step is multirobot task alloca-
tion (MRTA) [15], [16], [17], [18]. Multirobot systems achieve
complex tasks through MRTA, which assigns tasks to robots
according to their capabilities and improves the overall system
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performance by optimizing the overall objective function of
the system.

In teams, MRTA aims to reasonably allocate tasks to ran-
domly distributed robots throughout the workspace so that they
can achieve optimal or suboptimal solutions without conflicts,
cooperatively or competitively. This enables multirobot teams
to perform multiple tasks simultaneously. Mayya et al. [19]
present a centralized resilient task allocation framework for
the heterogeneous multirobot system to ensure that each task
is assigned to the most suitable robots in the presence of
external perturbations. To solve the simultaneous multiagent
task allocation problem, Wang et al. [20] designed a novel
consensus-based timetable algorithm (CBTA) to meet the
requirements and minimize the average start time of tasks.
In these studies, the authors focus on task allocation without
considering the problem of collision-free path planning to
ensure that the robot reaches the assigned task. In real-world
scenarios, multirobot teams balance minimizing overall cost
with searching for collision-free paths to obtain a conflict-
free solution. For example, in the multiagent pickup and
delivery (MADP) problem, Chen et al. [21] designed the
marginal-cost-based task assignment algorithm (MCA) and
the regret-based MCA (RMCA). These algorithms can per-
form task assignments and path planning simultaneously by
using real collision-free costs to ensure that each robot
can carry multiple packages at the same time. In addition,
Forte et al. [22] proposed a comprehensive framework to
address the problem of multirobot task assignment (MRTA),
planning, and coordination for heterogeneous fleets of robots,
which are subject to noncooperative tasks posted online.

Similar to teams, MRTA benefits multirobot formations.
Specifically, MRTA ensures that the reconfiguration pro-
cess is carried out efficiently and effectively by assigning
locations to the robots based on their state and proximity
to the desired positions. Michael et al. [23] proposed a
distributed market-based coordination algorithm to achieve
distributed formation control and merging and splitting of
groups. Gao et al. [24] proposed an adaptive hybrid particle
swarm optimization and differential evolution algorithm to
decouple the problem of multi-UAV reconfiguration into task
assignment and control input optimization of UAVs. The path
planning of the multiple unmanned surface vehicles (MUSVs)
formation reconfiguration method, which considers the opti-
mal allocation based on both total distance and simultaneity,
is considered in [25]. In essence, MRTA plays a crucial role
in multirobot formation, enabling the formation to adapt to
environmental changes and task requirements to achieve the
desired configuration efficiently.

To combine the advantages of MRTA in both feam and
formation, in this article, we propose a novel dual task
allocation approach for multirobot formations where different
types of robots have different capabilities and can only perform
homogeneous tasks. An illustration of the proposed method
is shown in Fig. 1. In the multirobot formation that has
been assembled and is executing a preset mission, there are
a total of n UAVs, including one leader-UAV (L-UAV) and
n — 1 follower-UAVs (F-UAVs). As a central server, L-UAV
is responsible for planning the path from the start point of
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Fig. 1. Tllustration of the proposed method. A group of UAVs assembles into
the desired formation and moves across the workspace. When the tasks are
released, the formation selects the UAVs to perform these tasks using the first
task assignment algorithm. Then, after the second task assignment algorithm
assigns the desired positions of the UAVs in the formation, the remaining
UAVs initiate the formation reconfiguration to form a new shape. Finally,
once the UAVs assigned to the task complete their tasks, they return to the
formation and resume an initial shape with the other UAVs in the formation.

formation to the desired goal and assigning the tasks and
inner-formation positions for suitable F-UAVs. It is always in
formation and is not assigned any tasks. Contrary to L-UAYV,
each F-UAV follows L-UAV by the consensus-based leader-
follower formation control strategy until they are assigned
tasks. When the tasks are released, the Auction algorithm [26]
is used to select the suitable F-UAVs to perform them. Then,
after the Kuhn—Munkres algorithm [27] assigns the desired
formation position to the remaining UAVs, the formation
reconfiguration is triggered to rebuild a new shape. Finally,
when the assigned F-UAVs complete their own tasks and return
to the formation, the formation reconfiguration is triggered
once again.

In simulations, the results of the proposed method under
different undirected graph topologies are compared. This
demonstrates that our method ensures formation stability even
when the number of robots or tasks changes and is scal-
able for small-scale formations. Additionally, it ensures the
realization of formation reconfiguration when multiple sets
of tasks are released asynchronously. Finally, the proposed
method is implemented in a UAV cruise scenario, proving that
it can be used in complex scenarios and efficiently achieve the
desired functions. The major contributions of this article are
summarized as follows.

1) This work is dedicated to solving the problem of for-
mation reconfiguration when robots leave the formation
after receiving the task or return to the formation after
completing the task. To ensure that the task execution of
a single robot and the formation reconfiguration of mul-
tiple robots are carried out simultaneously, we propose
a novel dual task allocation approach for the multirobot
system by combining the advantages of MRTA in teams
and formations. This method can be applied in complex
environments, effectively combines the advantages of
teams and formations, and improves the efficiency of
the system.

2) The formation reconfiguration of the proposed method is
triggered by the change in the number of robots within
the formation, which is achieved through a redefinition
of the formation structure according to graph theory.
This method effectively ensures the formation stability
by maintaining the distances between F-UAVs and
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L-UAV at the preset value both before and after changing
the formation shape.

The remainder of this letter is organized as follows.
In Section II, the necessary notation and theory are provided.
Then, the algorithms of the proposed dual task allocation
approach for the multirobot formations are presented in
Section III. In Section IV, we conduct simulations to test the
performance. Finally, Section V concludes this work.

II. PROBLEM FORMULATION

Consider that a group of robots randomly distributed in the
workspace assembles into the desired formation and moves
toward the goal. Once the tasks are released, several suit-
able robots are selected by task assignment to carry them
out. Subsequently, the remaining robots form a new forma-
tion through formation reconfiguration and keep it until the
assigned robot returns to the formation and triggers formation
reconfiguration once again. Note that as long as the robot
can communicate with the leader robot, it is considered to be
within the formation range. However, being in the formation
range does not necessarily mean that the robot has returned
to the formation, and other constraints must also be met.
Each robot can only perform specific tasks due to its limited
capabilities. Moreover, each robot can only be assigned to one
task per task assignment. Therefore, the instance is considered
an online single task, single robot, instantaneous assignment
(ST-SR-IA) MRTA problem [15].

A. Formula Definition

We use R = {1,2,...,n} to denote the set of indices
of n robots that are initially randomly distributed in the
workspace. Then the F-UAVs are assembled into a desired
regular polygon formation using a formation control approach,
with the L-UAV at the center. Each robot is identified by a
tuple r; = (s;, h;, f;), where s; represents status information
of the robot i, h; represents its type of platform (implemented
function, carried sensors, etc.), and f; represents the return flag
of the robot i. f; = true if robot i is returning to the formation
and f; = false, otherwise. When the robot is removed from the
task execution list £, f; is reset to false. Let ¢, be the position
of the center of the formation. IT = {1, 2, ..., m} denotes the
set of indices of m randomly distributed tasks that are executed
by robots which are specified by task assignment. Each task
is identified by a tuple w; = (p;, h;), where p; represents the
position of task i, and h; is its information on the type (of
robot needed to complete it).

Let £ = {l; € R} be the list of task execution, denoting
the set of indices of the robots assigned tasks. L] is the
cardinality of £. F = {f; € R} denotes the set of indices
of the remaining robots in the formation, which is initialized
to R at the beginning, indicating that the tasks are not released,
and all robots are assembled into a desired formation. |F| is
the cardinality of F. In general, 7 = R/L is the different set
of R and L.

B. Task Assignment

The scope of this article is limited to scenarios where
each robot is capable of assigning and executing only one
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task at a time. This article does not explore the possibility
of a single robot performing multiple tasks simultaneously,
or the possibility of multiple robots jointly performing a task.
We define p;; to denote whether task j is assigned to robot i
or not. u;; = 1 if assigned and w;; = 0, otherwise.

For the multirobot system, where different types of robots
have different capabilities, each type of robot can only per-
form homogenous tasks. To ensure efficient task assignment,
a robot-task matching matrix, denoted by O, is created, which
outlines the tasks that each robot is capable of performing. Its
elements o;; can be computed as

if hy =h; ¥icRVjell

1
0jj = ’ 1
/ [0, otherwise. =

When assigning robots to tasks, it is essential to consider not
only the suitability of the robot for the task but also the cost
of the path from its current position to reach the task. This
means evaluating factors such as the distance the robot needs
to travel, any obstacles it may encounter along the way, and
the time it takes to complete the task. In our method, the
path cost of two cases is considered: 1) the short-path cost of
robot navigation during formation reconfiguration, and 2) the
long-path cost of the robot leaving the formation and reaching
the task.

In the first case, the task type is not considered because
any F-UAV within the formation can reach the designated for-
mation position when formation reconfiguration is triggered.
There are an equal number of tasks and robots, which create
a perfect matching problem. Then, the objective function to
minimize the total travel distance for the robots from their
current position to reach the desired position is computed as

min Z Z ij - cost;; 2)

ieR jell
s.t.

Dmij=1 VjeT 3)
ieR

jen

DD K =m )
ieR jell

m=n (6)

where cost;; is defined as the cost of the Euclidean distance
between the robot i and task j. Constraint (3) requires that
each task is assigned to precisely one robot; (4) implies that
each robot can accept only one task at a time; (5) and (6)
guarantees that all robots are assigned to tasks, and all tasks are
assigned. For the aforementioned cases, the Kuhn—Munkres
algorithm [27] is used to implement task assignments and
optimize the performance of formation reconfiguration.

In the second case, both the task type and the cost of
avoiding obstacles outside the formation are considered. It can
be defined as a single-assignment problem in which at most
one task can be assigned to a single robot. Furthermore, it is an
imperfect matching problem as well, where the total number
of robots is greater than the total number of tasks (tasks are
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not assigned to the leader), that is n > m, and the number of
robots of a type is greater than the number of tasks of the same
type, ensuring that all tasks can be assigned. Otherwise, some
tasks will be idle after the task assignment when n < m. These
idle tasks can wait for the F-UAVs to complete their own task
and be allocated through the second assignment. The objective
function can be written as

min > " 1;;(0) - cost!} (7
ieR jell

S.t.
D uj(0)=1 VYjell )
ieR
D uij(0) =1 VieR ©
jel
ZZM,»,(O) =m (10)
ieR jell
m<n (11)

where w;;(0O) denotes that the task j is assigned to the robot i
under the premise of considering the robot-task matching
matrix O and costj‘JVOid represent the cost of travel distance
of the robot i to the task j to consider obstacle avoidance.
According to constraint (8), every task must be assigned to
only one robot; (9) represents that each robot can only be
assigned a maximum of one task; (10) and (11) guarantees that
the number of robots assigned to the task is exactly m, which
is less than n. Equation (7) is implemented by an Auction
algorithm [26] to achieve optimal allocation. In this article,
the Kuhn—Munkres algorithm and the Auction algorithm are
utilized to implement the proposed method for task allocation.

C. Graph Theory

The multirobot system with a limited range of commu-
nication is modeled as a simple undirected graph G =
(V,E), where V = {v,vs,...,v,} represents the set of
nodes and £ = {(v;,v;)} € V x V represents the set of
undirected edges. The set of neighbors of node i is denoted
by N; = {v; € V| (v;, v;) € E}. More specifically, the robots
are equivalent to the nodes of an undirected graph, and the
communication links are equal to the edges [28]. Therefore,
the elements of the adjacency matrix A can be defined as

1, if (U,‘,UJ’)EE&U,' and v;

are communicating (12)

aij =
0, otherwise.

It is important to note that the set of nodes in the undirected
graph modifies as the system runs, and the set of edges changes
accordingly. Fig. 2 illustrates the network topologies of the
undirected graph used in this work [20].

Typically, there is no edge between the robots in £ and
other robots, and they are also removed from the set of nodes
when they leave the formation. Given the circumstances as
mentioned above, the communication matrix C is designed,
in which its elements can be written as

1,
Cij = 0

if v; and v; are communicating 13)
otherwise.
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@ L @
® ©
(b)
Fig. 2. Network topologies of the undirected graph. (a) Circular. (b) Star.
It is not considered in C if the robot cannot exchange

information with the leader. The communication matrix C
focuses on all robots communicating with the leader in the
formation range, that is, the number of robots within the range
of formation. Therefore, |C| express its dimension, defining
the number of robots (including the leader) that communicate
with the leader directly or indirectly. However, the adjacency
matrix A considers the variation of nodes and edges of the
graph when the assigned robots leave or enter the formation
range.

D. Formation Control

The consensus-based leader—follower formation control
approach is a well-known formation strategy that emphasizes
the maintenance of a stable state by regulating the relative
position and velocity between the leader and the followers. Its
goal is to establish a desired formation, where the followers
maintain a fixed position with respect to the leader, ensuring
a smooth and coordinated motion of the entire group. Each
robot is designed as a second-order dynamic system model

Y= (14)

l.),‘:u,‘

where x; and v; are the position and velocity of robot i,
respectively; and the control input u; is its acceleration which
can be timely controlled. Here, the consensus-based formation
controller [12] is as follows:

wit) = Y ay - (x;(0) = x;(1) = %(1))
JEN;
+8- Z aij - (v (@) = vi(t) = (1)) (15)

JEN;

where ¥;;(t) = x.’;(t)—x;“(t) and v (¢) = vf;(t)— v/ (t) denote
the desired relative position and velocity of robot i with respect
to robot j, respectively; x;(t) and x;’.‘(t) are the offset of robot i
and robot j determined by the formation shape, respectively;
v/ (t) and v;?(t) are their desired velocity, respectively.

This article also utilizes the artificial potential field
method [29] to plan the path for the robots, aiming to achieve
obstacle avoidance and collision avoidance between robots.
To be specific, the attractive potential field of the goal to the
robot i, the repulsive potential field of the obstacle to the
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Releasing tasks
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| Formation reconfiguration : task is completed
Deleting tasks from : using thelKuanh—ri\l/I lunires 1 Updating task execution list £
n=1mUn,U.. ! agort ;and remaining formation list F
Fig. 3. System architecture. The system depends on three crucial modules: task assignment, task execution, and formation reconfiguration.

robot i, and the repulsive potential field between robot i and
robot j are as follows:

( 1
Ue Ka'da'd(pi’pg)_z'Ka'dz» d(pi,pg)>da
P71
| 5 Ka -d*(pi, pg), d(pi, pg) < da
(16)
[0, d(pi.po) > d,
ve=11 g .(_1 _i)z.[ﬂ(p- Pe) an
’ 2 % \dpi.p) do nren
d(pi, po) < d,
ur 0 1 i p)) > (18)
! { Kr : ed(pi,p/) _ edr ) d(l’h Pj) =< dr

where d,, d,, and d, are potential field boundary distance;
K., K,, and K, are positive control gains constant; d(p;, p,),
d(pi, p,), and d(p;, p;) represent the Euclidean distance of
robot i to goal, obstacle, and robot j, respectively. Hence,
the final control input of the robot i in the formation can
be expressed as the result of the collaborative effect of
consensus theory and artificial potential field methods, which
are specifically expressed as

ul =i ud +uf ] (19)
4 —Ka-du.n_),-g, . d(p,-,pg) >d, 20)
l —Kq-d(pi. pg) “nig. d(pispg) < da
0, d(pi,po) > d,
< ( 1 _i).dz( i,pg)_’?
00 = ! d(pi, po) d, dz(pia Do) v
[ 1 2
* 0.(d(pf,po) _d_o) d(pis pe) -
d(piv p(l) S do
(21)
[0, - d(pi, pj) > dr
r d(pi,pj
u; = Kr.e—jz.n_i;’ d(Pi,pj) <d,
(ed(pf,p]) —edf)
(22)

where 714, 11;,, and 71;; represent the unit vector from robot i to
goal, obstacle, and robot j, respectively. Equation (20) repre-
sents the attractive force from the goal to robot i. Equation (21)
represents the repulsive force that robot i receives from the
obstacle, while (22) represents the repulsive force between
robots i and j. In short, through (19), the path planning of the
formation can be realized while ensuring obstacle avoidance
and collision avoidance.

In this article, the task execution of a single robot and the
formation reconfiguration of multiple robots are considered
simultaneously. For a single robot performing a task, it is
generally controlled by the resultant force of APF, that is,

uf =

ul +ul +ul. (23)

However, for the remaining robots in the formation, (19) can
be used to express the final control input of a single robot.
It is worth noting that the change in the number of robots
in the formation caused by the leaving or joining of some
assigned robots makes the undirected graph of the whole
formation change accordingly. Specifically, the change in the
number of robots in the formation affects the communication
matrix C and the adjacency matrix A, which in turn impacts
the consensus-based formation control strategy. The details are
given in Section III-C.

III. METHOD

To ensure efficient and effective performance, the system
heavily relies on three critical modules of the proposed
method: task assignment, allocation of tasks to appropri-
ate robots to minimize the cost function; task execution,
supervision of the status of robots while performing tasks;
and formation reconfiguration, dynamic adjustment of the
formation according to changes in the number of robots
in the formation. The system architecture of the proposed
method is shown in Fig. 3. According to the abovementioned
architecture, we summarize the main ideas of the method and
highlight the following algorithms:

1) Task Assignment: The auction algorithm is used to select
appropriate robots within the formation to execute tasks,
and then the remaining robots trigger the formation
reconfiguration by the Kuhn—Munkres algorithm (see
Algorithm 1 and its description in Section III-A).
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Algorithm 1 Dual Task Allocation Approach

Algorithm 2 Task Execution (Line 17 of Algorithm 1)

Require: Robot set R, task set IT

1: // Initialize the list of task execution £
2: L <« auctionAlgorithm(R, TT)
3: // Initialize the list of remaining robots F
4 F < R/L
5. while £ # ¢ do
/I Release new tasks
if I1; # ¢ then
Ly < auctionAlgorithm(F, I1;)
// Update the list of task execution £
10: L« LUL
11: /l Update the list of remaining robots F
12: F < R/L
13: /I Update task set IT
14: M« MUl
15:  end if
16: // Path planning and task execution for each robot in £
17:  taskExecution()
18:  // Formation reconfiguration of the remaining robots
using the Kuhn-Munkres Algorithm
19:  formationReconfiguration()
20: end while

0 e R D

Require: Robot status s;, task 7,,, task execution list £, return
flag f;, formation center g..

1: fi < false // Persistent variable

2: if robot i in £ and f; = false then

3: if pathplanning(s;, 7r,,) then

4. if completeTask() then

5 fi < ture

6: endif

7. endif

8: endif

9: // Update the state of the robot that completes tasks and

returns to formation
10: if robot i in £ and f; = ture then
11: if pathplanning(s;, q.) then
12:  if returnFormation() then
13:  delete i from £
4. F <« R/L
15:  delete 7, from I1
16:  f; < false

17:  endif
18:  endif
19: endif

2) Task Execution: The status information will change
accordingly with the robot when it performs at dif-
ferent stages. This article utilizes this property to
determine when formation reconfiguration is triggered
(see Algorithm 2 and its description in Section III-B).

3) Formation Reconfiguration: The formation reconfigura-
tion of the remaining robots, when the assigned robots
leave or return to the formation, is realized by redefin-
ing the formation structure through graph theory (see
Algorithm 3 and its description in Section III-C).

A. Dual-Task Allocation Approach

Assuming that a group of UAVs are randomly distributed
in the workspace, they start assembling through the commu-
nication link between each other. Then, they form the desired
formation using the formation control strategy. Moreover,
UAVs with different functions form a multi-UAV system and
each F-UAV is capable of handling only one task at a time.
After establishing the desired formation, the UAVs maintain
their shape and perform a preset mission, either stationary or
moving toward a target.

Algorithm 1 shows the pseudocode for the proposed
method. At the beginning of the algorithm, task set IT is an
empty set, and the remaining UAVs set F is set to the robot
set R.

In the process, once the tasks are released, the system
proceeds to the next stage. The central server utilizes the
auction algorithm to assign tasks in the task set to the suitable
F-UAV to minimize the cost function, sequentially initializing
the list of the task execution £ and the remaining UAVs
F (lines 14 in Algorithm 1). The auction algorithm selects
the suitable F-UAV based on the type of F-UAV required to

perform the task and the path cost required by its current
location to reach the task. After that, the algorithm enters the
main while loop (lines 5-20 in Algorithm 1). The assigned
F-UAVs are guided to the goal by the path planning algorithm
and execute their tasks (line 17 in Algorithm 1). This step is
implemented by Algorithm 2. According to the change of the
task execution list £ and the state of the assigned F-UAVs,
meanwhile, the formation consisting of the remaining UAVs
triggers the formation reconfiguration, where the position of
the new shape is assigned by the Kuhn—Munkres algorithm
(line 19 in Algorithm 1). Algorithm 3 is responsible for
implementing this step. During the execution of the main while
loop, it is crucial to keep track of any new tasks that may be
released (lines 7—15 in Algorithm 1). These tasks must be
added to the task set IT to ensure they are properly accounted
for. Additionally, the list of task execution £ and the remaining
UAVs F must be updated to reflect any changes to the task
set. This ensures that all tasks are appropriately assigned and
executed and that the system operates efficiently.

B. Task Execution

To distinguish the movement phases of F-UAVs outside the
formation, a return flag f; is designed for each UAV, which
indicates whether the UAV is heading to the task from the
formation or returning to the formation from the task. It is the
persistent variable set as false initially (line 1 in Algorithm 2).
But the return flag f; only works when the UAV i is in the
task execution list £ (lines 2 and 10 in Algorithm 2). When
suitable F-UAVs are selected to perform tasks, they are added
to the task execution list £ and then guided to their tasks from
their current position by the Path Planning Algorithm (line 3
in Algorithm 2). Once the F-UAV reaches the designated goal,
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Algorithm 3 Formation Reconfiguration (Line 19 of

Algorithm 1)
Require: Robot set R, task execution list £, robot status s;.

1: C <« calcCommunicationMatrix(R)
2 F < R/L

3: // Calculate the adjacency matrix

4: if L =0 and |C| = n then

5. A < calcAdjacencyMatrix(R)

6: endif

7. if L AP and n — |L| < |C| < n then
8: A <« calcAdjacencyMatrix(R)

9 A(L;) <0

10 ACGL) <0

11: endif

12: if £ # 0 and |C| < n — |L| then

13: A < calcAdjacencyMatrix(F)

14: endif

15: new_formation <— creatRegularPolygon(|F|)

16: desired_formation <— KMAlgorithm(F, new_formation)
17: consensusControl(A, desired_formation)

it begins executing the task until completion, after which its
return flag is set to true (lines 4—6 in Algorithm 2).

After completing its task, the F-UAV returns to the forma-
tion from its goal. In this phase, certain conditions (such as
direct or indirect communication with L-UAV) must be met
before it returns to the formation. Only then will the return
flag be set to false (lines 11-18 in Algorithm 2).

C. Formation Reconfiguration

In this article, the formation reconfiguration of the
multi-UAV system needs to consider the variation of the task
execution list £ and the communication matrix C with the
operation of the system. This is critical to ensure efficient and
effective formation reconfiguration of the multi-UAV system.
It can be divided into five categories.

1) No tasks are released or all assigned F-UAVs return to
the formation. The formation maintains its original shape
and continues the designated preset mission.

2) The F-UAVs assigned to the task remain in the formation
after the tasks are released. The remaining UAVs stay
in the position of the formation as before while the
assigned F-UAVs gradually leave the formation.

3) All assigned F-UAVs leave the formation after the tasks
are released. At this moment, the remaining UAVSs trig-
ger formation reconfiguration to form a new formation.

4) The assigned F-UAVs complete their task and enter
the formation range. The formation, consisting of the
remaining UAVs, reorganizes to the new formation and
reserves suitable positions for the returning F-UAVs.

5) The assigned F-UAVs return to the formation. They
move to the positions reserved for them under the
influence of the formation control strategy.

All the above cases are achieved by redefining the formation

structure through graph theory. Algorithm 3 covers all the
cases mentioned above and has been implemented accordingly:
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Fig. 4. Graphical symbols used in the 2-D and 3-D demonstrations.
(a) L-UAV is not assigned any task. (b) F-UAVs of type-A are assigned tasks
of the same type. (c) F-UAVs of type-B are assigned tasks of the same type.
(d) F-UAVs of type C are assigned tasks of the same type.

lines 4—6 discuss case 1); lines 7—11 address cases 2) and 4);
lines 12—14 cover cases 3) and 5). At the start of the algorithm,
it is necessary to obtain the number of UAVs within the
range of formation by computing the communication matrix C
(line 1 in Algorithm 3). In addition, to calculate the adjacency
matrix A, the set of UAVs R and the list of remaining UAVs F
are also needed (line 2 in Algorithm 3). Then, according to the
changes of the task execution list £ and the number of UAVs
within the range of formation |C|, different formation shapes
are created by calculating the adjacency matrix A at different
stages (lines 3—14 in Algorithm 3). Based on the number of
remaining UAVs and the properties of regular polygons, a set
of positions for the new formation is obtained (lines 15 in
Algorithm 3). These positions are assigned to the appropriate
remaining UAVs using the Kuhn—Munkres algorithm (lines
16 in Algorithm 3). Finally, the formation reconfiguration
is realized by consensus control (line 17 in Algorithm 3).
In Algorithm 3, a particular case is not considered. This refers
to the UAVs being neither in the remaining formation list F
nor in the task execution list £, that is, R/(F U L) # 0.

IV. SIMULATIONS AND RESULTS

For multirobot formations, the formation shape is designed
as the regular polygons, and its specific shape is determined
by the number of F-UAVs. For example, when there are six
F-UAVs, the formation will converge into a regular hexagon.
At the same time, there is only one L-UAV in the formation,
which is located at the center of the formation. Furthermore,
we define d as the desired distance between the L-UAV
and each F-UAYV, and d. as the maximum communication
distance between each UAV. In these simulations, all relevant
parameters are presented in Table I. When the selected F-UAV
travels from its current position to the goal or returns to the
formation, the improved artificial potential field method is used
to plan its path. In addition, there are three different types
of F-UAVs to perform corresponding tasks. Fig. 4 shows the
graphical symbols used for the 2-D and 3-D demonstration.
Among them, L-UAV is not assigned any tasks, while different
types of F-UAVs are only assigned tasks of the corresponding
types, which are indicated by different shapes and colors.

A. Test 1: Demonstration

Assume that the demonstration scenario of the proposed
method involves randomly distributed UAVs assembling into
the desired formation centered on L-UAV and waiting for
task release. Except for the UAVs assigned to the task, other
UAVs only move within the formation, while the multi-UAV
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TABLE I
SIMULATION PARAMETERS UNDER DIFFERENT TESTS
a B Kq K, K, ds(m) do(m) d,(m) d@m) d.(m)
Test 1 1 1 3 0.5 0.5 2 1 1 3 5
Test 2 2 1 0.5 1 0.5 1 1 1 3 5
Test 3 2 1 0.5 1 0.5 1 1 1 3 5
Test 4 2 1 0.5 0.5 0.5 1 1 1 3 5
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Fig. 5.  Demonstration of the proposed method on the multirobot system under the circular network. (a)-(g) Key video frame of the proposed system

demonstration. (h) Trajectory of each UAV during the demonstration.
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Fig. 6. Demonstration of the proposed method on the multirobot system under the star network. (a)—(g) Key video frame of the proposed system demonstration.
(h) Trajectory of each UAV during the demonstration.

system as a whole remains stationary during the execution
of the program. Figs. 5 and 6 depict the key video frame of
the demonstration of our proposed approach under different
network topologies of the undirected graph, as well as the
trajectory of each UAV during the demonstration. This visual
representation provides a comprehensive overview of how

our approach works and the movement of each UAV in this
process. Figs. 7 and 8 display the Euclidean distance between
each UAV and the L-UAV over time.

There is 1 L-UAV and 6 F-UAVs, as well as two tasks
in these demonstrations. Take the demonstration under the

circular network as an example. At ¢

0 s [Fig. 5(a)],
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Fig. 7. Curve of the Euclidean distance between each F-UAV and L-UAV
as a function of time under the circular network. In phase a, the multirobot
system assembles into a desired formation. In phases b, e, and g, formation
maintains the current desired shape. In phase c, tasks are released, and the
assigned F-UAVs go to their targets to perform their task, and the remaining
UAVs are still in place. In phases d and f, the assigned F-UAVs eventually
leave and return to the formation, respectively. In phase d, the remaining
UAVs begin to reconfigure and form a new desired formation, while phase f
also includes the UAVs that have returned to the formation.
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Fig. 8. Curve of the Euclidean distance between each F-UAV and L-UAV

as a function of time under the star network.

F-UAVs are distributed around L-UAYV, and then assembled
to form the initial regular polygon (phase a in Fig. 7) and
maintains this shape (Fig. 5(b); phase b in Fig. 7). The tasks
are released at + = 5 s. At the same time, the F-UAVs
assigned to the task through the auction algorithm gradually
leave the formation range, while the remaining UAVs remain
in place (Fig. 5(c); phase ¢ in Fig. 7). When all assigned
F-UAVs have departed from the formation, the remaining
UAVs initiate a formation reconfiguration process (Fig. 5(d);
phase d in Fig. 7). During this process, positions of the desired
shape are assigned to suitable remaining UAVs using the
Kuhn—Munkres algorithm, followed by maintaining the current
formation (Fig. 5(e); phase e in Fig. 7). Until the assigned
F-UAVs complete their tasks and return to the formation (the
conditions for indirect or direct communication with L-UAV
have been met), the formation reconfiguration is triggered once
again (Fig. 5(f); phase f in Fig. 7). Finally, the multirobot
formation reforms the initial formation (Fig. 5(g); phase g in
Fig. 7) and until a new set of tasks is released. Under the star
network, Figs. 6 and 8 have similar results.

As shown above, formation reconfiguration is triggered
when the F-UAVs assigned to the task leave the range of the
formation or return to the formation. Whenever the remaining
UAVs reform and stabilize their formation through formation
reconfiguration, the L-UAV and F-UAVs maintain at the set
values (d = 3 m). Therefore, the proposed method can achieve
the intended purpose: once the tasks are released, several
F-UAVs in the UAV formation can be dispatched to perform
these tasks, while the remaining formation reforms the shape
and continues to perform the previous mission. The designated
F-UAV can return to the formation after completing its task
and meeting the necessary conditions.

7505912

As shown in Figs. 7 and 8, in phases d and f of the
circular network, all F-UAVs in the formation have position
changes and the formation takes a long time to stabilize.
However, in the star network, only a few of them change,
so the desired formation will be formed quickly. Specifically,
under the circular network, since the F-UAVs assigned a task
communicate with every UAV within its communication range
(equivalent to an edge of the undirected graph), they will
trigger formation reconfiguration when they completely leave
the formation. In this process, the remaining UAVs need to
communicate with each other, making it take a long time for
the formation to stabilize. When the assigned F-UAVs return
to the formation, they have similar results. However, it is
different in the star network, the assigned F-UAVs only have
connections with the L-UAV, and certain UAVs that do not
change their position, such as UAV 4 and UAV 7, will not have
redundant movements. When they leave the formation, the
formation reconfiguration is triggered if communication with
the L-UAV is not maintained. When returning to the formation,
the L-UAV will determine whether they have entered the
formation range and reserve a position for them.

The reason for the above conclusion is determined by the
characteristics of the undirected graph of the two topological
networks. For the circular network, as long as the assigned
F-UAV can meet the communication distance with any UAV
in the formation, it can be consistent with the realization state
of the whole formation, to form the desired formation. In a
sense, the circular network is a complete graph when all UAVs
can communicate with each other. However, the star network
only establishes a connection with the L-UAV.

Both topological networks have their own advantages.
In this article, to ensure that the multi-UAV system can stably
form the desired shape, the circular network is used as the
undirected graph topology.

B. Test 2: Stability and Scalability

In this test, it is evaluated how variations in the number
of tasks and UAVs involved affect the stability and scalability
of the proposed method. It is worth noting that the formation
scalability mainly refers to the adaptability of the system under
different quantity conditions. The tasks are released att =5 s
in the current test.

The Euclidean distance from each UAV to L-UAV under
different numbers of UAVs and different numbers of tasks is
shown in Fig. 9. This Euclidean distance is used to determine
the stability of the formation under different numbers of
UAVs and different numbers of tasks. The formation stability
is defined as follows: when one or more F-UAVs leave or
return to the formation, if the UAV formation can quickly
form the desired formation shape based on the number of
UAVs in the current formation, the UAV formation is con-
sidered stable. It has been observed that the timing of the
first formation reconfiguration varies due to the fact that the
F-UAVs assigned to the task leave the formation range at
different times. The first formation reconfiguration is triggered
when the last assigned F-UAV leaves. Moreover, since each
F-UAV completes its task and returns to the formation at
different times, the frequency of formation reconfiguration also
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Fig. 9. Euclidean distance from each F-UAV to L-UAV under different

numbers of UAVs and different numbers of tasks.

TABLE II

TOTAL RUNTIME AND AVERAGE RUNTIME UNDER DIFFERENT NUMBERS
OF UAV'S AND DIFFERENT NUMBERS OF TASKS

UAVs Tasks Total Runtime(s) Average Runtime(s)
5 1 57.3587 11.4717
6 1 66.2867 11.0478
7 1 74.5623 10.6518
7 2 74.7758 10.6823
7 3 74.7762 10.6823

varies accordingly. Regardless of the number of robots and
tasks involved, the proposed method ensures that the expected
distance between the F-UAVs and L-UAV remains constant
and guarantees the stability of the formation.

Table II displays the total and average runtime for the five
cases in this test. As the number of UAVs increases, the total
runtime of the system also increases, but when the number of
tasks is fixed and the number of UAVs increases, the average
runtime per UAV decreases accordingly. This means that an
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Fig. 10. Euclidean distance between each F-UAV and L-UAV when tasks
are released asynchronously. In (a) and (b), the first task list has two task and
is released at r = 5 s; the second task list is released at r = 10 s, and t =30 s
in (a) and (b), respectively, and has only one task.

increase in the number of UAVs can improve the performance
of each UAV to a certain extent. However, only the number
of tasks increases, the total and average runtime does not vary
significantly. As a result, the proposed method is scalable for
small-scale formations and can perform a certain number of
tasks simultaneously.

C. Test 3: Task Asynchronous Release

In this simulation, the performance of the proposed method
when tasks are released asynchronously is tested. In Fig. 10,
the effectiveness of the proposed method is illustrated concern-
ing the impact of releasing tasks asynchronously. In Fig. 10(a),
the second task list is released before all UAVs selected in
the first task release have left the formation. At this point,
the formation reconfiguration has not yet been triggered. The
second task list is released during the second formation recon-
figuration in Fig. 10(b). The results show that no matter when
the tasks are released, this method can ensure the realization
of formation reconfiguration and stability of the formation.

D. Test 4: UAV Cruise Scenario

The proposed method underwent a test that involved a chal-
lenging application scenario, namely the UAV cruise scenario.
More specifically, the UAV formation follows a predetermined
route and executes tasks assigned during the flight, such
as measurement, tracking, and localization. This scenario
required this method to handle more tasks in a dense obstacle
environment and demonstrate its ability to perform effectively
and efficiently in complex situations. In actual situations, the
route for the formation cruise is fixed so that obstacles can be
reduced through advance preparation, while tasks are released
randomly, and the generated path may encounter a large
number of obstacles. Therefore, in this testing environment,
the formation travels along a track with fewer obstacles, but
there are numerous obstacles in other locations.

Fig. 11 displays the implementation of the proposed method
in the UAV cruise scenario in a 3-D environment, which
includes the map of the environment and the trajectory of
each UAV. In this test, varying numbers of tasks are released
at different intervals, and a total of six tasks are released four
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Fig. 11. Application of the proposed method in the UAV cruise scenario in
a 3-D environment.

times. The results reveal that the UAV formation can choose
the suitable F-UAVs to execute the task and guarantee that
a new shape is reconstructed each time the task is released.
Thus, the proposed approach can be implemented in complex
scenarios and enhance system efficiency.

V. CONCLUSION AND FUTURE WORK

In this letter, we propose a novel dual-task allocation
approach for multirobot formations where different types
of robots have different capabilities and can only perform
homogeneous tasks, aiming to combine the benefits of both
team and formation. This method enables the simultaneous
achievement of task execution and formation reconfigura-
tion. Initially, an auction algorithm is utilized to allocate
tasks to suitable robots for task execution. Subsequently, the
Kuhn—-Munkres algorithm is applied to assign the necessary
formation positions to the remaining robots in readiness for
formation reconfiguration. Finally, the formation structure is
redefined through graph theory to achieve formation reconfigu-
ration. Simulation results are also presented, demonstrating the
effectiveness of our proposed method. Our approach ensures
formation stability even when the number of robots or tasks
changes and is scalable for small-scale formations. Addition-
ally, it can achieve the desired functions even when multiple
sets of tasks are released asynchronously. Most importantly,
this method can be applied in complex scenarios and improve
system efficiency.

There are still several areas for improvement in this work.
For example, an F-UAV may receive multiple tasks simulta-
neously, resulting in a multiassignment problem. Additionally,
there are challenges in obstacle avoidance for multi-UAV
systems and formation deformation in various scenarios.
In future research, the application of this method will be
extended from single-assignment problems to multiassignment
problems, so that each F-UAV can be assigned a set of
multiple tasks, making the entire system more efficient. The
problem of obstacle avoidance and formation reconfiguration
for multi-UAV systems in different scenarios will also be
explored. Finally, it is important to address scalability concerns
for the proposed method to be applied in large-scale systems.
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Introduction: Due to the limited computing power and fast flight speed of the
picking of unmanned aerial vehicles (UAVs), it is important to design a quick and
accurate detecting algorithm to obtain the fruit position.

Methods: This paper proposes a lightweight deep learning algorithm, named
YOLOvV8s-Longan, to improve the detection accuracy and reduce the number of
model parameters for fruitpicking UAVs. To make the network lightweight and
improve its generalization performance, the Average and Max pooling attention
(AMA) attention module is designed and integrated into the DenseAMA and C2f-
Faster-AMA modules on the proposed backbone network. To improve the
detection accuracy, a crossstage local network structure VOVGSCSPC module
is designed, which can help the model better understand the information of the
image through multiscale feature fusion and improve the perception and
expression ability of the model. Meanwhile, the novel Inner-SloU loss function
is proposed as the loss function of the target bounding box.

Results and discussion: The experimental results show that the proposed
algorithm has good detection ability for densely distributed and mutually
occluded longan string fruit under complex backgrounds with a mAP@O0.5 of
84.3%. Compared with other YOLOvV8 models, the improved model of mAP@0.5
improves by 3.9% and reduces the number of parameters by 20.3%. It satisfies the
high accuracy and fast detection requirements for fruit detection in fruit-picking
UAV scenarios.

KEYWORDS

longan, lightweight network, attention mechanism, YOLOv8-Longan network,
target detection
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1 Introduction

Longan, a special fruit native to tropical and subtropical regions,
is favored for its unique flavor and rich nutrition. However, longan
has a relatively short ripening period, and timely picking is essential
to ensure fruit quality. At present, longan is mainly harvested
manually. However, the manual picking of tall longan trees has
high labor intensity and high operation risk. Therefore, developing
agricultural robots that can automatically pick longan has great
economic value. Although some researchers have developed fruit
harvesting robots (Yang et al., 2023, it is necessary to develop more
adaptive harvesting robots according to the growth characteristics
of large longan trees to improve picking efficiency and reduce labor
costs to promote the development of modern agriculture.

Robotic picking is currently being studied by a wide range of
scholars (Shi et al., 2023; Dairath et al., 2023). He et al. built a robotic
vision servo system for tomato picking utilizing a depth camera and
a six-degree-of-freedom manipulator. The system utilizes depth and
color information of fruit targets and adopts a coordinated control
strategy for the hand and eye at different distances (He et al., 2021).
Liang et al. developed a facility-based cultivation grape-picking robot
using a monocular camera and a distance-measuring sensor to
identify clusters and locate the fruit branch cutting points for fast,
efficient, and low-loss grape picking (Liang and Wang, 2023).
However, robotic arm-type picking devices suffer from limited
operating range, low picking flexibility, and poor maneuverability,
which limit the advantages of automated picking. Aiming at the
string fruit growth characteristics of tall longan trees, further
development of more adapted harvesting robots is needed to
improve picking efficiency and reduce labor costs.

Compared with traditional ground-based mechanical
equipment, the unmanned aerial vehicle (UAV) has a wide range
of application prospects in fruit-picking tasks due to their smaller
size, good maneuverability, and strong adaptability to complex
terrain (Chen et al., 2024a; Lu et al, 2024; Zhaosheng et al,
2022). Longan fruit in the fruit tree shows the characteristics of
irregular, inconspicuous, and widely distributed string fruit growth
characteristics, and its natural background is more complex, prone
to multiple clusters of longan string fruits overlapping each other, as
well as by the fruit tree branches and leaves cover and so on. In
order to achieve accurate detection of longan string fruits, deep
learning target detection techniques have been applied to string
fruit detection in agricultural work scenarios due to their ability to
extract complex patterns and regularities by learning a large amount
of data (Lietal, 2021; Ding et al., 2024, 2022). Among them, Li et al.
proposed an improved YOLOv7-litchi detection algorithm by
integrating ELAN-L and ELAN-A modules based on lightweight
ELAN on the backbone network, which makes the network
structure lightweight and provides a theoretical basis for
mechanized lychee harvesting (Li et al., 2024). Huang et al.
proposed Triplet-Large Kernel Attention (TLKA). The TLKA
module inherits the advantages of channel attention and large
kernel attention, and TLKA-YOLOvV7 outperforms all other
research models in grape string detection and segmentation and
obtains more competitive results in yield prediction (Huang and Li,
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2023). Chen et al. proposed an improved YOLOv7-based multi-task
deep convolutional neural network (DCNN) detection model
MTD-YOLOv7 with two additional decoders for detecting tomato
fruit cluster ripeness based on YOLOv7 (Chen et al., 2024b). Liu
et al. (2024) proposed the MAE-YOLOV8 model using YOLOv8s-
p2 as the baseline and introduced MPDIoU as the regression loss
function to accurately detect Qing crisp plum in the actual complex
orchard environment. Meanwhile, YOLOVS is compared with other
YOLO series models. In the Backbone network part, the YOLOv8
model uses the DarkNet-53 network structure, uses C2f to replace
the C3 module, and uses the faster SPPF module. In the Neck
network part, the YOLOv8 model uses the PAN-FPN network
structure that removes the convolution structure in the upsampling
stage. In the Head network part, YOLOVS uses the Decoupled-Head
network structure to separate the classification and detection heads.
The YOLOvV8 model is an anchor-free model, which directly
predicts the center of the object rather than the offset of the
known Anchor box. These improvements make YOLOvV8 show
higher performance and accuracy in object detection tasks, which
are more widely studied by scholars (Sun, 2024; Jiang et al., 2023;
Wang et al.,, 2024).

The above research is dedicated to optimizing deep learning
models to improve their ability to detect string fruits. However, in
the practical problems of agricultural automated picking tasks,
when the fruit-picking UAV performs the longan-picking task,
limited by the endurance, computing resources, and dynamic
characteristics of fast flight, a lightweight and high-precision
object detection model is needed.

In response to the above challenges, the key issues addressed in
this paper are mainly divided into two aspects: i) model lightweight
and ii) recognition and detection accuracy improvement.
Specifically, the model is lightweight to solve the problem of the
limited endurance of UAVs. The high demand for complex neural
networks for computing resources will increase energy
consumption and affect the operation time and identification and
detection efficiency of UAVs. The improvement of detection
accuracy is to ensure that the UAV can accurately identify and
locate the target fruit in the process of rapid flight, reduce the
recognition error, and improve the picking accuracy. Due to the
irregular, inapparent, and widely distributed characteristics of
longan bunches on the fruit tree, traditional detection methods
often have difficulty balancing between real-time performance
and accuracy.

To this end, the YOLOv8s-Longan model is proposed in this
paper. In this paper, we propose a novel solution to realize longan
picking using the fruit-picking UAV. It will help to improve object
detection accuracy for the vision-based fruit-picking UAV in
natural environments. A dataset of UAV-collected longan images
is built to train and evaluate object detection models. The main
contributions of this paper are listed in the following three parts.

1. Considering the limited computing power and fast flight
speed of the UAV, this paper first proposes a lightweight
deep learning model, named YOLOv8s-Longan, to obtain
real-time fruit location in complex backgrounds.
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. For model lightweight, the Average and Max pooling
attention (AMA) attention module is designed and
integrated into the DenseAMA and C2f-Faster-AMA
modules on the proposed backbone network to reduce
the number of parameters and the number of calculations
to make the network lightweight.

. For detection accuracy, a novel Inner-SIoU loss function is
designed, and the cross-stage local network structure
VOVGSCSPC module is integrated into the neck
network, which improves the model’s ability to accurately
locate the target longan and facilitates the UAV to move
more stably to the designated location for picking.

. The proposed model is actually developed on the UAV and
occupies 18.1 MB of storage memory, which can process 45
to 50 images per second, and the average recognition
accuracy of the real longan orchard scenario is 87.5%. It
can meet the lightweight and accurate recognition of the
longan fruits by the fruit-picking UAV.

2 Materials
2.1 Image acquisition equipment

In this paper, the structure of the independently developed and
designed fruit-picking UAV is shown in Figure 1. An RGB-D
camera named RealSense D4351 is installed for image acquisition,
which combines the features of a color camera and an infrared
camera. To enhance the model’s generalization, the images of Shek
Kip and Chuliang longan are collected. To fully restore the real
scene of UAV picking longan and the complexity of the orchard
environment, the images within the range of 400-700 mm (near
view) and 700-1,100 mm (far view) from the longan string are

\ La

ser radar 4
-

10.3389/fpls.2024.1518294

selected as the dataset. The dataset includes images taken under
various lighting conditions, such as full sun and backlight, to ensure
the acquired images are not disturbed by artificial shadows or lights.

2.2 Image dataset preprocessing

2.2.1 Image filtering

The 1,070 collected images were screened and reviewed, and
images with high-definition and rich details were selected. Images
with poor quality, severe exposure, and only a single string of fruit
were eliminated to ensure the accuracy and stability of the
subsequent algorithm.

2.2.2 Image flipping and brightness adjustment

Self-programmed image left-right flip and brightness
adjustment algorithms are used to expand the image data to
ensure the diversity of image data. In this way, the dataset is
expanded from the original 438 longan images to obtain 2,460
images, and Table 1 shows the statistics of the categories and
numbers of images in the dataset.

2.2.3 Image annotation

For 2,460 images, manual annotation and classification label
definition are performed, where string fruit means a string of longan
from the first to the last branch on the fruiting mother branch. The
annotated dataset is divided according to the ratio of the training set
to the test set (4:1), and 1,968 training images and 492 test images
are obtained. As shown in Table 2, the number of images and
annotation information contained in the dataset are counted, and
the images of the test set are grouped according to the set standards
to prepare for the grouping test of the network model and to
examine the effectiveness of the network model in various
interference cases.
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FIGURE 1
The structure of the fruit-picking UAV. UAV, unmanned aerial vehicle.
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TABLE 1 Image categories and number.

Influence Image category Number
factor of images
Original image / 438
Flip degree Left and right flip 438
Very highlights
(flag = 0.3:0.4)
. . Highlights (flag = 0.5:0.8)
Light conditions Shadows (flag = 1.2:1.5) 1,584
Polar shadows
(flag = 2.5:3.0)
TABLE 2 Details of the dataset.
Number of images Number of

bounding boxes

Total dataset 2,460 34,302
Train dataset 1,968 28,554
Test dataset 492 5,748

10.3389/fpls.2024.1518294

3 The YOLOv8s-Longan
detection method

3.1 Overall network structure

To improve the performance of the deep learning visual model
for longan string fruit picking, the algorithm in this study is based
on the YOLOv8 detection model to construct a lightweight
YOLOv8s-Longan model, which is composed of three main parts:
the backbone, neck, and head. The overall structure is shown in
Figure 2. The detailed procedure of YOLOv8s-Longan is shown in
Algorithm 1. The backbone serves as the backbone network of the
model, consisting of the DenseAMA module, C2f-Faster-AMA
module, and SPPF module. The input image is first passed
through the densely connected DenseAMA module as the feature
extractor to replace the first Conv and C2f combination module in
the backbone network, which strengthens the feature learning
ability of longan string fruit and mitigates the problem of
insufficient features of longan string fruit in complex orchard
environments. Then, the C2f-Faster-AMA module is used to
replace the C2f module in the subsequent backbone network,

FIGURE 2

C2F-Faster- | _
AMA -

YOLOv8s-Longan network structure.
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which can significantly reduce the amount of computation and
memory access, thus lightening the backbone network and
improving the inference speed of the model, which is conducive
to the real-time detection of longan string fruit by the UAV during
flight. Finally, the multiscale features are fused through the SPPF
module of the backbone network. The features of the same longan
string fruit feature map at different scales are fused to enrich the
semantic features of the longan string fruit feature map, improve
the attention given to important details of the string fruit features,
and enhance the quality of the features obtained by the model.

‘Require: image size S; Learning rateA; Number of epochs T.
Ensure: Pixel label

1: The Mosaic data augmentation strategy is used to concatenate the four images

to generate a brand new image.
2:fort=1to T do

3:  Feature maps with higher semantics are generated by [iquations 3 and 4
through the Dense AMA module in Backbone.

4:  The C2f-Faster-AMA module is used to lighten the Backbone network

and improve the inference speed of the model by [quation 5.
5: The SPPF module is used to fuse multi-scale features.

6:  The features of longan sting fruit at different scales are extracted
through the VOVGSCSPC module in Neck by FEquations 6 and 7.

7:  The Inner-SIoU loss function is used to calculate the loss by Fquations
8-21.

8: end for
9: Perform label prediction for each pixel.

10: Output: each pixel label.

Algorithm 1. Lightweight detection method of YOLOv8s-Longan.

The neck is used as the pyramid multiscale feature fusion
structure of the model, and the different scales of longan string
fruit feature maps output by the backbone are fused to different
degrees. The cross-stage local network structure of the
VOVGSCSPC module is designed through the aggregation
method to replace the C2f module in the neck to reduce the
complexity of its network structure and make the YOLOvV8s-
Longan model easy to deploy to the terminal equipment of the
fruit-picking UAV.

The head is used as the model detection output, and the
bounding box is generated for the longan string fruit feature
maps of different scales output by the neck. The Inner-SIoU loss
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function is used as the loss function of the target bounding box to
improve the positioning ability and prediction accuracy of the target
box so that the UAV can more accurately and quickly detect the
position information of the longan string in the process of flight.

3.2 Improvement of the backbone network

3.2.1 Proposed the AMA attention module

Longan fruits usually grow in the form of string fruits and show
irregular, inconspicuous, and widely distributed features on the fruit
trees. Moreover, the natural background of longan string fruits is
complicated, and multiple clusters of longan string fruits overlap
with each other, as well as being shaded by the branches and leaves
of the fruit trees.

Meanwhile, different levels of longan feature maps usually have
different background noise distributions and also generate
redundant information due to differences in scale and location of
longan string fruit feature maps. Therefore, in this paper, feature
fusion is used to suppress the background noise of individual
longan string fruit feature maps and generate more discriminative
feature representations. In order to suppress the interference of
negative information such as multiple cluster occlusion of longan
string fruits and occlusion of fruit tree branches and leaves, the
authors propose an AMA module, which is weighted by average
pooling and maximum pooling, to reduce the negative impact of
redundant information and noise on the network, improve the
network’s attention to longan string fruits, and help the model to
focus on the most distinguishable and important features in
the input.

The structure of the AMA attention module is shown in
Figure 3. First, one-dimensional convolution is used to replace
the fully connected layer, effectively reducing the weight parameters
and increasing the inference speed, where W, H, and C are the
width, height, and channel size of the feature vector, respectively.
Then, global average pooling (GAP) and global maximum pooling
(GMP) are performed on the last convolution output to aggregate
the convolution features without dimensionality reduction.

Subsequently, channel feature learning is performed with the
same dimension, and one-dimensional convolution is used to
quickly capture the cross-channel information interaction
between each channel and its nearly K adjacent channels. Thus,
there is a non-linear mapping between K and C, as in Equations 1

and 2.
gK-b =
(%)

0.35
K = o(C) = ‘ (ﬂc_”’)
4

where a =2,b=1,and g = 4.

C=w)= , 1

, 2

The activation value of the one-dimensional convolution is
calculated by the sigmoid activation function, and different weights
are obtained to show the relevance and importance of the longan
string features between channels. Finally, the learnable weight

frontiersin.org

116/179



Li et al. 10.3389/fpls.2024.1518294
K=¢©)
Global
Max Pooling o M1
1**C 1+1*C 1*x1*C
H
X
20035 4.1
- gy - 2D
Average Pooling a o Al
1+1+C 1+1+C 1+1+C
FIGURE 3

Structure of the AMA attention module. AMA, Average and Max pooling attention.

coefficients (A1, M1) of each channel are generated by GAP and
GMP. Then, the weight of each channel is weighted to the original
input feature map to complete the recoding of each channel feature
so that the important features are assigned large weights to be
enhanced, and the effective longan string fruit features are
enhanced. Instead, the negative environmental features of
ineffective nature are assigned a small weight to suppress.

The AMA attention module avoids information loss caused by
mapping the input longan features to low dimensions. Additionally,
it can capture cross-channel interactions effectively, better capture
the important feature information of the target to be detected,
enhance the feature extraction ability of the network, and make the
model use global features to distinguish the image information level.
In addition, this AMA attention module has fewer parameter
requirements, which avoids the excessive complexity of the model
and compensates for the loss in accuracy caused by the model being
lightweight, increasing the effectiveness of channel learning
attention and leading to obvious performance gains in the
network. It is beneficial to integrate into the subsequent
DenseAMA and C2f-Faster-AMA modules more effectively and
improve the module’s longan string fruit feature extraction ability.

3.2.2 Proposed the DenseAMA module

In the detection of missed fruit in the agricultural field, the
longan background image usually has the problems of unobvious
features, complexity, and redundancy. Using the feature extraction
module C2F developed based on natural view images may lead to
insufficient extracted longan string fruit feature information, which
limits the performance of the model in detection tasks. To this end,
a densely connected DenseAMA module is proposed as a feature
extractor to replace the first Conv and C2f combination module in
the backbone network, which is used to extract features of various
scales from the input image, and the output of each layer is directly
connected with the input of all subsequent layers. This connection
makes the information flow of the network more sufficient, helps to
prevent the vanishing gradient problem, and can use low-level
features to supplement high-level features.
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In computer vision, the main idea of DenseNet is to build dense
connections, that is, to promote the reuse of features by connecting
features between different channels (Jia et al., 2023; Cai et al., 2022).
These properties allow DenseNet to maintain low model parameters
and computational costs. The dense connection mechanism of
DenseNet is shown in Figure 4, and its expression is below.

X; = Wik[Xo» X1sevor X oo Xi_1)» 3)

X, is the feature output of each layer through the convolutional
network, W, is the weight of each dense layer, where [ is the layer
index, and  is the composite function of operations such as batch
normalization (BN), rectified linear unit (ReLU), pooling,
or convolution.

DenseNet has multiple DenseBlocks, the inner layers of each
DenseBlock are densely connected DenseLayer modules (by
superposition rather than addition), and the dense blocks of
different DenseBlocks are downsampled by transition layers. In
this paper, the original DenseNet121 is used as the basic structure,
and the H-swish activation function and the AMA attention
mechanism are connected in the DenseBlock and transition layers
to obtain the DenseAMA module.

Moreover, the H-swish (Sunkari et al., 2024; Mercioni and
Holban, 2020) activation function has a low computational cost and
comprises simple multiplication and addition operations, which can
be calculated faster in model inference and training. The equation is
shown in Equation 4:

HardSwish(x) = x x HardSigmiod(x)

= x X ReLui(x+3)

1, x<2 (4)
— x4 1 _
=x X €+7, 3<x<3

0, x<3

It shows that H-swish activation functions have strong
similarities in terms of upper and lower boundaries, smoothness,
and monotonicity. After replacing the sigmoid activation function
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FIGURE 4
Schematic diagram of the DenseNet structure.

with the H-swish activation function, the number of parameters and
the calculations in the model can be effectively reduced. When the
backpropagation algorithm is trained, the H-swish activation
function has a lower gradient saturation problem, which means
that it is easier to train in the deep neural network, which can
effectively enhance the feature extraction ability and eliminate the
potential accuracy loss. Therefore, the H-swish activation function
is more suitable for improving mode performance.

The DenseAMA module consists of three stages, where the first
and second stages form the DenseLayerAMA layer and the third
stage forms the TransitAMA layer, as shown in Figure 5. In the first
stage, a BN operation is performed on the input longan feature map,
and the H-swish activation function is used to activate the feature
map. Then, a 1 x 1 convolution kernel is used to reduce the number
of parameters.

The second stage is similar to the first. The input feature map is
batch normalized and activated by the H-swish activation function.
Then, a 3 x 3 convolution kernel is used to convolve the feature
map. Finally, to reduce the number of parameters and calculations
in the model as much as possible, the AMA attention mechanism
module designed in this paper is added after the 3 x 3 convolution
operation in the second stage, and the AMA attention module is
used to extract features of the string fruit feature map to enhance
the utilization ability of longan string fruit features. The
DenseLayerAMA layer structure is shown in Figure 5A.

The TransitAMA layer in the third stage first inputs the feature
map for the BN operation and uses the H-swish activation function
for activation. It is processed by the AMA attention mechanism,
and the average pooling operation is performed on the processed
feature map to reduce the size of the input feature map by half. It
can better reduce the spatial dimension of the feature map and the
number of calculations and increase the receptive field size to better
capture global information. The transition layer of the third stage
connects the two adjacent dense blocks of the first and second stages
to each other, which reduces the size of the feature map and plays
the role of a compression model. The network structure of the
TransitAMA layer is shown in Figure 5B.

The DenseAMA module is used to replace the first Conv and
C2f combination modules in the backbone network. The
DenseAMA module can effectively take advantage of feature reuse
while retaining the original string fruit feature information and
significantly enhancing its semantics, making the low-level features
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richer and more detailed, and generating feature maps with higher
semantics. This method helps to alleviate the problem that the
longan string fruit features in agricultural scenes may be submerged
by redundant background information when the depth of the model
increases so that the UAV can accurately and effectively identify
longan string fruit during flight and improve the adaptability to
complex environments.

3.2.3 Proposed C2f-Faster-AMA module

Although the accuracy of the YOLOVS algorithm is improved
compared with that of the previous version, the model is relatively
complex and has a large number of parameters. When deploying
the model in the field, the requirements for equipment performance
are too high, and the model is not suitable for fruit-picking UAV
terminal equipment. Therefore, the C2f module is improved to
reduce the number of parameters and the model size, which

i DENESLATER
iAMA

In_Channels + GRate,
HW

1BSize : Bn Size
:Gkale: Growth _Rate

a. DenseLayerAMA. b. TransitAMA.

FIGURE 5
Local structure diagram of the DenseAMA module. (A)
DenselayerAMA. (B) TransitAMA.
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overcomes the shortcomings of the YOLOvV8 network in that the
number of model parameters is too large and deployment
is difficult.

Therefore, the simpler C2f-Faster-AMA module is proposed
with the PConv convolution way to replace the last three C2f
modules in the backbone network. By reducing the computations
and memory access to extract features effectively, it can dynamically
learn the relationships between different parts of the input, better
understand the relationships and dependencies between longan
data, and improve the performance of the YOLOv8s-Longan model.

Inspired by the FasterNet network, the bottleneck in the C2f
module is replaced by Faster-Block, which reduces FLOPs while
maintaining high FLOPS. The structure of the Faster-Block module
is shown in Figure 6A.

Faster-Block consists of PConv and regular Conv modules. The
PConv module can reduce both computational redundancy and
memory access. The working principle of the PConv module is
shown in Figures 6B, C. It shows that PConv only applies
conventional Conv for spatial feature extraction on the part of the
input channels, and the remaining channels remain unchanged. For
consecutive or regular memory access, we compute the first or last
consecutive ¢, channel as a representative of the entire feature map.
Without loss of generality, the input and output feature maps have
the same number of channels, as shown in Equation 5.

(5)

2. 2
h><w><2cp+k X ¢y =hxwx2c,

10.3389/fpls.2024.1518294

where h, w, and ¢, represent the height, width, and number of
channels of the feature map, and k represents the size of the
convolution kernel.

The Faster-AMANet block module is obtained by integrating the
AMA attention mechanism into the FasterNet block and replacing the
bottleneck in C2f to obtain the C2f-Faster-AMA module. The C2f-
Faster-AMA module is used to replace the last three C2Fs in the
backbone network, which can reduce the redundant calculation and
memory access of the model, extract spatial features more effectively,
and better understand the connections and dependencies between
longan data. Thus, the lightweight and real-time detection of the
YOLOWV8s-Longan model is ensured, so the UAV can adjust its flight
attitude according to the detection results of the vision model in real-
time and realize safe and stable picking work. The C2f-Faster-AMA
module structure is shown in Figure 6D.

3.3 Integration into the neck structure
of VOVGSCSPC

By integrating the cross-stage local network structure of the
VOVGSCSPC module designed by the fusion method, the C2f
module in the neck part is replaced to fuse multiple longan string
feature maps of different scales better (Xu et al., 2023; Zhu et al., 2024).
The VOVGSCSPC module can extract richer semantic information,
and multiscale feature fusion can help the model better understand the
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global and local information of the longan image and improve the
perception and expression ability of the model.

To further reduce the model complexity, through the idea of
ResNet, the VOVGSCSPC module is introduced to replace the original
C2f module. The VOVGSCSPC module uses a cross-stage local
network designed by the aggregation method, and the structure is
shown in Figure 7. In GSBottleneck, the idea of a residual is adopted.
The output is obtained by adding the residual of the input feature map
after two GSConv convolutions and one DWConv depth convolution.

The above process is expressed as

GSB,u = Fosc (FGSC (a(Xc, )LTn)) +oUX)g, (6)

VOVGSCSPC,,, = ct(Concat(GSB,» X)) (7)

where C; is the number of channels of the input feature map
X¢,» o is the conventional convolution, GSB,,, is the output of
GSBottleneck, and VOVGSCSPC,,; is the final output of this
module. The VOVGSCSPC neck structure balances the accuracy
and speed of the model well and reduces the complexity of the
calculation and network structure, making the YOLOv8s-Longan
model lightweight and easier to deploy for fruit-picking UAV
terminal equipment while maintaining sufficient accuracy and
utilization of the extracted features.

3.4 Improvement of the Inner-SloU
loss function

The angle between the real bounding box and the predicted
bounding box is ignored in different detection tasks to compensate

a. GSBottleneck.

VOVGSCSP module structure. (A) GSBottleneck. (B) VOVGSCSPC.
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for the existing IoU loss function, resulting in weak generalization
ability and slow convergence speed in the training process, which
easily results in a poor model. In this paper, the InnerSIoU loss
function is proposed to capture the location information of defects
more accurately and further improve the robustness of
the algorithm.

In the Inner-SIoU, the use of an auxiliary bounding box is
proposed to calculate the loss to accelerate the bounding box
regression process, and the scale factor ratio is introduced to
control the scale of the auxiliary bounding box. By using auxiliary
bounding boxes of different scales for different datasets and
detectors, we can overcome the limitations of existing methods in
terms of their generalizability.

As shown in Figure 8A, the Ground truth and Anchor boxes are
b& and b, respectively. (x', y¥') is the center point of the GT box and
the center point of the inner GT box, while the center point of the
Anchor box and the inner Anchor box is denoted by (x,, y.). The
width and height of the GT box are denoted by w*' and K,
respectively, while the width and height of the Anchor box are
denoted by w and h, respectively. The variable “ratio” corresponds
to the scaling factor and is typically in the range [0.5, 1.5]. The
relevant formulas are shown in Equations 8 and 14, which describe
the adjustment process of the Anchor box with respect to the GT
box. In these formulas, the Anchor box is scaled and displaced by
the scaling factor ratio.

o X ratio @ X ratio

R e
K" X ratio K" X ratio
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The specifics of the Inner-SloU. (A) Schematic diagram. (B) Angle loss.
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bt=)’c—T, bt=y§t+f’ (11)
inter = (min (b, b,) — max o, b))

x (min (b, by,) — max (5, b)), (12)
union = @ x W% X ratio®> +@ x h x ratio® — inter, (13)

inner inter
IoU =—. (14)

union

The Inner-SIoU loss function inherits some characteristics of
IoU and has unique characteristics. The range of Inner-SIoU and
IoU loss functions is the same, which is [0, 1]. Since there is only a
scale difference between the auxiliary bounding box and the actual
bounding box, the loss function is calculated in the same way.
Therefore, the Inner-IoU bias curve shows a similar trend to the
IoU bias curve.

Additionally, the Inner-SIoU loss function redefines the loss
index by the angle of the regression vector, which comprises three
functions: angle loss, distance loss, and shape loss (Dong and
Duogian, 2023; Lawal et al., 2023). Here, the angle loss is defined as

A = 1-2sin? (arcsin x- %) (15)
x=c—;=sintx, (16)

o= \/(bfj ~ )+ (8 - bLy>2, (17)
G, = max {b%f,bcy} — min {b{y’,bcy}, (18)
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where (b‘g s bg) are the real bounding box coordinates,
(bcx, bcy) are the predicted bounding box coordinates and a is
the vector Angle. The angle loss is shown in Figure 8B.

The distance loss is defined as Equations 19 and 20:

A= T (1-exp ™). (19)
t=xy
where
Wb ) B b\
=|—=).p=|—2).r=2-A (20
P ( ol R el el B2 (20)
The shape loss is defined in Equations 21 and 22:
Q= T (1-exp®)?. (21)
t=w,h
where
B N o
¥ " max {w, wé'} G {h,hst}’

where @ and h are the width and height of the predicted
bounding box, respectively; @* and k¢ are the width and height
of the true bounding box, respectively. In summary, the loss
function of Inner-SIoU is

A+Q

LInner—SIaU =1- IOUinner + 2 (23)

When o tends to 0, the angle cost A will also tend to 0, which means
that the influence of A on the Inner-SloU is greatly reduced. When o
tends to 3.14/4, A takes the maximum value, which means that it has the
greatest impact on the Inner-SIoU. This approach fully considers the
angle between the real bounding box and the predicted bounding box,
improving the target box localization ability and prediction accuracy.

4 Experimental results and analysis

In this paper, 1,070 images of the longan dataset from the
Longan Garden of the Guangdong Academy of Agricultural

frontiersin.org

1217179



Li et al.

Sciences are used. After manual screening, annotation, and data
expansion, 2,460 longan dataset images are obtained for model
training and evaluation. The dataset contains images captured by
fruit-picking UAV cameras with different lighting conditions,
densities, angles, and longan species, which cover a wide range
and have strong generalizability.

This experiment classifies the selected fruit-picking UAV aerial
images, of which 1,968 are used for training and 660 are used for
testing. The quantity of data and the size distribution of labels for
each category in the training set are shown in Figure 9. The number
of labels in each category varies, and the quantity of data between
the corresponding categories varies greatly. In addition, most of the
points in the label size distribution map are clustered in the bottom-
left corner, while a few points are also clustered in the middle part
and the top-right corner. This shows that the longan image dataset
contains a large number of small- and partially medium-sized
objects with diverse sizes, which is consistent with the
background and problems studied in this paper.

The experiment is based on the Ubuntu 18.04 operating system,
and the environment is Python3.9, CUDA11.7, and Pytorch2.0. The
main specifications are as follows: CPU: AMD EPYC 7402 CPU @
2.80 GHz; GPU: GPU NVIDIA RTX A4000 16G; RAM: Crucial

label size distribution of eachcategory

0.00

a. Size distribution of labels.

Distribution of Width

Distribution of Height

10.3389/fpls.2024.1518294

DDR4 3200 1218G; Mechanical hard disk: WD HC550 16TB; Solid-
state drive: SAMSUNG 980 1TB; Motherboard: Supermicro H12SSL.

In order to further validate the robustness of the model and
avoid the interference of chance factors on the experiments, this
section adopts a fivefold cross-validation method to test the system
performance, which randomly and evenly divides the longan string
fruit dataset into five subsets. Each experiment uses four of the
subsets (1,968 sheets) for training and the remaining one (492 pairs)
for testing, and the cross-validation is repeated five times to ensure
that each subset is validated once as a test set. To ensure the validity
of cross-validation, this experiment ensures that there are no images
of the same case between the five subsets when dividing the dataset,
i.e, to ensure that there are no overlapping cases between the
training set and the test set.

To verify the effectiveness of the proposed model algorithm, we
conduct a series of lateral comparison experiments and perform
comparative ablation analysis on the corresponding improvement
points to verify the advancement of the YOLOv8s-Longan model.

Under the same hyperparameters, the experiments are trained,
verified, and tested on the basis of the original model, the training
epochs are set to 100, the initial learning rate is 0.01, and the
termination learning rate is le—4.

label size distribution of eachcategory heatmap
0.40 250
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0.00 005 010 015 020 025 030 035 040
Width

b. Heatmap of label size distribution.
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4.1 Experimental evaluation index

To effectively and intuitively demonstrate the improvement
effect of YOLOVS in this paper, the mean average precision
(mAP), the number of model parameters (Params), the total
floating-point operations (GFLOPs), and the frame rate of refresh
[Frames Per Second (FPS)] are used as the evaluation indexes of
model performance (Zhou et al,, 2024). The evaluation metrics
contain precision, deployability, and speed, which are defined as
shown in Table 3.

Efficient ECA channel attention mechanism, which only adds a
small number of parameters but obtains performance gains, has
some limitations in dealing with global context dependencies and
channel spatial relationships. The DenseCBMA module
incorporates the CBAM attention mechanism, adding the spatial
attention mechanism on the basis of retaining the original channel
attention mechanism, optimizing the network from both the
channel and spatial aspects, and improving the feature extraction
effect of the model from both the channel and spatial perspectives at
the same time. Each DenseNet variant module replaces the first set
of Conv-C2f modules in the YOLOv8 backbone network, and the
experimental results are shown in Table 4.

4.2 DenseAMA module comparison results

The DenseAMA module is built based on the DenseNet module
architecture and introduces the AMA attention mechanism module
and the H-wish activation function, which are weighted by average
and maximum pooling. The DenseNet, DenseAMA, DenseCA,
DenseECA, and DenseCBMA modules are also selected for
comparison with other DenseNet variants. The DenseAMA
module is proposed on the infrastructure of DenseNet and aims
to improve the generalization performance of the classifier through

TABLE 3 Experimental evaluation indicators.

Evaluation
indexes

Indicator Description

Type

mAP@0.5 During the last 10 epochs of model
training, the average AP of all images
under each category was calculated when

the threshold ToU was set to 0.5.

mAP@0.5-0.95 During the last 10 epochs of model

Accuracy training, the average AP of all images
under each category was calculated when

the threshold IoU was set to 0.5-0.95.

Recall Proportion of positive longan string fruit
samples successfully identified by

the model.

Deployability Parameters (m)

GFLOPs (G)

The number of parameters in the model.
The number of floating-point operations,
which measures the computational
complexity of the model.

Refresh frame rate, which indicates how
many images are reasoned per second.

Speed FPS (img/s)
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adaptive convolutional kernel tuning while enhancing the flow of
information and gradients throughout the network. The DenseCA
module introduces the CA attention mechanism in the DenseNet
network, which focuses on the attention on the channel dimension,
and although it may not be as good as the other 384 attention
mechanisms for the case of a small number of channels, it can
improve the detection accuracy of the model in scenarios with a
large number of channels. The DenseECA module incorporates the
efficient ECA channel attention mechanism, which not only adds a
small number of parameters but also obtains performance gains, but
it has some limitations in dealing with global context dependencies
and channel spatial relationships. The DenseCBMA module
incorporates the CBAM attention mechanism, adding the spatial
attention mechanism on the basis of retaining the original channel
attention mechanism, optimizing the network from both the
channel and spatial aspects, and improving the feature extraction
effect of the model from both the channel and spatial perspectives at
the same time. Each DenseNet variant module replaces the first set
of Conv-C2f modules in the YOLOv8 backbone network, and the
experimental results are shown in Table 4.

Table 4 shows that the DenseAMA module improves the
mAP@0.5 by 0.9% compared to the DenseNet module with
essentially no change in the number of parameters and the
amount of computation. Compared to the rest of the DenseNet
variant modules, mAP@0.5 improves by 0.83% on average, thus
proving the effectiveness of the DenseAMA module in terms
of accuracy.

4.3 C2f-Faster-AMA module
comparison results

The C2f-Faster-AMA module is built based on the C2f module
architecture and introduces the FasterNet and AMA attention
mechanism modules. Meanwhile, comparing other residual
modules, C2f, C2f-Faster-AMA, C2{-DCNV2, and C2{-DBB
residual modules are selected for comparison experiments. The
C2f module adopts the concept of multi-level gradient extraction,
which enhances the depth of feature extraction and improves the
detection accuracy of the model. The C2f-Faster-AMA module is
proposed on the basis of FasterNet and aims to reduce the model
parameters while maintaining accuracy. The C2{-DCNV2 module
adopts a two-branch structure to effectively fuse shared and
context-aware weights and aggregate high-frequency local
information. The C2f-DBB block aims to improve the feature
extraction capability of the network by combining multiple
branches for feature extraction using convolutional kernels of
different sizes, which are merged or spliced together to form a
more master-rich representation. The C2f module is replaced by
each residual module in the backbone network, and the
experimental results are shown in Table 5.

As shown in Table 5, compared to the C2f module, the C2f-
Faster-AMA module has 9.8% less computation, 12.7% fewer
parameters, and 1.4% improvement in mAP@0.5. Compared to
other C2f residual modules, mAP@0.5 improves by 0.67% on
average. Thus, the C2f-Faster-AMA module is superior in terms
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TABLE 4 Comparison results of the performance of different DenseNet variants.

Variant module = Cross-validation = GFLOPs (G) = Parameters (m) mAP@O0.5 mAP@0.5-0.95
DenseNet AVG 3530 11.10 0.766 81.1% 47.6%
+CA AVG +2.70 +0.10 0.754 80.9% 46.4%
+ECA AVG +0.12 +0.06 0.759 81.2% 47.1%
+CBMA AVG +2.90 +0.10 0.767 81.5% 47.4%
+AMA AVG +0.53 +0.08 0.779 82.0% 48.8%

of the number of parameters, the amount of computation, and the
prediction accuracy.

4.4 Inner-SloU loss function
comparison results

To verify the effectiveness of the loss function Inner-SIoU, the
improved Inner-SIoU loss function was compared with Complete
Intersection over Union (CIOU), Distance Intersection over Union
(DIOU), Extended Intersection over Union (EIOU), and
Generalized Intersection over Union (GIOU) in a comparison
experiment, and the results are shown in Table 6.

Table 6 shows that the model with the Inner-SIoU loss function
performs the best, leading the model with the CIOU loss function
by 1.7%, which is an average improvement of 1.2% over the other
models. In terms of recall, Recall Inner-SIoU still maintains the best
recall with an improvement of 2.26% compared to the original
model. Under the comprehensive evaluation, the improved loss
function is effective, and Inner-SIoU not only improves the
detection accuracy but also improves the recall of the model.

4.5 Ablation experiment

To analyze the detection performance of the proposed
YOLOvS8s-Longan algorithm on a dataset of 2,460 UAV aerial
longan images, YOLOVSs is the baseline model and does not use
pretraining parameters for the models before and after
improvement. On the premise of maintaining the same
experimental configuration, the detection performance of the
proposed YOLOV8s-Longan algorithm improves. The input image
resolution is set to the input size of the image taken by the D435i
depth camera, which is 848 x 480.

Therefore, an ablation experiment is designed for the UAV aerial
longan image dataset, and the experimental parameters are described in

TABLE 5 C2f residual module performance comparison results.

Section 4. A comparison of the ablation experimental results of the
proposed method is shown in Table 7. Model 1 represents the original
structure of YOLOv8s, Model 2 represents the integration of the
DenseAMA module structure in the front of the YOLOv8s
backbone, and Model 3 represents the replacement of the C2f
module with the C2f-Faster-AMA module in the back of the
YOLOvS8s backbone. Model 4 represents the replacement of the
original YOLOV8'’s neck network with the VOVGSCSPC module of
the C2f module, model 5 represents replacing the loss function CIOU
in the original YOLOV8s with the improved Inner-SIoU loss function,
model 6 represents replacing the backbone overall network structure of
the YOLOV8s by combining the DenseAMA module with the C2f-
Faster-AMA module, model 7 represents replacing the backbone
network of the model 6 with the VOVGSCSPC module to replace
the C2f module in the neck network of model 6, and model 8
represents the YOLOv8s-Longan model structure of this paper.

According to Table 7, integrating the DenseAMA module
structure in the front of the YOLOvS8s backbone can improve the
mAP@0.5 of the model by 1.6%, and replacing the C2f module with
the C2FFast-AMA module in the back of the YOLOvS8s backbone
can improve the mAP@0.5 of the model by 1.4%. Additionally, the
combination algorithm of the DenseAMA module and C2F-Fast-
AMA module improved the mAP@0.5 of the original YOLOV8s
model by 2.3%, thus showing a performance superposition effect.
After C2f in the neck network is replaced with the VOVGSCSPC
module, the loss function CIOU in the original network structure is
changed to the Inner-SIoU loss function to improve global
performance. Compared with those of the original YOLOvS8s
model, the parameters of the proposed YOLOv8s-Longan model
are reduced by 20.3%, and the number of calculations in the model
is reduced by 2.08%. With the same number of training steps (100
iterations), the recall rate increases by 6.3%, and the prediction
accuracy mAP@0.5 increases by 3.9%. It shows that the proposed
method not only improves the detection accuracy but also
successfully realizes the lightweight nature of the model to meet
real-time and accuracy requirements.

Residual Module Cross-validation = GFLOPs (G) Parameters (m) Recall mAP@O0.5 mAP@0.5-0.95
Cof AVG 28.4 111 0.751 80.4% 16.8%
C2f-DCNV2 AVG 27.1 112 0.767 81.2% 47.3%
C2f-DBB AVG 345 13.7 0.759 81.0% 47.2%
C2f-Faster-AMA AVG 256 9.7 0.755 81.8% 47.8%
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TABLE 6 Comparison results of the performance of different loss functions.

10.3389/fpls.2024.1518294

Loss function Cross-validation mAP@O0.5 mAP@0.5-0.95
CIOU AVG 0.751 80.4% 46.8%
DIOU AVG 0.751 81.1% 46.9%
EIOU AVG 0.773 81.0% 47.6%
GIOU AVG 0.765 81.1% 47.1%
Inner-SloU AVG 0.768 82.1% 47.7%

CIOU, Complete Intersection over Union; DIOU, Distance Intersection over Union; EIOU, Extended Intersection over Union; GIOU, Generalized Intersection over Union.

4.6 Different comparison algorithms

To further verify the efficiency and adaptability of the
YOLOvV8s-Longan model proposed in this paper for longan string
fruit target detection and positioning, the YOLOv8s-Longan model
is selected to compare with YOLOvV5, YOLOvV6, and YOLOVS,
which are classic models in the current object detection field. As a
mature real-time detection model, YOLOV5 uses Mosaic data
enhancement in the input and Focus structure in the Backbone
network, which has a good balance between speed and accuracy.
YOLOV6 further improves efficiency by introducing RepVGG and
EfficientRep modules. As the latest version of the YOLO series,
YOLOVS8 uses deeper DarkNet-53 as the backbone network and
replaces the C3 module in YOLOV5 with the C2f module, which has
made significant improvements in lightweight and performance
and has strong representability. By comparing the n and s versions
of the YOLOvV5 and YOLOVS series proposed by Ultralytics, and the
n and s versions of the commonly used YOLOV6 series, six
performance indicators are selected. Namely, the amount of
computation (GFLOPS), the number of parameters, recall, mAP@
0.5 and mAP@0.5-0.95, and FPS are recorded, and the data are
shown in Table 8 and Figure 10.

According to the comparative experimental results in Table 8,
the improved YOLOv8s-Longan model proposed in this paper has
higher mAP@0.5 and mAP@0.5-0.95 detection accuracies than
other classical models, and the average accuracy of the other
mAP@0.5 models increases by 4.72%. The parameters of the
improved algorithm in this paper are lower than those of other

TABLE 7 Comparative results of ablation experiments for YOLOv8s-Longan.

classical models, the parameters of the YOLOv8s-Longan model are
only half of those of the YOLOv6s model, and the parameters of the
YOLOv8s-Longan model are reduced by 23.6% on average
compared with those of other models with the same
specifications. From the perspective of various indicators, the
improved model algorithm in this paper has the best
comprehensive performance and has good detection ability for
longan string fruit images. This model not only improves
detection accuracy but is also lightweight and can meet real-time
and accurate requirements, demonstrating the obvious superiority
of the YOLOv8s-Longan target detection model.

To better show the effectiveness of the improved algorithm,
various classical accuracy detection models and the YOLOv8s-
Longan model in the training process are compared with the
changes in four indicators: accuracy, recall rate, mAP@0.5, and
mAP®@0.5-0.95. The experimental results are shown in Figure 10.
With an increase in the number of iterations, all the comparison
algorithms can finally reach convergence, but the four indicators of
the improved YOLOv8s-Longan model are significantly greater
than those of all the classical detection models. A comparison of
the mAP@0.5 and mAP@0.5-0.95 curves is shown in
Figures 10C, D. The mAP of the improved algorithm is greater
than that of the original YOLOv8s benchmark model when training
for 100 rounds, which proves that the YOLOv8s-Longan model in
this paper can eftectively improve the ability to detect longan bunk
fruit compared with the original benchmark model.

The Longan Garden of the Guangdong Academy of
Agricultural Sciences was used to test some of the 1,070 longan

valimton @y Recall map@os MAUGEST T
YOLOV8s AVG 28.8 111 0.751 80.4% 46.8% 115
YOLOVSs + DenscAMA AVG 353 1.1 0.779 82.0% 48.8% 16
YOLOV8s + C2f-Easter-AMA AVG 256 9.7 0.755 81.8% 47.8% 110
YOLOV8s + VOVGSCSPC AVG 252 103 0775 82.0% 47.7% 113
YOLOVSs + Inner-SloU AVG 288 1.1 0.768 82.1% 47.4% 114
YOLOVSs + DenseAMA + C2f-Faster-AMA AVG 321 9.8 0.780 82.7% 48.4% 43
YOLOvSs +P;’g;%; Ccsf)féFaSte"AMA AVG 282 8.8 0.778 82.6% 483% 45
YOLOV8s-Longan AVG 282 8.8 0.798 84.3% 50.2% 45

Frontiers in Plant Science

14

frontiersin.org

125/179



Li et al.

10.3389/fpls.2024.1518294

TABLE 8 Comparative experimental results of classical models for object detection.

va(ii:jzstsic-)n GFLOPs (G) @ Parameters (m) Recall mAP@O0.5 mAg%g.S— FPS (img/s)
YOLOvSn AVG 7.8 2.65 0.743 79.5% 44.1% 272
YOLOvSs AVG 242 9.15 0.750 79.9% 45.7% 119
YOLOvén AVG 13.1 45 0.720 78.9% 43.5% 202
YOLOv6s AVG 149 164 0.749 79.7% 14.9% 116
YOLOv8n AVG 8.2 3.0 0.745 79.1% 45.0% 262
YOLOVSs AVG 28.8 11.1 0.751 80.4% 46.8% 115
YOLOWV8s-Longan AVG 288 8.8 0.798 84.3% 50.2% 45

dataset images to evaluate the effect before and after the
improvement more intuitively. Comparing Figure 11 shows that
except for YOLOv6s in Figure 11D and YOLOv8s-Longan in
Figure 11G, there is no missing detection in the upper-right
corner of the dense longan string fruit scene; other detection
models fail to detect longan string fruit in the upper-right corner
of the figure. Additionally, compared with Figures 11D, G, the
overall accuracy of the YOLOv8s-Longan model in image detection
is much greater than that of the YOLOv6s model, and the
prediction accuracy of the YOLOv6s model increases by 21.1% on
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average. The improved model has higher detection accuracy, and
the detection performance is significantly improved.

To further explore the improvement of the YOLOv8s-Longan
model algorithm, a heatmap visualization comparison and analysis
of the detection effect are performed, and the specific results are
shown in Figure 12.

Specifically, Figures 12A, D show the heatmap visualization
comparison of the YOLOv5 model, in which Figure 12A only
vaguely identifles the approximate position of the longan string
fruit, and Figure 12D only identifies the center position of the right
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g. YOLOv8s-Longan detention results in dense longan string fruit scene.
FIGURE 11

Prediction comparison of different network models for identification. (A) YOLOV5n. (B) YOLOv6N. (C) YOLOV8N. (D) YOLOV8N. (E) YOLOVGs. (F)
YOLOVSs. (G) YOLOv8s-Longan detention results in dense longan string fruit scene.

longan string fruit but does not identify the left longan string fruit.
Figures 12B, E show the heatmap visual comparison of the YOLOv6
model. This group of figures can only identify the center position of
the right longan string fruit and has obvious false detection of the
surrounding green leaf environment. A heatmap of the YOLOv8
model is shown in Figures 12C, F. In Figure 12C, the approximate
position of the longan string fruit on the left and right sides is fuzzy,
but the surrounding green leaves are clearly misidentified.
Figure 12F shows the approximate identification of the peripheral
outline of the longan string fruit on the right. Figure 12G shows a
heatmap visual comparison between the YOLOv8s-Longan model
and other classical detection models. The improved YOLOv8s-
Longan model can perfectly identify the irregular peripheral
contour of longan string fruit, and there is no false detection of
the surrounding green leaves or other interference objects.
Therefore, the YOLOv8s-Longan model performs well in
improving object detection accuracy and solving the problems of

Frontiers in Plant Science

missed and false detections, which significantly improves the object
detection task.

4.7 Detection effects in different
natural scenes

In this section, the performance of the YOLOv8s-Longan model
under different lighting conditions is evaluated in detail. In the frontal
illumination environment, Figures 13A, B demonstrate that the model
can accurately identify the target at different distances, far and near.
Figures 13C, D are in the backlight condition; the model is still able to
accurately identify the longan string fruit without being affected by the
light intensity. As shown in Figures 13A, C, the recognition of longan
strings in long-distance scenes proves that the model can maintain
accurate detection of longan string fruit regardless of the lighting
environment or scene distance. Comprehensive Figure 13 shows that
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a. YOLOvS5n. b. YOLOv6n.
d. YOLOvVSs. f. YOLOvSs.
g. YOLOv8s-Longan heat map for longan string fruit prediction.
FIGURE 12

Comparison of heatmaps for prediction of longan fruit recognition by different network models. (A) YOLOv5n. (B) YOLOv6N. (C) YOLOvV8N. (D)
YOLOvV8N. (E) YOLOV6s. (F) YOLOVSs. (G) YOLOv8s-Longan heat map for longan string fruit prediction.

the YOLOv8s-Longan model shows strong robustness regardless of the
changes in lighting conditions or near and far scenes and successfully
realizes the accurate detection of targets under different
environmental conditions.

In order to verify the robustness of the YOLOv8s-Longan model
for the recognition of different longan varieties, especially the
detection ability of the model for different longan varieties in the
same environment, Figures 14A, B show the detection results for the
Chuliang longan, while Figures 14C, D show the detection results
for the Shixia longan. There were obvious differences in the color,
size, and shape of the two longan fruits, and different appearance
characteristics were reflected at different distances and light
conditions. Based on Figure 14, it can be seen that the model can
accurately identify longan string fruit, which indicates that the
YOLOv8s-Longan model shows excellent generalization
performance in identifying different longan varieties.
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4.8 The real-time deployment test

To verify the practical deployment capability of the proposed
YOLOv8s-Longan model for the UAV, in this experiment, D]I
M300 RTK model UAV and Intel RealSense D435i camera are
selected, and the YOLOv8s-Longan model is deployed to the
NanoPi-R5C-Combo onboard computer. The performance of
string fruit recognition is tested on Chuliang and Shixia longan
scenes in the longan garden of the Guangdong Academy of
Agricultural Sciences. The test scenario is shown in Figure 15,
and the recognition results are shown in Table 9.

During the actual test, the NanoPi-R5C-Combo on-board
computer deploys the lightweight model with a parameter count
of 8.83M with 18.1 MB of memory, and the model can process 45 to
50 images per second, which can meet the real-time recognition of
longan string in real-time by the UAV. From Table 9, the
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FIGURE 13
Comparison of detection results under different environmental conditions. (A) Far and sunny side. (B) Near and sunny side. (C) Far and night side. (D)
Near and night side.
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FIGURE 14
Comparison of the detection results for different longan varieties. (A) Far and Chuliang Longan. (B) Near and Chuliang Longan. (C) Far and Shixia
Longan. (D) Near and Shixia Longan.
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TABLE 9 Recognition results of YOLOv8s-Longan model in different natural scenes.

Different Numbe_r of true longan Igﬁmg)érﬂ;? f(:) c;r;g::]t Idﬁﬂﬂg?rgotfhé r:g:r?g HEHDFEEY
MU SEEEs i) IS string clusters string clusters
Close, sunny side 7 7 0 100%
Close, night side 9 8 1 88.9%
Far, sunny side 15 13 2 86.7%
Far, night side 17 14 3 82.3%

FIGURE 15
The UAV test scenario. UAV, unmanned aerial vehicle.

YOLOv8s-Longan model has good recognition and detection
results for both Chuliang and Shixia longan varieties in different
natural scenarios. Among the 48 clusters of identified longan string,
42 clusters of string are accurately identified, and the average
recognition accuracy of the YOLOv8s-Longan model is 87.5%,
which can satisfy the need of the UAV for lightweight and
accurate recognition of longan string. Among the six clusters of
longan string that were missed, four clusters of string are occluded
by the transition of longan string in front of them and thus
identified as one cluster of longan string by the model; the other
two clusters of string are missed because they are located inside the
center of the fruit tree under cloudy conditions, which prevented
them from being accurately identified by the model.

5 Conclusion

In this paper, a fast and accurate detection scheme based on
deep learning is proposed for the UAV aerial longan image dataset.
First, the Intel RealSense D435i depth camera is mounted on the
fruit-picking UAV to collect longan string fruit data. Second, in
order to reduce the computing requirements and memory usage of
airborne computing equipment and improve the fast and accurate
detection accuracy of longan string fruit, the YOLOv8s-Longan
deep learning model is proposed.

Frontiers in Plant Science

The experimental results show that the recall and mAP@0.5 of
the improved model proposed in this paper increase by 6.3% and
3.9%, respectively, on the longan string fruit dataset, and the
parameter quantity of the improved model decreases by 20.3%.
Compared with the other three YOLO series classical algorithms,
the improved model algorithm in this paper is feasible, which
improves the detection accuracy of longan string fruit targets and
greatly reduces the number of missed and false detections of
occluded targets.

In the future, the training speed of the model and the ability of
the object detection model to resist environmental interference will
be further improved, and the robustness, generalization ability, and
application prospect of the model will be enhanced. In future work,
we will analyze the maturity and disease and insect pests of longan
string fruit through the model and provide customized picking
strategies, which will help to improve the yield and quality of
longan, promote the income growth of fruit farmers, and promote
the sustainable development of longan cultivation industry.
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Abstract: Path planning is a fundamental challenge for autonomous robots, particularly in
unstructured environments, where issues such as low search efficiency, suboptimal path
quality, and local optima often arise. To address these challenges and enable a nonholo-
nomic orchard robot to accomplish tasks safely and efficiently, this paper proposes a novel
HPS-RRT* algorithm based on hybrid exploration and optimization mechanisms to enhance
path planning performance. A hybrid sampling strategy adapted to the environmental
characteristics is proposed to improve the search efficiency, and an extended step size based
on Lévy distribution is designed to balance exploration and optimization. Moreover, a
pruning strategy is incorporated to reduce redundant points during the search process,
enhancing the efficiency of the exploration tree and reducing unnecessary expansion. Fur-
thermore, a novel leader-based sparrow optimization algorithm is proposed to ensure that
the planned path is suitable for the nonholonomic orchard robot. It can overcome the
limitations of traditional smoothing methods by simultaneously optimizing curvature and
path length. Compared with existing RRT*-based algorithms in environments of varying
complexity, the proposed HPS-RRT* reduces the final path length by 1.7% to 27%, improves
planning efficiency by 77.7% to 93.3%, and enhances path smoothness by 27.9% to 41.7%,
while maintaining a 100% success rate. Furthermore, its feasibility for a nonholonomic
orchard robot is validated through a multi-target planning task with curvature constraints.

Keywords: path planning; path optimization; unstructured environments; rapidly exploring
random tree (RRT); autonomous orchard robot

1. Introduction

Currently, orchard robots, such as weeding robots, harvesting robots, and spraying
robots, have garnered significant attention from researchers. Compared with traditional
open-field environments, such as those for rice and corn, the unstructured nature of orchard
environments poses greater challenges for the autonomous navigation of orchard robots.
Orchards in southern China are more concentrated in hilly areas, where the ground is undu-
lating, and has more slopes, with angles that range from 5° to 20° [1]. Consequently, large
machinery struggles to operate in such environments, resulting in a relatively low level of
automation in the orchard planting industry. The integration of autonomous navigation
technology is essential for the widespread adoption of smart agricultural machinery. Agri-
cultural machinery automatic navigation technology is a core aspect of smart agricultural
equipment and serves as one of the solutions to the aforementioned challenges [2]. The
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development of autonomous navigation technology for orchard robots enables machinery
to operate along optimized paths, improving operational quality and efficiency, making it
an effective solution to this challenge.

Path planning is a crucial supporting tool for deploying autonomous driving systems
in engineered environments and is one of the key technologies for achieving autonomous
movement [3]. Path planning is a non-deterministic polynomial time (“NP”) hard prob-
lem [4] which has the task of finding a continuous path connecting a system from an initial
to a final goal configuration [5]. Traditional methods such as simulated annealing, artificial
potential field, and fuzzy control methods were initially applied to path planning. Kun
Shi et al. improved the simulated annealing algorithm’s process in 2024 [6], enhancing the
efficiency and optimality of path planning. Wang Siming et al. proposed an improved arti-
ficial potential field method in 2018 [7], which addressed issues such as unreachable goals
and slow convergence in traditional artificial potential field methods by introducing virtual
target points and improving the repulsive force function. Sawsan Abdel-Latif El-Teleity
et al. designed a hierarchical behavior-based control strategy in 2011 [8], combining four
different reactive behaviors using a fuzzy supervisor to achieve autonomous navigation for
mobile robots. However, these methods often fail to effectively utilize global information,
leading to unreachable targets and local optima. Graph-based methods, such as the A*
algorithm, grid-based methods, and their improved variants, face efficiency decline and
limited adaptability in unstructured orchard environments, making them inadequate for
orchard path planning requirements. Yulun Zhu et al. in 2024 [9] proposed an escape
route planning method based on the improved A* algorithm. In 2020, Ajeil, FH. [10] et al.
introduced an improved algorithm based on ant colony age, termed Age-Based Ant Colony
Optimization (ABACO), into the standard ant colony optimization framework. ABACO
is integrated with grid-based modeling of static and dynamic environments to tackle the
path planning problem. Gong et al. [11] integrated Jump Point Search into the traditional
A* algorithm to reduce memory usage and improve efficiency. These methods all face the
issues mentioned above.

Among various path planning algorithms, sampling-based motion planning algo-
rithms are widely favored for their suitability in large environments, fast search speed,
and robust obstacle avoidance capabilities. Rapidly Exploring Random Trees (RRT) [12]
and Probabilistic Roadmap (PRM) [13] are two commonly used sampling-based motion
planning algorithms. Although widely used in path planning, experiments reveal that these
algorithms cannot guarantee optimality and perform inefficiently in complex environments
such as orchards. The RRT algorithm uses a strategy of uniformly and randomly sampling
the entire state space, which is beneficial for searching unexplored portions. However,
sampling in some unnecessary areas will slow down the algorithm’s convergence rate and
waste a lot of computing time. In addition, the length of the planned path and the shortest
path will differ greatly [14]. In order to avoid blindness in the search process, LaValle
and Kuffner in 2001 [15] put forward the idea of goal bias, which improves exploration
efficiency. Their extensions, RRT* and PRM*, ensure asymptotic optimality but suffer
from slow convergence and require extensive sampling to achieve optimal solutions. For
example, Sertac Karaman et al. proposed a sampling-based algorithm based on the Rapidly
Exploring Random Graphs (RRGs) method in 2012 [16] that solves this problem with prob-
abilistic completeness and asymptotic optimality guarantees. Lei Ye et al. proposed the
CBQ-RRT* algorithm in 2024, introducing the CreateConnectNode optimization method,
which effectively addresses the path-smoothing issue at the intersection of expanding
trees [17]. In 2023, Lei Ye et al. proposed the IKB-RRT algorithm, which incorporates
an improved artificial potential field method, a sampling technique for motion control
parameters of robotic configurations, and a path optimization strategy for dual-tree con-
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nectivity, achieving obstacle avoidance while ensuring path smoothness [18]. Bio-inspired
intelligent methods, such as Genetic Algorithm, Artificial Neural Networks, Ant Colony
Optimization, and Particle Swarm Optimization (PSO), are closely aligned with natural
biological properties and ecological mechanisms, offering higher intelligence and efficiency.
For example, Yue Li et al. in 2023 [19] proposed a fusion algorithm based on the improved
genetic algorithm and the dynamic window approach, enhancing the robot’s ability to
avoid dynamic obstacles and quickly solve for shorter and smoother robot paths. A. Zhu
et al. in 2006 [20] proposed a neural network-based approach to task assignment, using a
self-organizing map (SOM) for a multi-robot system in dynamic environments subject to
uncertainties. Razif Rashid et al. in 2016 [21] proposed the ant colony optimization (ACO)
technique to solve the mobile robot path planning (MRPP) problem. Li Zheng et al. in
2023 [22] proposed a particle swarm optimization algorithm based on the artificial potential
field method. This approach generates the robot’s planned path by adjusting the inertia
weight parameters and particle position vector sorting (rPSO), which is then improved
using the artificial potential field method. In addition, in 2014, M. Rickert and colleagues
introduced the EET algorithm for motion planning [23], which balances optimality and
efficiency by effectively utilizing spatial information. J. D. Gammell et al. in 2014 [24]
introduced the Informed RRT* algorithm. This method enhances both convergence speed
and solution quality by focusing the search on a subset of the sampling space through a
precise approach. However, these methods are less suitable for unstructured environments
like hilly orchard terrains. The traditional full-coverage job path planning algorithm has
problems, such as not being smooth enough and having a large curvature fluctuation, which
leads to unsteady running and a low working efficiency of the robot trajectory tracking [25].
Deep learning (DL) has become a novel artificial intelligence methodology in the
last few years. In 2024, Ben Hazem published a paper detailing the development process
of the DQL algorithm [26]. The artificial neural networks (ANNSs) could enhance the
self-learning of systems to obtain the required output. In 2022, Cui Jichao [27] published
an article that integrated deep learning theories to enhance motion path planning and
obstacle avoidance for mobile robots, significantly improving their autonomy. Although
path planning algorithms based on Q-learning and deep Q-learning demonstrate strong
capabilities in many tasks, their model training requires substantial time and computation,
making them challenging to apply in resource-constrained environments and less adaptable
to environmental changes. To clarify the characteristics and limitations of various path
planning algorithms for easier discussion, we have summarized them in Table 1.

Table 1. The characteristics and limitations of various path planning algorithms.

Algorithms

Characteristics

Limitations

Reference Index

Simulated annealing

Artificial potential
field method

Fuzzy control method
A* algorithm
Grid-based method

RRT

The annealing process in physics,
avoids local optima
Attractive source, repulsive
source, strong real-time

Adaptation to nonlinear systems

Heuristic function, static
environment, shortest path
Static obstacle environment with
grid discretization
Rapidly exploring random trees,
real-time path update

Slow convergence, challenging
parameter tuning
Path lacks smoothness,
oscillation, local optima
Designing fuzzy rules
requires expertise
Poor path smoothness,
excessive turning points
Poor path smoothness, low path
quality, efficiency
Poor path smoothness,
challenging parameter tuning

(6]
[7]
(8]
[]
[10]

[12]

134/179



Agronomy 2025, 15, 712 4 0f 25
Table 1. Cont.
Algorithms Characteristics Limitations Reference Index
Graph-based search algorithm, Not well-suited for
PRM . . . . [13]
high-dimensional space narrow environments
Genetic algorithm Simulates nafcural §el.ect10n and Premature convergence, [17]
genetic variation slow convergence
Artificial neural network Data trammg,'pattern 'recogmtlon, Requlres'large tralm'n'g data, [18]
decision-making low interpretability
Ant colony algorithm Ant foraging, pheromone Slow convergence, local optima [19]
Partl.cle. swarm Bird fpragmg, 1nformat10n Challenging parameter tuning [20]
optimization sharing among particles
Extended tree, adaptable to Highly complex with extensive
EET . . A ; [21]
dynamic environments algorithmic details
. Feature extraction, large-scale Needs extensive labeled data,
Deep learning . .. . . . [24]
real-time decision-making poor model interpretability

To address issues such as low search efficiency, poor path quality, local optima, and
unreachable goals in existing path planning algorithms, this paper proposes a novel path
planning algorithm for the nonholonomic orchard robot. The algorithm, which is an im-
proved RRT* using hybrid sampling, branch and leaf pruning, and the improved sparrow
search algorithm, called HPS-RRT* (H: Hybrid, P: Prune, S: Sparrow), enhances the classi-
cal RRT* framework by incorporating hybrid exploration and optimization mechanisms
to improve efficiency and trajectory quality in unstructured environments. The main
contributions of this paper are summarized as follows:

1. To enhance search efficiency in orchard path planning, the proposed HPS-RRT* algo-
rithm employs a hybrid sampling strategy that selects appropriate sampling methods
based on environmental characteristics, achieving overall sampling optimality. Addi-
tionally, it utilizes an extended step size based on Lévy distribution instead of a fixed
step size [28], balancing exploration efficiency and optimality.

2. To reduce the proportion of redundant points during the search process, this paper
innovatively designs a pruning strategy that eliminates redundant nodes, guiding
the exploration tree in the correct direction. This enhances extension efficiency and
decreases the ratio of unnecessary expansion points.

3. To address the issues of path smoothness and quality in traditional path planning
algorithms, this paper proposes a leader-based sparrow optimization algorithm. This
approach effectively resolves the limitation of conventional smoothing algorithms,
which struggle to optimize curvature while considering path length.

The rest of this paper is as follows. Section 2 presents the traditional RRT algorithm
and the RRT* algorithm. In Section 3, we show the detailed design of the proposed HPS-
RRT* algorithm. The comparison results and an orchard robot experiment are presented in
Section 4 to show the effectiveness of the HPS-RRT*. Conclusions and future directions of
research are given in Section 5.

2. Materials and Methods
2.1. Traditional RRT Algorithm

The Rapidly Exploring Random Tree (RRT) is a path planning tree that grows from
the start to the goal point. Starting from the initial point, the algorithm performs random
sampling in the space, identifies the nearest point on the tree that can be connected without
obstacles, connects it to the sampled point, and adds the sampled point to the tree. This
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process continues until the area near the goal is explored. However, this method does not
guarantee an optimal path. The RRT algorithm’s expansion steps are as follows:

1. Define the starting point x;,;;, the goal point x4, and initialize the random tree T.

2. Generate a random sample point x,,,,5.

3. Find the nearest node Xy on the random tree to x,,,,5. In Figure 1, x5 corresponds
to the starting point x;,j.

4.  Extend from X, by a step size S to generate a new node X, Perform collision
detection for xje. If no collision occurs, add x,., as a child node. If a collision is
detected, repeat step 2.

5. Check if xye has reached the goal point xg, or if the maximum iteration count is
reached. If either condition is satisfied, stop the expansion; otherwise, continue expanding.

6.  Repeat steps (2) to (5) until the goal point xg,, is found.

7. Once the goal point xg, is found, backtrack from the goal point to the starting point
through the parent nodes to form the path. In Figure 1, the red line segments represent
the path obtained in this example.

Figure 1. RRT algorithm principle diagram.

In Figure 1, gray rectangles represent obstacles, the green sphere x;,; is the starting
point, the red sphere x,,, is the goal point, the blue sphere ;4 is the randomly sampled
point, the purple sphere x;,;, is the newly generated node, and the red path represents the
final planned trajectory. The black circle indicates that the node has reached the vicinity of
the target point.

2.2. RRT*-Algorithm Based on RRT

The RRT algorithm can only find a feasible path but does not guarantee an optimal one.
The RRT* algorithm enhances the RRT by adding two steps, reconnection and optimization,
which improve the quality and efficiency of path planning. The following explains these
additional steps in the RRT* algorithm:

1. The initial steps are similar to the RRT algorithm.

2. Find the nearest node Xy, t0 Xyew in the random tree T, and calculate the cost
cost(Xyin, Xnew) from X, t0 Xpew.

3. For nodes xy¢; within a certain range of xy¢, in the random tree T, calculate the
cost cost(Xneqr, Xpew) for connecting through x.,. Choose the connection with the
minimum cost, as illustrated in Figure 2.

4. Add xyep to the random tree T and update the connection relationships and cost
information between nodes.

5. Optimize certain nodes in the random tree T toward the goal x40, by adjusting
connections and cost information to improve path quality, as illustrated in Figure 3.

6. If xperp reaches the goal xg,,, identify a feasible path and terminate the algorithm.
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Figure 3. RRT optimization.

In Figure 2, the gray rectangle represents obstacles, the green spherical point x;,;; is the
initial point, the cyan spherical point x,,;, is the node closest to x,,,4, the orange spherical
point enclosed by the circle represents the nodes ¢, within a certain range of x,,,, and
the red path represents the reconnected path.

In Figure 3, the green spherical point x;,;; is the initial point, the red spherical point
Xnew is the optimized target node, and the nodes x;,.;» around the goal node are enclosed by
an elliptical shape. Through computation, it is found that the cost from node 0 to node 6
was originally 15, but after optimization, the cost from node 0 to node 6 is reduced to 12,
resulting in an optimized path.

The RRT* algorithm improves path quality and length through reconnection and
optimization. However, since it does not alter the random sampling strategy, it still faces
the same challenge as the RRT algorithm: low search efficiency in complex environments.

3. The Proposed HPS-RRT* Algorithm

As a classic sampling-based search algorithm, RRT* is widely used in robotic path
planning; however, it suffers from low exploration efficiency, suboptimal final paths, and
limitations in practical navigation applications. In this paper, the HPS-RRT* algorithm
addresses these issues by employing hybrid sampling, Lévy distribution step sizes, and
pruning strategies, significantly enhancing the exploration efficiency of RRT*. The sampling
and connection process is outlined in Figure 4:
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Figure 4. Flowchart of the HPS-RRT* algorithm.

Additionally, this paper presents a leader-based sparrow optimization algorithm to
tackle the issues of non-optimal paths and poor smoothness. This method ensures rapid
convergence while accommodating curvature constraints, enabling an optimization process
with varying priorities. Consequently, the optimized path achieves the maximum curvature
constraint and optimal path length. HPS-RRT* exhibits the following innovative features:

1. Utilizes a hybrid sampling strategy to balance the strengths and weaknesses of various
sampling methods, achieving overall sampling optimization.

2. Employs extended step sizes based on Lévy distribution instead of fixed step sizes,
enhancing exploration efficiency while avoiding local optima.

3.  Introduces the innovative strategy of pruning redundant nodes during exploration,
guiding tree growth in the correct direction and further improving exploration efficiency.

4. Implements a leader-based sparrow optimization algorithm to address the limita-
tion of traditional smoothing algorithms, which fail to optimize curvature while
considering path length.
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3.1. Hybrid Sampling Strategy

The traditional RRT* algorithm is characterized by slow convergence, blindness, and
a tendency to become trapped in local optima. To address these shortcomings, HPS-RRT
employs a hybrid sampling strategy that probabilistically selects from different sampling
methods to balance their respective strengths and weaknesses. The sampling strategies
utilized in HPS-RRT* are outlined in Table 2:

Table 2. Hybrid sampling strategy.

Method Probability Advantage Disadvantage
Bias-goal 0.2 Fast convergence to the goal Risk of local minima
Informed 0.4 Efficient optimization High computation cost

Lévy 0.4 Strong global exploration Weak path optimization

As shown in Table 2, each sampling strategy has its advantages and disadvantages.

The Bias-goal strategy includes a certain probability of directly selecting the goal point
as a sample during the sampling process, allowing for a quicker approach to the target.
However, this method is prone to becoming trapped in local optima and has lower search
efficiency in complex and diverse environments.

Inspired by the Informed-RRT* algorithm, the Informed strategy narrows the sampling
space during exploration. It focuses on the starting point #+ and the node 7,5, closest to
the goal, constructing an ellipse with a semi-major axis of twice the distance between these
two points. The sampling process within this ellipse is as follows:

1.  Construct the ellipse based on 71+ and 11g,;
2. Calculate the rotation angle 0 of the ellipse using the following formula:

— Yclose — Ystart
0 arctan (xclasp — Xstart (1)

Here, Xstart and ysiqrt represent the axis value of #1tar¢, and xjps, and s represent the
axis value of 71y,

3. Sample within a horizontally oriented ellipse with the same semi-major and semi-
minor axes as the constructed ellipse;

4. Apply the rotation matrix to the sampled points matrix to rotate it into the constructed
ellipse, resulting in the actual sampled point coordinates, as given by the following

formula:
[Xnew] _ la.)se —sin@] . lx] )
Ynew sinf  cosf Y

] represents the coordinates of the sampled points, lc?se —sm@] is the

where new
sind  cosf

Ynew
corresponding rotation matrix, and l 1 denotes the coordinates of the points within

the horizontal ellipse.

This sampling strategy utilizes a smaller, effective sampling space, improving search
efficiency and optimizing the path. However, frequent computations can consume sig-
nificant computational resources, placing certain demands on the processing platform.
Additionally, the strategy exhibits poor adaptability in complex obstacle regions, making it
challenging to find feasible paths.

Lévy sampling is a sampling strategy that follows a Lévy distribution, characterized by
its heavy-tailed probability distribution. In sampling, it manifests as frequent small-range
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samples interspersed with occasional large-range samples, a process known as the Lévy
flight strategy. The sampling procedure is as follows:

1. Set the shape parameter § and the scaling factor « to calculate the Lévy step length 5.
In a standard Lévy distribution, the formula for ¢ is as follows:

SL=~"1 (3)

where u and v are random variables, with u ~ N(0,¢2) and v ~ N(0,1) (0,1). The
formula for ¢ is as follows:

% si T x B B
v F(l+ﬁ)1+ sm( /32_ 1) 4)
p«r(HE)e =)
I(x)= [yt xeldt (5)

2. Calculate the closest node to the target point, denoted as 1.g,.
3. Using ng as the reference point, move a distance sy in a random direction D, to
obtain the sample point #,,.,. The formula is as follows:

Mpew = Nelpse + Dy % 81 (6)

The Lévy sampling strategy enhances algorithm adaptability in complex environ-
ments through localized sampling. Additionally, occasional large-range sampling helps to
mitigate local optima, improving global optimality; however, it exhibits poor performance
in local optimization.

Each sampling strategy has its advantages and disadvantages. The HPS-RRT* algo-
rithm balances these by probabilistically selecting different sampling strategies at each
step, allowing it to enhance path quality and adaptability in complex environments while
maintaining convergence speed.

3.2. Lévy Step Size

The traditional RRT* algorithm employs a fixed step size, leading to low node ex-
pansion efficiency and poor robustness across different maps, making parameter tuning
challenging. This paper proposes using a Lévy step size, characterized by frequent small
movements and occasional large jumps. The small movements facilitate navigation through
complex environments, enhancing search efficiency, while the large jumps help to escape lo-
cal optima, improving path quality. The Lévy step size enhances algorithm robustness while
maintaining exploration efficiency, exhibiting low parameter sensitivity and high adapt-
ability to various maps and environments. Its specific expression is given in Equation (3).
The parameter f typically ranges from 1 to 2; closer to 1 indicates a stronger heavy-tailed
Lévy distribution with a higher probability of long-distance jumps, enhancing global search
capability. Conversely, closer to 2 results in a distribution similar to a Gaussian distribution,
with smaller random step sizes and fewer long jumps, favoring local exploration. In this
algorithm, f is set to 1.5, balancing local searches with adequate global search ability.

To visually observe the distribution of Lévy step lengths, we performed 2000 iterations
based on the aforementioned formula, yielding the distribution shown in Figure 5.

In Figure 5, it is evident that the Lévy step length distribution consists of frequent
small steps and occasional large steps. This characteristic aids in cautious node connections
through complex obstacle-laden areas during exploration. Moreover, the occasional large
steps can help escape local optima, enhancing exploration efficiency.
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Figure 5. Lévy Step Size Distribution.

3.3. Leaf Prune

In the RRT* algorithm, each node connection is retained throughout the exploration
process, which may lead to tree growth in incorrect or suboptimal directions. This can
decrease exploration efficiency and increase the time required for path planning. To address
this issue, HPS-RRT* introduces a pruning strategy inspired by ecological mechanisms in
natural tree growth, such as apical dominance and lower branch degradation. This strategy
aims to optimize the algorithm’s exploration and convergence performance. The specific
process is outlined as follows:

1. When connecting a new node 1y, if it is closer to the target than the nearest node
Tejose, @ pruning decision is initiated.

2. After meeting certain probabilistic criteria, the process proceeds, simulating the uncer-
tainty in tree growth.

3. The farthest node from 1y, labeled 1414, is identified, and the distance to 154,
is calculated.

4. If this distance exceeds half of the direct distance from the start point to the target, the
Ngistant NOde is eliminated, simulating the degradation or wilting of lower leaves.

This strategy ensures stable tree growth during the initial exploration phase, allowing
for comprehensive expansion and preventing premature convergence to local optima. In
the later stages, as the tree approaches the target point, the pruning mechanism gradually
directs the tree toward the target, reducing ineffective branches and enhancing algorithm
efficiency. By removing nodes that are distant from the target, unnecessary search areas
can be effectively minimized, conserving computational resources. The resultant effect is
illustrated in Figure 6.

In Figure 6, n,¢, represents the new node, 1,5, denotes the nearest point to the target
before connecting the new node, 154y, is the farthest node from e, Hstart indicates
the starting point, and ng,, signifies the target point. Distances a and b correspond to the
distances from 1.y, and 11, to the target, respectively. The circular shapes represent nodes,
solid lines indicate actual connections, and dashed lines illustrate the pruning operation.

From the diagram, it can be observed that when b < 2 and the distance and probability
criteria are satisfied, a pruning operation is performed. The farthest node 71,15,y from #2,,e1
and its connecting segments are pruned, as indicated by the dashed lines in Figure 6.

This visually demonstrates that the overall trend of the tree after pruning is more
aligned with the target point, akin to the growth of terminal buds in branches. This im-
provement enhances the convergence rate during node expansion, directing the expansion
closer to the target point and reducing the exploration of erroneous directions.
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two nodes).

3.4. Leader-Based Sparrow Optimization Algorithm

Conventional RRT or RRT* algorithms often yield paths that are unsuitable for tracking
by tracked robots in orchards. Some paths exhibit large curvature, failing to meet the
maximum turning radius requirements of the tracked robots, which hinders effective
tracking performance. Additionally, the generated paths are typically excessively long
and not globally optimal, leading to increased operational costs and reduced efficiency
for agricultural robots. This paper proposes an optimization strategy based on vehicle
kinematic constraints—the improved sparrow search algorithm—to address this issue.

The sparrow search algorithm, as a heuristic swarm intelligence optimization method,
is widely applied in various optimization scenarios. Its core idea is to simulate the foraging
and anti-predation behaviors of sparrows, leveraging the collaboration and division of
labor among individual members of the population to achieve effective global search and
avoid local optima. In the conventional sparrow search algorithm, there are typically two
roles: foragers and followers. Foragers are responsible for approaching the global optimum
and enhancing solution diversity through random searches, simulating the foraging process
of sparrows. On the other hand, followers focus on tracking the optimal solution while
escaping from the worst solution, mimicking the anti-predation behavior and cooperative
functionality of sparrows [29]. The sparrow search algorithm is characterized by strong
global search capability, fast convergence speed, and fewer parameters that are easy to
adjust. The general procedure is as follows:

Initialize the sparrow population;

Assign roles to the sparrows;

Execute functions based on assigned roles;
Calculate fitness and update the optimal solution;

SUE SIS

Check if the maximum iteration count is reached; if so, output the optimal solution;
otherwise, return to step 3 for further iterations.

In path optimization, two key metrics require significant attention: the maximum cur-
vature (or smoothness) of the path, which affects its suitability for actual navigation tasks
and is critical for the tracking performance of the robot, and the path length, where shorter
paths can reduce navigation time costs and enhance operational efficiency. In conventional
sparrow search algorithm implementations, optimizing both maximum curvature and path
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length simultaneously may lead to paths with a greater maximum curvature after opti-
mization compared to before. Additionally, while traditional path smoothing algorithms,
such as B-spline optimization, can create smoother paths, they often overlook changes in
path length, potentially resulting in an optimized path that is longer than the original. To
comprehensively consider the two performance metrics mentioned above, ensuring that the
maximum curvature of the path meets the robot’s movement requirements while achieving
a shorter and safer path, HPS-RRT* employs an improved sparrow search algorithm.

The HPS-RRT* algorithm integrates and enhances the sparrow search algorithm for
path optimization by innovatively proposing a leader-based sparrow optimization algo-
rithm. This approach aims to optimize curvature while ensuring path optimality. The
optimization process is shown in Figure 7:

Population
initialization

Define Roles

llower

Number
Judgment

Approach . Approach Escape
[ optimal solution RaonRaH ptimal solution worst solut

I I I |
1 1 1 J

Caculate
Fintness

Update
optimal solution|

Iteration count
determination.

v

Output the optimal
path.

Figure 7. Flowchart of the leader-based sparrow optimization algorithm.

At the beginning of the optimization loop, the sparrow optimization algorithm cal-
culates the fitness value based on the current path length and maximum curvature. The
formula is as follows:

Fitness = aq x L+ ap x Cur (7)

where a1 and «; represent the penalty weights, L denotes the path length, and Cur indicates
the maximum curvature of the path.

Next, a population of sparrows is randomly initialized, where this initialization in-
volves applying random perturbations to the control points of the existing path. This
process yields sparrows with diverse solutions, which are then categorized into different
roles proportionally.

During each optimization iteration, the algorithm checks whether the current path
meets the maximum curvature constraint to ensure feasibility. If the constraint is not
satisfied, the leader mechanism is triggered. In this case, the leader assumes the role of
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the forager with a certain probability, guiding the population towards the solution with
minimal curvature or conducting a random search.

The adjustment of control points in the path optimization can be expressed by the
following formula:

P(x Yiner ) — P(xold/yold) + Srand * Dmin/p <07 (8)
ey Jnes P(xoldr yold) + Spand * Dmnd/ p > 0.7

In this context, P (x4, Yoi1) represents the original control points, while P(Xyew, Ynew)
denotes the optimized control points. The parameter s,,,; is a random number between
0 and 1, which should be adjusted according to the size of the map and the path. D,,;,
indicates the direction of the solution with the minimum curvature and D,,,,; represents a
random direction. Finally, p is a random probability between 0 and 1.

The leader mechanism effectively reduces the maximum curvature of the path, en-
hances path smoothness, and maintains solution diversity during the optimization process,
thereby preventing convergence to local optima.

If the path satisfies the constraints, the forager will converge towards the optimal
solution with a certain probability or explore in a random direction. This can be expressed
by the following formula:

P(x Y ) — P(xold/yold) + Syand * Dopt/P <07 (9)
ey R P(xold/ yold) + Srand * Dmndr p > 0.7

Here, P(x,14, Yo14) represents the original control points, and P (Xyew, Ynew) denotes the
optimized control points. s,,4 is a random number between 0 and 1, D, indicates the
direction of the current optimal solution, D,,,; represents a random direction, and p is a
random probability between 0 and 1.

The forager’s search allows the population to explore to a certain extent while simulta-
neously seeking the optimal solution, thereby enhancing the diversity of solutions.

The followers will either converge toward the optimal solution or evade danger by
moving away from the worst solution. This can be expressed by the following formula:

P (Yo o) = P(Xolds Yoid) + Srand * Dpest, p < 0.5 (10)
news Ynew P(xold,yold) + Syand * Dworst, p = 0.5

Here, P(x,14, Yoiq) represents the original control points, while P (Xyew, Ynew) denotes
the optimized control points. s,,,4 is a random number between 0 and 1, s,,,,7 indicates the
direction of the current optimal solution, Dyt represents the direction to escape from the
worst solution, and p is a random probability between 0 and 1.

The followers are responsible for maintaining the stability of the population’s trend,
with half of them approaching the optimal solution and the other half escaping the worst
solution. This leads to an overall improvement in the population’s direction.

At the end of each iteration, the fitness of each sparrow in the population is calculated,
and the optimal and worst solutions are updated, continuing until the maximum number
of iterations is reached.

The final optimized path obtained through the above optimization process achieves
optimality while satisfying curvature constraints. The sparrow optimization algorithm
demonstrates significant advantages in convergence speed and global optimization com-
pared to traditional algorithms such as SA and PSO. Additionally, the improved sparrow
optimization algorithm features a prioritized optimization process that allows for flexible
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(a)

expansion and differentiated optimization of various path characteristics to meet diverse
path requirements.

This algorithm has significant advantages over traditional path smoothing optimiza-
tion methods, such as B-spline optimization, which often struggles to balance path length
requirements and safety, leading to higher collision risks with obstacles. The improved spar-
row optimization algorithm effectively addresses this issue by simultaneously optimizing
path smoothness and globally optimizing path length to achieve an overall optimal solution.

4. Results and Discussion

To demonstrate the superiority of the HPS-RRT* algorithm, Map1, Map2, and Map3,
as shown in Figure 8, were utilized as simulation maps of different complexity. Each
map measures 1000 x 1000 and simulates different environments to assess the algorithm’s
performance in complex scenarios.

(b) (©)
Figure 8. Illustrative diagram of experimental maps: (a) Map1; (b) Map2; (c) Map3.

In Figure 8, the white areas represent navigable regions, while the black areas indi-
cate obstacles.

This experiment compares four algorithms: RRT*, Bias-RRT*, Connected-RRT*, and
PRM*, with identical parameters across different maps. The parameters of the HPS-RRT*
algorithm are shown in Table 3 and remain consistent in all subsequent experiments.

Table 3. HPS-RRT* parameter table.

Parameters Symbol Value
Step gain coefficient o 100
Lévy shaping parameter B 15
Initial population size of sparrows 3 30
Number of iterations in the sparrow i 1000

Bias-RRT* improves the traditional RRT by incorporating a fixed target-biased sam-
pling probability, enhancing the likelihood of sampling near the target node. This approach
accelerates the convergence by directly selecting the target node as a sampling point with a
certain probability during random node generation, thereby expediting the path discovery
process. Connected-RRT*, on the other hand, adopts a bidirectional strategy, simultane-
ously extending node trees from both the start and the goal points. This bidirectional
expansion facilitates quicker connections between the two trees, significantly reducing path
search time. PRM* differs from the RRT* algorithm in its planning process. It randomly
distributes a certain number of nodes within the map and attempts to connect each node
with others. If the distance between nodes is within a predefined range, the connection is
considered valid; otherwise, it is discarded. Dijkstra’s algorithm is then employed to find
the optimal trajectory, with the resulting path chosen as the final output. As a graph-based
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(a)

search algorithm, PRM* is applicable to high-dimensional spaces. However, its efficiency
decreases significantly in environments with narrow passages or dense obstacles, and it
may even fail to find a solution under such conditions.

4.1. Comparison of Map Performance

Figures 9-11 illustrate the performance of different algorithms on various maps. Green

or blue line segments represent the expansion tree’s attempted paths, while the red line
segment indicates the final actual path. The red triangle marks the starting point, the blue
triangle marks the goal, and the black regions represent obstacle areas.

(b) (c) (d) (e)

Figure 9. Path planning visualization for Map1: (a) HPS-RRT*; (b) PRM*; (c) RRT*; (d) Bias-RRT*;
(e) Connected-RRT*.

Figure 10. Path planning visualization for Map2: (a) HPS-RRT*; (b) PRM*; (c) RRT*; (d) Bias-RRT*;
(e) Connected-RRT*.

(b)

Figure 11. Path planning visualization for Map3: (a) HPS-RRT*; (b) PRM*; (c) RRT*; (d) Bias-RRT*;
(e) Connected-RRT*.

A comparison of the different results shows that HPS-RRT* achieves faster conver-
gence, with the shortest and smoother final paths, making it more suitable for trajectory
tracking of the orchard crawler robot.

The performance comparison of different algorithms on various maps is presented in
Table 4.
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Table 4. Comparison of data across different maps.
Mapl Map2 Map3
Method . .
ALength  ATime SRate ACur ALength ATime SRate ACur ALength  ATime SRate ACur

HPS-RRT* 1376.98 0.19 100% 0.10 1489.83 2.20 100% 0.10 1376.55 0.24 100% 0.08
PRM* 1410.12 0.31 98% 0.12 1533.25 0.18 91.00% 0.14 1437.11 0.13 100% 0.13
RRT* 1399.80 5.68 100% 0.17 1520.48 17.30 52.00 0.18 1398.44 5.79 100% 0.12
Bias-RRT* 1408.66 291 100% 0.17 1535.68 8.93 58% 0.16 1398.96 2.57 100% 0.13
Connect-RRT* 1873.21 2.80 100% 0.16 2118.43 4.19 98% 0.16 1831.43 3.20 93% 0.16

Here, “ALength” represents the average length of the effective paths discovered,
“ATime” refers to the computation time from the start to the end of exploration to evaluate
the algorithm’s convergence performance, “SRate” indicates the average success rate of
exploration, where success is defined as planning a collision-free path to the target point,
and “ACur” refers to the mean maximum curvature, used to evaluate path smoothness.

As shown in Table 4, HPS-RRT* consistently demonstrates superior performance
across various environments. Compared to RRT*, Bias-RRT*, and Connect-RRT*, it achieves
improvements in path length by approximately 1.7%, 2.2%, and 27.0%, respectively, as
well as in planning time by approximately 93.3%, 86.4%, and 77.7%. Moreover, HPS-RRT*
consistently achieves a 100% success rate. In comparison with PRM*, while HPS-RRT* may
have slightly higher planning times in certain maps, its path length is improved by ap-
proximately 3.1%. Additionally, HPS-RRT* shows significant enhancements in smoothness
compared to all four algorithms, with improvements of approximately 27.9%, 39.7%, 39.0%,
and 41.7% over PRM*, RRT*, Bias-RRT*, and Connect-RRT*, respectively.

To further validate the superiority of the HPS-RRT* algorithm, paired sample T-tests
were conducted to compare its performance with RRT*, Bias-RRT*, Connected-RRT*, and
PRM?*, verifying the differences in various performance metrics.

The paired sample T-test, widely used in statistics to compare the means of two related
samples, involves the following steps:

1. Perform a normality test: Verify that the samples follow a normal distribution; if
satisfied, proceed to the next step;

2. Set the hypotheses: Define the null hypothesis Hy; the means of the two related
samples are equal, indicating no difference. In the alternative hypothesis Hj, the
means of the two samples are not equal, indicating a difference;

3. Calculate the means and standard deviations: Use the following formulas for mean d

and standard deviation s;:
n

d=1* Y d; (11)
i=1
n -\ 2
5y = \/;1 > (di - d) (12)
i=1
where d; represents sample differences and 7 is the sample size.
4. Compute the T-value t and degrees of freedom d;
_ _d
=i (13)
de=n-1 (14)

where d is the mean of differences, s, is the standard deviation, and 7 is the sam-
ple size.
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5. Determine the p-Value: Based on the computed ¢ and dy, find the corresponding p
from the t-distribution table.

6. Compare with the significance level: If p < & (commonly 0.05), reject the null hypothe-
sis Hy, concluding a significant difference in means; otherwise, accept Hj.

To quantify the magnitude of differences, Cohen’s d is introduced, and calculated

as follows: -
d:ﬁ%ﬁﬁﬁ (15)
1
_ [ (1 =D)xs1+(np —1)*sp | 2 1
O’pooled - [ e ] ( 6)

where ¥7 and ¥; are sample means, s; and s; are standard deviations, and 17 and n; are
sample sizes.

The algorithm result data were subjected to normality tests, and all sample data passed
the normality requirement. The null hypothesis Hy was set as follows: the means of the two
related samples are equal, indicating no difference. The alternative hypothesis H; was set
as follows: the means of the two samples are not equal, indicating a significant difference.
A significance level of p = 0.05 was chosen. Paired sample T-tests were conducted to
compare the path length, planning time, and the maximum curvature of HPS-RRT* with
RRT*, Bias-RRT*, Connect-RRT*, and PRM?*. The results of the comparisons between each
algorithm with HPS-RRT* are shown in Table 5.

Table 5. T-test results.

Performance Comparative Map1 Map?2 Map3
Metrics Method t p d f p d t p d
PRM* —7.860  0.000001 0.794 —5.115  0.000001 0.536 —6.921  0.000001 0.692
Leneth RRT* —4.818  0.000001 0.482 —4.199  0.000001 0.420 —2.24 0.000001 0.224
8 Bias-RRT —4.700  0.000001 0.470 —4.765  0.000001 0.626 —2.248  0.000001 0.225

Connected-RRT*  —19.135  0.000001 1.933 —20.058  0.000001 2.026 —21.248 0.000001 2.125

PRM* —8.146  0.000001 0.815 7040  0.000001 0.704 4104  0.000001 0.410

i RRT* —28539  0.000001 2.854  —10.071 0.000001 1.007 —21.213 0.000001 2.121
Time Bias-RRT —~18970 0.000001 1.897  —7.931 0.000001 0793  —12.499 0.000001 1.250
Connected-RRT*  —7.521  0.000001 0752  —4.465 0.000001 0447  —7.698  0.000001 0.77

PRM* —0.803  0.000001  0.08 —4303  0.000001 0.430  —9.757  0.000001 0.976

RRT* —4540  0.000001 0.454  —6.399  0.000001 0.64 —5.034  0.000001 0.503

Curvature Bias-RRT —3926  0.000001 0.393 —4.753  0.000001 0475 —6.019  0.000001 0.602
Connected-RRT*  —4.537  0.000001 0.454  —9.456  0.000001 0.946  —17.043 0.000001 1.704

A Cohen’s d value less than 0.2 indicates a negligible effect size, values in the range
[0.2, 0.5) indicate a small effect size, and values greater than 0.8 indicate a large effect size.
As shown in Table 5, most Cohen’s d values for HPS-RRT* compared to other algorithms
are greater than 0.5. This indicates that the mean performance of HPS-RRT* is significantly
different from, and substantially better than, the compared algorithms.

The HPS-RRT* algorithm employs a hybrid sampling strategy and a Lévy distribution
step size optimized through a pruning strategy to significantly enhance the search speed for
paths. Utilizing a leader-based sparrow optimization algorithm ensures that the paths not
only meet the maximum curvature requirements of the robot but also minimize path length,
achieving a global optimum. The experimental results demonstrate that the HPS-RRT*
algorithm converges quickly, generates high-quality planned paths, and shows excellent
adaptability to complex environments, outperforming the comparison algorithms and
significantly exceeding the performance of traditional RRT* algorithms.
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4.2. Experiment on Multi-Target Point Map in Orchard

To validate the effectiveness of the algorithm in orchard environments, the tracked
robot shown in Figure 12 was employed for mapping. This robot is equipped with a MID360
LiDAR and a high-precision IMU for mapping and real-time localization. Additionally, it
features a dual-line GPS system, enabling high-precision positioning for future experiments.
The detailed kinematic parameters of this tracked robot are listed in Table 6.

Figure 12. The nonholonomic orchard robot.

Table 6. The detailed kinematic parameters of this tracked robot.

Parameter Value
Wheelbase (mm) 290
Maximum speed (km/h) 6
Maximum obstacle height (mm) 400

Based on the kinematic parameters of the tracked robot, the maximum wheel speed
of the left and right tracks is 6 km/h, and the wheelbase is 290 mm. Assuming the robot
performs a maximum radius turn where one track remains stationary and the other moves
at maximum speed, the kinematic modeling is as follows:

To adapt to the complex terrain of agricultural environments such as orchards, this
paper utilizes a tracked two-wheel robot model, which can also be regarded as a differential-
drive robot. Its motion is determined by two independently controlled tracks. The simpli-
fied model of the tracked two-wheel robot chassis is shown in Figure 13:

vy v

Figure 13. Simplified model of the tracked two-wheel robot chassis.
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Here, L represents the track spacing (distance between the two tracks), Vi, and Vy
are the linear velocities of the left and right tracks, respectively, and 6 denotes the robot’s
heading angle. B represents the robot’s center, w is the angular velocity, and V denotes the
linear velocity of the robot’s center. The calculations yield the following relationships:

The center velocity V and angular velocity w are as follows:

v =04 (17)

w=% N (18)

The turning radius R and steering curvature k are as follows:

R 1% Lx(V +V 9
w 2*((VRL— VRL)) (19)

] w 2%(Vg — V 20
v L”E(RVLJrVRL)) (20)

Additionally, the robot’s pose is updated in real-time using the following equations:

x = Vx cosf (21)
y = Vi sinf (22)
0 — w (23)

According to Equations (17)—(20), the maximum steering curvature is 2.341 m~ L.
The mapping site is a pomelo orchard, with the arrangement of the trees illustrated in
Figure 14. Figure 15 presents the 3D point cloud of the orchard.

Figure 14. Actual environment of the orchard.

In Figure 15, the colors correspond to the color bar on the right, representing the Z-axis
data from smallest to largest, where the minimum value is 0 and the maximum is 2 m.

To ensure the planning results are clear and intuitive, the local part of the 3D point
cloud data is dimensionally reduced and converted into a grid map. Regions with a Z-axis
height greater than 0.1 m are defined as obstacles, as shown in Figure 16a. Additionally,
to accommodate the actual volume of the orchard robot, obstacle expansion was applied,
which expanded the volume of the obstacles to 2.5 times the original size, as illustrated in
Figure 16b.
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Figure 15. Three-dimensional point cloud of orchard.
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Figure 16. Two-dimensional map of orchard. (a) Before expansion; (b) after expansion
In Figure 16, the white areas represent navigable regions, while the black areas indicate

obstacles.
In the experiment, a series of target points were preset to simulate the path points

required for actual fruit tree harvesting. Multi-objective planning was then performed

sequentially based on these target points, as shown in Figure 17

Figure 17. Orchard planning map.
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In Figure 17, the green triangle represents the starting point, the blue triangle indicates
the endpoint, the red triangles are path points, the black objects are obstacles, the green
line segments show the exploration path, and the blue curve represents the actual path.

After conducting 100 experiments, the average maximum curvature of the final path
was calculated as 0.35 m~1, which is smaller than the tracked robot’s maximum curvature
of 2.341 m~!, meeting its kinematic requirements. The final path was smooth, continuous,
and collision-free, making it directly applicable to navigation in actual orchard operations.
In all 100 experiments, HPS-RRT* successfully planned the path, demonstrating its robust
performance in large, unstructured maps such as orchards. Additionally, the standard
deviation of the maximum curvature is 0.1158, and the average planning time is 7.51 s.

To further evaluate the superiority of the HPS-RRT* planned path in practical naviga-
tion, a trajectory-tracking control experiment was designed based on the kinematic model
of the orchard robot. The final results are shown in Figure 18.

RIIEAYE

. o °
.

Figure 18. Trajectory tracking performance diagram.

In Figure 18, the green triangle represents the starting point, the blue triangle indicates
the endpoint, the blue dashed line denotes the reference path, and the red solid line
represents the tracked trajectory.

The figure intuitively shows that the tracked trajectory aligns well with the reference
path, achieving a path overlap rate of 97.78%. This demonstrates that the path meets the
practical navigation requirements of the orchard robot.

4.3. Robustness and Sensitivity Analysis of the Algorithm

Map3 is used as the baseline map to evaluate the algorithm’s robustness and to conduct
100 experiments intuitively and effectively. In each experiment, 25 randomly sized obstacles
are introduced as external disturbances to test the algorithm’s performance under such
conditions. The approximate planned paths are illustrated in Figure 19.

In Figure 19, the red line represents the planned path, the red triangle denotes the
starting point, the blue triangle indicates the goal point, the black areas represent obstacles,
and the white areas indicate feasible regions.

The performance metrics are summarized in Table 7, where “Basis” represents the
baseline map and “Interference” represents the map with added disturbances.
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Figure 19. Path diagram.

Table 7. The performance metrics.

Map Average Length Average Time/s Success Rate Average Curvature
Basis 1376.55 0.24 100% 0.080
Interference 1405.59 0.27 100% 0.091

From Table 7, it can be observed that under certain external disturbances, the per-
formance metrics of HPS-RRT* show minimal variations compared to the baseline. This
demonstrates the strong robustness of the HPS-RRT* algorithm.

To further evaluate the sensitivity of various parameters in the HPS-RRT* algorithm,
Map3 was selected as the experimental map. The experiments were conducted 100 times
for four groups of algorithm parameters: A, B, C, and D. The specific parameters for A, B,
C, and D are detailed in Table 8.

Table 8. Parameter combination table.

Group % B € i
A 50 1.5 30 1000
B 100 1.25 30 1000
C 100 15 20 1000
D 100 1.5 30 500

The experimental results are shown in Table 9, where “Basis” represents the origi-
nal parameters.

Table 9. Planning results.

Group Average Length Average Time/s Success Rate Average Curvature
Basis 1376.55 0.24 100% 0.080
A 1379.59 0.50 100% 0.096
B 1376.00 0.21 100% 0.094
C 1379.49 0.28 100% 0.095
D 1394.05 0.26 100% 0.135

As shown in Table 9, the impact on “Length” under different parameters ranges from
approximately 0.04% to 1.2%, indicating a minimal effect. The impact on “Time” ranges
from about 0.7% to 52.0%, showing a significant effect, while the impact on “Curvature” is
around 16.7% to 40.7%, which is relatively small.
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Thus, it can be concluded that adjusting the parameters of HPS-RRT* has a consider-
able effect on planning time. Different parameters should be selected for different maps to
enhance planning efficiency, further demonstrating that HPS-RRT* is highly sensitive to
parameter settings and requires careful selection to adapt to various environments.

5. Conclusions

To address the issues of low success rates, inefficient searches, poor path quality, and
insufficient smoothness in existing path planning algorithms for unstructured environments
like orchards, this study proposes the HPS-RRT* algorithm. To counter the low planning
efficiency caused by the random sampling strategy in traditional RRT algorithms, a hybrid
sampling strategy is employed, significantly improving planning speed and reducing
ineffective sampling points. The HPS-RRT* algorithm utilizes an extended step size based
on Lévy distribution to ensure both the efficiency and quality of the planned paths, thereby
resolving the inefficiencies, rigidity, and collision issues associated with fixed step sizes.
Additionally, to tackle the redundancy of ineffective nodes during the planning process, an
innovative pruning strategy is introduced to eliminate redundant nodes during tree growth,
enhancing search efficiency. To improve the smoothness of the final paths generated by
traditional RRT algorithms, the proposed method incorporates a leader-based sparrow
optimization algorithm, which optimizes both path curvature and length, allowing for
direct application in path tracking.

The experimental results indicate that the proposed HPS-RRT* algorithm outperforms
RRT, Bias-RRT*, Connect-RRT, and PRM algorithms in several aspects. The final path length
was reduced by 1.7% to 27%, planning efficiency improved by 77.7% to 93.3%, and path
smoothness increased by approximately 27.9% to 41.7%, achieving a success rate of 100%,
while other algorithms occasionally experienced planning failures. The calculated average
maximum curvature of the paths was 0.8 m~!, confirming the feasibility of the HPS-RRT*
algorithm for robotic applications in orchard environments.

In conclusion, the proposed HPS-RRT* algorithm effectively addresses path planning
issues in unstructured environments such as orchards. However, it remains sensitive to
parameter selection, making appropriate parameter tuning crucial across different map
scenarios. Additionally, the HPS-RRT* algorithm has only been tested in static environ-
ments, lacking adaptability to dynamic scenarios. The experimental results also indicate
that HPS-RRT* has high computational demands and relies on hardware performance,
which may affect its application in real-time navigation.

In future work, we will attempt to utilize neural network algorithms such as rein-
forcement learning to optimize the sampling strategy’s probabilities, enabling dynamic
adjustments for different environments. Additionally, the algorithm will be extended to
incorporate real-time dynamic obstacle avoidance by integrating predictive models or local
obstacle avoidance strategies. Furthermore, we aim to explore the practical performance of
HPS-RRT* across various hardware platforms, optimizing its operational efficiency.
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ABSTRACT

In orchard environments, compared with picking robotic arms, improving the efficiency and safety of the fruit-
picking unmanned aerial vehicle (UAV) becomes more challenging. In this paper, an autonomous obstacle
avoidance and path planning method based on LiDAR data is proposed for the self-built fruit-picking UAV. First,
a LiDAR static-dynamic dual map construction scheme is designed. Using the original point cloud data from
LiDAR, a time-accumulated local point cloud map is generated to provide orchard obstacle information for path
planning. Then, an improved hybrid A* algorithm based on the B-spline curve is proposed. This algorithm not
only comprehensively takes into account the impact of surrounding branches on the flight of the picking UAV
near the target fruit bunch, but also ensures that the planned path meets the specific action requirements of
the picking UAV when picking the target fruit bunch. The experimental results demonstrate that the proposed
map construction scheme significantly reduces the computational power requirements and collision detection
time. Moreover, the path planning algorithm effectively guides the UAV and its attached picking actuator to
successfully navigate around obstacles, enabling efficient picking of the target fruit bunch. Indicating that the
proposed method provides a feasible solution for task execution of the fruit-picking UAV in complex orchard
environments.

1. Introduction

[19,6]. Its ability to operate at high altitudes grants it unrestricted ac-
cess to fruit trees of varying heights and picking ranges, but there is little

Longan is a vital crop in the hilly regions of southern China, with a
two-thirds output of the world. Due to its pronounced seasonality, in-
tense labor requirements, and significant costs, longan picking emerges
as the most time-consuming and labor-intensive aspect throughout the
entire fruit production cycle [15]. At present, longan predominantly
hosts manual harvesting and ground equipment-assisted harvesting. Es-
calating labor costs and the gradual emergence of labor shortages neces-
sitate the rapid development of efficient automatic fruit-picking robots
[2,20,3]. The predominant approach for harvesting is to use robotic
arms, which are limited by terrain topography and fruit tree height in
hilly orchard areas [18,16]. In contrast, the unmanned aerial vehicle
(UAV) offers notable operational benefits in intricate orchard terrains

* Corresponding author.
E-mail address: lynnshi@scau.edu.cn (L. Shi).

https://doi.org/10.1016/j.atech.2024.100752

literature about the design of the UAV-based fruit-picking robot [14].
However, when navigating the intricate environment of fruit tree
canopies, the UAV encounters challenges such as irregular obstacles
and confined spaces. Achieving autonomous obstacle avoidance for such
UAV traversing fruit tree canopies has thus become a pivotal challenge
[12]. In recent years, a comprehensive system solution with a “percep-
tion, planning, control” framework has been developed through years
of exploration for the autonomous obstacle avoidance flight of the UAV
within orchards. At the perception level, sensors collect orchard envi-
ronmental data, including information about fruit trees and the ground,
and the raw data are processed. At the planning level, the processed data
are further analyzed, and appropriate algorithms are selected to plan the
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passable path of the UAV. At the control level, the UAV is guided to move
through the planned path based on corresponding control algorithms.

Visual sensors and LiDAR, as the two primary components of robotic
perception systems, present significant differences in their typical usage
scenarios. In the domain of visual sensors, [11] has demonstrated that
quadcopter UAV equipped with monocular cameras can autonomously
avoid collisions with obstacles in unstructured and unknown environ-
ments through visual information. Conversely, Wang et al. leveraged
deep learning and depth cameras to perceive obstacle attributes by the
UAV, including detection of object categories, profiles, and 3D spatial
positions, in support of obstacle avoidance techniques [17]. However,
RGB-D sensors are prone to recording significant noise and signals that
are easily influenced by light, necessitating probabilistic filtering to
reduce corresponding data uncertainty. This also intensifies the com-
putational load on the processor. Additionally, commonly used visual
sensors face limitations in terms of sensing range and resolution, posing
challenges in reliably detecting obstacles in orchards, such as branches
and wires. Miao et al. generated LiDAR data graphs using an image
noise point filtering algorithm and employed an improved DBSCAN
algorithm to cluster obstacles, achieving motion recognition and posi-
tion detection of obstacles [9]. In contrast, LiDAR typically provides
higher-resolution perception data but also requires high-resolution data
that imposes greater computing power on the system, particularly on
onboard computers. To address this challenge, Lee et al. proposed a
method of creating probability grid occupancy maps based on sensor
data to generate three-dimensional local dynamic maps (LDMs) of UAV
perception systems [5]. This map employs a loop buffer as a data struc-
ture to reflect the flying environment of the UAV, ensuring low memory
usage and fast running speed. Despite the extensive research in the
field of LiDAR mapping, the efficacy of general mapping algorithms in
overcoming irregular obstacles (such as branches) is suboptimal, while
imposing a high demand on the UAV computing power that is often
difficult to meet with traditional onboard UAV computers. Therefore,
further research is valuable to enhance the applicability of LIDAR map-
ping algorithms and the accuracy of such systems for navigating orchard
environments.

The positioning of the UAV is pivotal in perception systems, pro-
viding essential prerequisites for subsequent planning and control. Con-
cerning the orchard, [1] evaluated the positioning accuracy of the low-
cost GNSS receiver in mobile RTK mode for tracking logging trajectories
in forest environments. It has pinpointed tree height, ground elevation,
slope orientation, canopy elevation, and tree density as primary fac-
tors influencing GNSS performance. When integrated with LiDAR data,
GNSSs exhibit high performance and the potential for precise navigation
on roads during harvesting in commercial forests. Shalal et al. proposed
a local orchard map construction method based on the fusion of cam-
era and laser scanner data for tree trunk detection [10]. An orchard
map is constructed based on the positions of tree and nontree objects in
tree rows to enable accurate positioning of orchard mobile robots. Hi-
raoka et al. conducted dynamic positioning experiments in orchards and
revealed that under specific environmental conditions, the positioning
accuracy of RTK-GNSS and SA-GNSS can reach several tens of centime-
ters and several meters, respectively [4]. Through an agricultural robot
simulator with orchard environmental information, it was demonstrated
that vehicles based on RTK-GNSS can autonomously navigate without
colliding with trees. This finding suggested that the integration of GPS
and IMU odometry can meet the positioning needs of the UAV.

Regarding automated path planning and control, [13] proposed two
dynamically feasible path planning and trajectory planning methods for
omnidirectional mobile robots, namely, DB-RRT and FMDB-RRT. They
integrated the convex hull characteristics of B-splines with the fast ex-
pansion ability of RRT to effectively realize safe, dynamically feasible,
and improved trajectory plans. Li et al. proposed a quality-oriented UAV
path planning algorithm, optimizing the A* algorithm using global static
planning and local dynamic hierarchical planning while introducing dy-
namic exploration factors to form an efficient global-local mixed path
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Fig. 1. Distribution of Hardware Modules for Longan FP-UAV.

planning strategy [7]. This approach significantly enhances the quality
and execution efficiency of UAV’s path planning. Zhu et al. presented a
method based on an artificial potential field and the A* algorithm, fo-
cusing on the application of six degrees of freedom robotic arms in apple
picking [21]. Through kinematic analysis, the introduction of an artifi-
cial potential field (APF), the combination of the A* algorithm, and the
use of the IRRT algorithm to improve path smoothness, this method has
been validated in simulation experiments for its obstacle avoidance ef-
fect in complex environments. Li et al. proposed a path planning and
navigation method for dense jujube planting robots based on the im-
proved A* algorithm and dynamic window method (DWA) [8]. Through
such real-time global and local path planning, the average navigation
positioning deviation of traditional algorithms is reduced, thereby pro-
viding high-precision path navigation for plant protection operations in
dwarf dense jujube orchards in southern Xinjiang. Despite extensive re-
search in the field of path planning, relatively few studies have focused
on path planning for UAVs picking fruits, and it is difficult for tradi-
tional path planning algorithms to meet the special action requirements
of UAVs picking fruits.

Inspired by the previous work, this paper aims to propose an obstacle
avoidance and picking path planning method for the self-built fruit-
picking unmanned aerial vehicle (FP-UAV). The main contributions are
listed below.

(1) Considering the growth characteristics of standard longan or-
chards, a LIDAR map construction scheme is designed first. This scheme
accumulates time data to generate a local point cloud map and skill-
fully a static-dynamic dual map, which is used to acquire environmental
information. It minimizes the computational demands to satisfy the real-
time obstacle avoidance needs of the FP-UAV.

(2) To adapt to the action demands of longan picking, based on the
static map, we propose an improved A* hybrid algorithm based on the B-
spline. This algorithm can generate obstacle avoidance routes that adapt
to global static obstacles, avoiding collisions between the FP-UAV and
static obstacles during the picking process. Additionally, based on the
dynamic map, we design the DWA dynamic window algorithm for ob-
stacle avoidance planning concerning local dynamic obstacles.

(3) Through the proposed method, the self-built FP-UAV can accu-
rately perceive obstacles in an orchard and effectively navigate around
them in obstacle avoidance path planning. It provides a feasible and effi-
cient solution for the FP-UAV for the first time, which can independently
pick longan in an orchard environment.

2. Construction of the FP-UAV platform

This paper describes the development of an FP-UAV designed based
on the growth characteristics of longan. The hardware system of the FP-
UAV encompasses a perception device (Livox Avia solid-state LiDAR),
a control device (Intel NUC 11PAH-i7 onboard computer), a picking
actuator, and a platform (Dji M300 RTK), shown as Fig. 1.

The FP-UAV is primarily designed for longan picking and has specific
and corresponding requirements for load capacity and flight stability. In
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this paper, the Dji M300 RTK was chosen as the flight platform; it fea-
tures dimensions of 810 X 670 X 430 mm and a maximum load capacity
of 2.7 kg. The picking and control devices are securely connected to the
UAV through a support frame, weighing a total of 1.6 kg and evenly
distributed beneath the UAV. When the picking device clamps longan
clusters within 1 kg, the FP-UAV can maintain stability and meet the
load requirement of the FP-UAV. The sensing device is installed directly
above the UAV using an expansion bracket, ensuring that the LiDAR
laser source is positioned at the center of the radar surface. This arrange-
ment prevents the body from obstructing the laser beam, thus preventing
the detection of environmental information.

Based on the hardware design of the FP-UAV, a software system de-
sign scheme is further proposed for the FP-UAV, as shown in Fig. 2. It
can ensure that the FP-UAV can fly safely and perform tasks efficiently
in the orchard environment.

Specifically, the target recognition module focuses on the precise
identification of the location of the fruit and feeds the positioning data
back to the decision module to guide the subsequent picking action. The
positioning and mapping module solves the positioning problem of the
FP-UAV in the orchard environment, and generates an effective orchard
environment information map to provide support for navigation tasks.
The path planning module is responsible for planning the optimal route,
considering the obstacle avoidance strategy, and enhancing the oper-
ational autonomy of the FP-UAV. The flight control module performs
precise attitude adjustment and path tracking to ensure flight stability.
The picking execution module completes specific fruit picking tasks.

2.1. Perception and control devices

The proposed sensing device, control device framework, and com-
munication process are illustrated in Fig. 3. The FP-UAV employs the
Livox Avia solid-state LiDAR. This sensor offers advantages in terms of
volume and weight, weighing only 498 g, making it lightweight and con-
venient for UAV installation and disassembly. It also exhibits excellent
performance, generating a noise rate of only 3ppm along with a very
low error rate. The LiDAR includes an IMU sensor, enabling effective
output of inertial parameters such as the attitude angle and speed in
the orchard environment. The airborne computer utilizes an Intel NUC
11pahi7 with an Intel Core™ i7-1165g7 processor featuring 4 cores and
8 threads, with a maximum turbo frequency of 4.70 GHz, providing ro-
bust computing performance. It is compact, lightweight, and has low
power consumption at only 40 W, making it highly suitable for mobile
devices with a modest load to accomplish tasks such as sensor data re-
ception, information processing, and output.

2.2. Picking actuator

The picking actuator is a crucial component in an FP-UAV, which
typically consists of both a hardware structure and a control system. In
the design of the picking actuator, factors such as the shape and growth
characteristics of the targeted fruit, the UAV’s payload, and the balance
requirements for the mounting device must be considered. In this paper,
cluster fruits such as longan and litchi fruits were picked. The hardware
structure of the picking actuator for FP-UAV is depicted in Fig. 4 and in-
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(a) The FP-UAV model.

(b) Orchard environment.

Fig. 5. Simulation model and environment.

cludes the integrated clip mechanism, photoelectric switch, connecting
rod, battery, base, and screw motor. Based on the shape characteris-
tics of longan fruit clusters, considering the efficiency of harvesting, the
ideal cutting position for longan fruit clusters is selected as the fruit-
bearing main branch. Through sampling tests, it was found that the
diameter of the longan fruit-bearing main branch is within the range of
4—10 mm, and the maximum cutting force required is about 0.9 KN. The
harvesting device increases the speed and thrust of the screw motor to
improve the cutting speed and cutting force of the harvesting actuator,
thus ensuring effective cutting of the longan fruit-bearing main branch.
The integrated clip mechanism has an opening of 8.5 cm, and the cutting
speed is about 500 mm/min. The maximum cutting force is about 3.12
KN, which is sufficient to cut the longan main branch. According to the
operation characteristics, the fruit-bearing main branch is cut off while
holding the fruit, and moved to the collection box. Therefore, the cut-
ting and clamping mechanism is equipped with a sharp scissors on the
upper surface and a clamping mechanism on the lower bottom surface.
Considering the effective load of the UAV, the total mass of the harvest-
ing device is 1.2 kg. Considering the balance of the FP-UAV, the center
of gravity of the harvesting device is aligned with the horizontal center
of gravity of the FP-UAV, and most of the weight is located at the center
of gravity position. String fruit picking by the picking actuator primarily
involves the manipulation of the clip mechanism’s opening and closing.
The control system utilizes an Arduino control board to output high-
and low-frequency signals, controlling the expansion and contraction of
the stepping screw motor. This action drives the clip mechanism to open
and close, ultimately realizing string fruit picking using the picking ac-
tuator.

2.3. Simulation environment of the FP-UAV

To verify the feasibility of the proposed system, as well as the stabil-
ity and performance of the proposed algorithm, a simulation test system
was constructed to simulate the actual flight ability of the picking UAV
in an actual orchard environment and to ensure the safety of the sys-
tem test. Considering the type of multirotor UAV and the requirement
of matching the control logic of the simulator with the algorithm, a rotor
simulation in Ubuntu platform. The operating system used in the simu-
lation environment of this article is Ubuntu 18.04, and the ROS version
is Melodic.

The Rotors simulation platform, developed by a research team at
ETH Zurich, focuses on the simulation of multi-rotor UAVs, support-
ing multi-axis aircraft, such as four-rotor, six-rotor, and so on. By using
Universal Robot Description Format(URDF) to create a multi-rotor UAV
model, Simulation Description Format(SDF) to describe the fruit tree
model of the simulation scene. And the solid state LIDAR model pro-
vided by the Rotors simulation platform was used to build the simulation
model successfully. Ultimately, the URDF description file of the UAV
simulator in the Rotors simulation platform was modified, and the mo-
tor installation position was adjusted to seamlessly integrate the DJI
MB300RTK simulation model, as depicted in Fig. 5(a). Additionally, a

fruit tree model was incorporated into the simulator to represent the
orchard environment, as shown in Fig. 5(b).

3. Target fruit detection and localization
3.1. Data acquisition and preprocessing

In this paper, 1070 Longan data set images provided by Longan Park
of Guangdong Academy of Agricultural Sciences were used. After man-
ual selection, labeling and data extension, 2460 Longan dataset images
were obtained for model training and evaluation, of which 1968 were
used for training and 660 were used for testing.

3.2. Fruit detection model

In order to achieve the working requirements of high accuracy, low
consumption and real-time operation, YOLOv5n is used as the detection
model in this paper. The structure of YOLOv5n is shown in Fig. 6, which
is divided into backbone network, neck network and head network.
Specifically, CSPDarknet is used as the main feature extraction module
in the backbone network, and the computational complexity is reduced
through the CSP structure while maintaining the efficiency of feature
extraction. The CSP structure enhances the feature extraction ability
of the network by performing residual stacking in the backbone part
and a small amount of processing in the residual side part. A combined
structure of FPN (Feature Pyramid Network) +PAN (Path Aggregation
Network) is used in the neck network. FPN transmits strong semantic
features in a top-down manner, while PAN transmits strong localization
features in a bottom-up manner. This structure helps the model to cap-
ture objects at different scales and improve the detection ability of small
objects. An auxiliary structure training method is proposed in the head
network, which can improve the accuracy by increasing the training cost
without affecting the inference time.

3.3. Experimental analysis and discussion

In order to further verify the accuracy and adaptability of the
YOLOv5n model selected in this paper for longan string fruit target
detection, the YOLOv5n model algorithm is compared with the clas-
sical model of target detection. It is evaluated with the classical models
(YOLOV6 and YOLOVS). Six performance indicators such as amount of
computation (GFLOPs), number of Parameters (Parameters), recall rate,
mAP@0.5 and mAP@0.5-0.95 are selected for recording, and the data
are shown in Table 1.

According to the comparative experimental results in Table 1, the de-
tection accuracy of the YOLOv5n model selected in this paper is higher
than that of the n version classic model of the YOLOv6 and YOLOVS se-
ries, and slightly lower than that of the s version classic model of the
YOLOVS5 series. Compared with models with the same n specifications,
the number of parameters of the selected algorithm in this paper is sig-
nificantly lower than that of other classical models, and the number of
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Fig. 6. YOLOv5n network structure diagram.

Table 1

Comparative experimental results of classical models for object detection.

Model GFLOPs (G)  Parameters (m) Recall mAP@0.5 mAP@0.5—0.95  FPS (img/s)
YOLOv5n 7.8 2.65 0.741 79.5% 45.3% 89
YOLOV5s 24.2 9.15 0.762 80.3% 47.6% 38
YOLOv6n  11.9 423 0.698 78.2% 44.5% 90
YOLOv8n 8.2 3.01 0.741 79.4% 45.1% 84
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Fig. 7. Object detection and localization system scheme.

parameters of YOLOv5n model is only one third of that of YOLOv5s
model. At the same time, compared with YOLOv6n, YOLOv5n model
is only one-sixteenth of YOLOv6n model. From the perspective of vari-
ous indicators, the YOLOv5n model selected in this paper has the best
comprehensive performance, and has excellent recognition ability for
longan string fruit images. And in the case of maintaining a high FPS
(number of images processed per second), YOLOv5n model can meet
the requirements of real-time and accuracy, and provide accurate infor-
mation support for the spatial coordinates of the target fruit required
for subsequent path planning.

3.4. Target fruit location

In order to give the UAV the ability to quickly detect and locate mul-
tiple targets in a wide field of view, this paper uses the YOLOv5n model
to accurately identify and locate the target fruit of longan. By combin-
ing the target plane position information obtained by YOLOv5n model
and the depth information obtained by RBG-D camera, the camera coor-
dinate system is transformed into the world coordinate system with the
UAV as the reference, so as to obtain accurate 3D position information
of longan string fruit in a complex orchard environment. The specific
workflow is shown in Fig. 7.

In this paper, we first calibrate the intrinsic parameters of the RGB-D
camera carried by the picking UAV to improve the accuracy of image
processing. The RGB image, depth image and depth pseudo-color image
captured by the camera comprehensively reflect the details of the target
longan and its surrounding environment. Based on these images, this
paper selects fruit tree canopy images suitable for large field of view as
the detection data set, and further subdivides them into training sets for
the preliminary training of YOLOv5n model to create a detection model
with weight parameters. After that, the preprocessed clear RGB image
is input into the trained YOLOv5n model, which is responsible for out-
putting the bounding box information of longan string fruit. Next, these
detections are combined with the information in the depth image to de-
termine the exact position of the fruit in 3D space. Finally, the external
parameter calibration of the camera was carried out, and the camera co-
ordinate system was transformed into the world coordinate system with
the UAV as the reference, so as to realize the precise positioning of the
target longan string fruit in the global scope. The actual operation effect
is shown in Fig. 8.

Through this process, the system can not only effectively realize
multi-target recognition in complex environments, but also accurately
obtain the position of the target in space, which provides reliable data
support for the navigation and picking action of the UAV. This com-
prehensive application based on deep learning and image processing
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Fig. 8. Longan skewfruit detection and localization.

technology greatly improves the efficiency and accuracy of UAV tasks
in orchards.

4. Obstacle avoidance and picking motion planning method

In this section, the obstacle avoidance and picking motion planning
method is proposed of the FP-UAV, encompassing orchard environment
mapping and obstacle avoidance and picking path planning.

To address the challenge of orchard environment mapping, we uti-
lize LiDAR to collect original point cloud data, organize the point cloud
data using a KD-Tree structure, and finally construct a static-dynamic
dual map by creating a time-accumulated local point cloud map. The ob-
jective is to formulate a mapping strategy that is well suited for orchard
environments and minimizes computational demands, thereby realizing
practical obstacle information for FP-UAV path planning.

Addressing the challenge of integrating obstacle avoidance and pick-
ing motion planning, we design a path generation algorithm based on
the B-spline improved A* algorithm for global planning utilizing a static
map. The proposed algorithm fully adjusted the distance threshold of
path reconstruction according to the orchard environment to ensure
the pose of the end of the FP-UAV during flight, and was suitable for
path planning in orchard environment. Additionally, for local planning,
the DWA dynamic window algorithm, combined with the dynamic map,
guides the picking robot to avoid dynamic obstacles in real-time.

4.1. Local map construction

In the orchard canopy environment, constructing a grid map using
ray casting is time-consuming, especially when considering small and ir-
regular obstacles that require the division of the sensed area into small
grid elements. This process increases construction time and poses chal-
lenges in meeting the real-time obstacle avoidance needs of the UAV.
Currently, the development of LiDAR technology is rapidly advanc-
ing, and the false alarm rate of the Livox-avia radar is extremely low
(< 0.0003%), which allows for direct use of the raw point cloud data
for obstacle avoidance planning. Therefore, this paper utilizes the non-
repeating scan of the Avia LiDAR and proposes a map building strategy
suitable for the orchard environment, providing information on orchard
obstacles for the FP-UAV’s path planning.

Considering that the original point cloud data are unordered, we em-
ploy a KD-Tree to organize the original point cloud, aiming to increase
the collision detection efficiency. Due to the huge amount of point cloud
data, up to 7,200,000 points are generated per second, and it continues
to grow exponentially over time, by accumulating point cloud data and
building maps based on a time threshold, we can reduce the impact
of historical point cloud data on obstacle avoidance planning. This ap-
proach is implemented to mitigate the impact of historical point cloud
data on obstacle avoidance planning, to achieve real-time and efficient
obstacle avoidance for the UAV navigating the orchard environment.
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4.1.1. A temporally accumulated local point cloud map

A time accumulation local map, that is, the point cloud scanned most
recently, is used as the local map of the FP-UAV. By accumulating point
clouds within a certain period, a point cloud with sufficient resolution
can be produced to identify obstacles in an orchard.

By comparing point clouds accumulated over different time peri-
ods in Fig. 9, the experiment has shown that point clouds accumulated
within 100 ms are insufficient for determining tree bodies. Point clouds
accumulated within 500 ms can recognize the outline of the tree body
but struggle to effectively identify small branches. However, point cloud
maps accumulated within 1000 ms can better display the outline of the
tree body and the edges of small branches. In summary, in this paper, a
cumulative time of 1000 ms (1 s) was applied.

To minimize the volume of the point cloud data, a resolution of 10
cm was used to downsample the original point cloud. Notably, the down-
sampling resolution used here differs from the resolution occupied by
the grid map, ensuring that it does not impact the detection of obstacles
below the resolution. This step successfully optimizes the point cloud
data, enhancing the efficiency of subsequent obstacle avoidance plan-
ning.

4.1.2. A static-dynamic dual map

To effectively manage the static and dynamic information of the or-
chard environment, we introduced two K-Trees. One tree maintains the
static environment of the orchard, and the other tree is used for dynamic
updating. The point cloud data generated according to the cumulative
time are stored. The update rules are shown in Fig. 10. Based on the
accumulation time of point clouds, we set the number of point cloud
frames received for each point cloud map to 10 frames. When a new
point cloud frame arrives, it is downsampled at a specified resolution
and added to the first local map until it is filled. After the first local map
is full, a new point cloud scan is added to the second KD-Tree. At this
point, the first KD-Tree serves as the static map, while the second func-
tions as the dynamic map. Upon reaching the full capacity of the second
local map, the first local map is emptied, and a new point cloud scan is
added to it. Then, the second local map serves as the static map, and the
first becomes the dynamic map. This process is iterated to achieve the
alternating updates of static and dynamic maps.

The proposed optimization strategy enables effective management
of static and dynamic information in the orchard environment, ensuring
comprehensive consideration of both static and dynamic obstacles, such
as fruit trees, in picking obstacle avoidance planning.

Algorithm 1 KD-tree local map construction.
Require: Point Clouds NewPoints in the new scan
Ensure: KD-Tree
1: Set parameter H =10, N =2
2: if PointsInputNum > H X N then
3 PointsInput Num =0
4 K DTreelnput Num =0
5: else
6: KDTreelInputNum = K DTreeInput Num/H
7
8
9

: end if
: if PointsInputNum mod H =0 then
Cloud.Clear()

10: Cloud = NewPoints

11: else

12: Cloud.add(NewPoints)

13: end if

14: CloudFilterd = VoxelGridFilter(Cloud);
15: KDTree[KDTreelnputNum].build(Cloud);
16: PointsInput Num = PointsInput Num + 1;

In Algorithm 1, parameter H is the number of point cloud frames
received for each point cloud map, N represents setting two KD-Tree,
and VoxelGridFilter function is used for downsampling.
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Fig. 9. Point cloud scanning at varying accumulation times.
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Fig. 10. Alternating updates of static and dynamic maps.

(a) Vertical view.

(b) Lateral view.

Fig. 11. Schematic diagram of the FP-UAV.

4.2. Obstacle avoidance picking path planning

In this paper, the test sites were all located in standardized orchards,
and all the fruit tree canopies were regarded as annular surfaces. In
contrast to other UAVs, when planning the obstacle avoidance path of
an FP-UAV, it is necessary to consider the impact of the branches around
the target fruit cluster on the flight of the FP-UAV and to satisfy the
active requirements of the FP-UAV when picking the target fruit cluster.
For this purpose, we will define an extension line, the blue dashed line
in Fig. 11, which is determined through the center of the tree and the
target fruit string. The generated path should ensure that the end of the
path is tangent to the extension line. When approaching the target fruit

string, the UAV is roughly aligned with the extension line of the tree
trunk to successfully complete the picking task.

To address the challenges faced by FP-UAV in picking target fruits, a
path planning system suitable for FP-UAV autonomous obstacle avoid-
ance picking was established. A hybrid A* algorithm based on the B-
spline curve was proposed for global path planning. The algorithm aims
to guide the FP-UAV to pick the target fruit while avoiding obstacles.
Path planning systems comprehensively consider the impact of static
and dynamic obstacles on the flight of FP-UAV in an orchard environ-
ment and consider the action requirements of FP-UAV when picking the
target fruit string. The corresponding implementation process is shown
in Fig. 12.
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Fig. 12. Flowchart of the path planning system.

4.2.1. Initial path generation

Considering standardized orchard operations with FP-UAVs, the ma-
jority of obstacles, such as branches and leaves requiring avoidance, are
often located near the target fruit string. This interference has impacts
the path planning capability of the FP-UAV. It is a key problem to en-
sure that the end route of the generated path is close to the extension
line between the target fruit string and the tree trunk when realizing
successful picking of the target fruit string by an FP-UAV. In this pa-
per, an improved A* hybrid algorithm based on the B-spline curve is
proposed. First, the initial path is directly generated by the improved
quasiuniform B-spline curve algorithm.

The B-spline curve is designed to generate a smooth curve through
a set of specified points. This curve possesses the property of a convex
hull and maintains the end tangent to the control point. In the context of
path planning, the B-spline curve is employed to smooth the generated
global path, ensuring continuity.

The algorithm introduced in this paper generates the initial path by
improving the quasiuniform B-spline curve algorithm. To meet the ac-
tion requirements of the FP-UAYV, the algorithm uses the characteristic
that the end of the B-spline curve is tangent to the control point. The
start point and end point are strategically selected, the target point and
the point on the extension line are selected and added to the control
point sequence. This ensures that the end path of the generated initial
path is aligned with the extension line between the target fruit string
and the trunk.

The detailed process of path planning for the FP-UAV in orchards is
shown below. It utilizes an improved A* algorithm based on B-spline
curves to meet the requirements of precise fruit picking and obstacle
avoidance. The process is divided into the following stages:

Step 1: Determination of initial control points. First, the starting
and ending point of the path planning are determined, namely the
current position (x, yy, zg) of the FP-UAV and the target fruit string
position (x,,y,,z,). To ensure that the ending point of the path is pre-
cisely aligned with the target fruit string and take into account the
specific direction requirements of the fruit picking, an additional con-
trol point (x,_;,y,_;,z,_1) is located on the extension line of the target
fruit string and the tree trunk. At the same time, based on the Avia
LiDAR obtained scanning data of the orchard environment, the Avia
LiDAR image contour lines are recognized and expanded, and the cor-
ner points, (xy,¥,2;), (X2, ¥2,22). ..., (X—2, Y4—2, Z,—2), are added to the
control point sequence to ensure that the initial pathway waypoints fall
within the convex hull of the control points, achieving obstacle avoid-
ance for static obstacles.
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Fig. 13. Schematic diagram of the control points based on the B-spline curve.

Step 2: Determination of node vectors and degrees. The length of
the node vector and the degree of the curve d(d = 2) are related to the
number of control points n. In this paper, a third-order quasi-uniform
B-spline curve is proposed and the node vector will contain n + d + 1
elements. The selection of a third-order curve is mainly based on its
smoothness and flexibility, as well as its ease of adjusting the influence
of control points on the path shape.

Step 3: Calculation of B-spline basis functions. The basis function
N, () is

—u u; —u
Ny = — N+ — N ), )
Uppp — U; Uippr1 —Uig1
where p = 3, is the order of the basis function, and the index i rep-
resents the i-th control point in the sequence of control points. The
function N; ;(u) recursively calculated according to the De Boor-Cox for-
mula to assign weights to each control point in the curve construction
and thereby determine the specific shape of the path.

Step 4: Generation of B-spline curves. By using the control points
and corresponding basis functions, the coordinates of each point on the
curve are calculated to form a smooth initial path. In this step, special
attention is paid to utilizing the characteristic of the B-spline curve end
point being tangent to the control point to meet the specific direction
requirements of the fruit picking action end.

Step 5: Path Discretization. This step aims to ensure that the path
avoids these obstacles by leveraging the convex hull property of the
quasi-uniform B-spline curves. Then, the generated quasi-uniform B-
spline curves are discretized into a series of path points, providing a
basis for subsequent collision detection and path adjustment.

Step 6: Path Optimization and Collision Detection. After generating
the initial path, collision detection is performed for each path point to
ensure the feasibility of the path. If a collision is detected, the affected
path segment is replanned using the A* algorithm until a final path is
found that avoids obstacles and satisfies the picking requirements.

Through the above detailed steps, the path planning strategy pro-
posed in this paper can effectively cope with the complex situation in
the orchard environment, realize the path planning of the UAV fuselage
and the picking actuator, and ensure that the FP-UAV can complete the
picking task safely and effectively.

Using the convex hull of the B-spline curve, the obstacle information
near the target fruit cluster is extracted and expanded upon based on
the static map incorporating the time-integrated point clouds. After the
obstacle information is processed by expansion, the extracted key corner
points are added to the sequence of control points to ensure that the UAV
avoids these obstacles and makes the planned path fall within the safe
area, as shown in Fig. 13.

4.2.2. Collision detection

After adding a new point cloud frame to the local map, collision de-
tection on the tracking path is crucial to ensure that the FP-UAV is safely
flying. To adapt to the traffic conditions of an FP-UAV in an orchard, we
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establish appropriate collision detection conditions. These conditions
include coincidence, distance threshold, and flight space parameters,
which are listed below.

(1) Coincidence: For each waypoint in the tracking path, determine
whether the point coincides with any laser scanning point in the local
map. This condition enables detection of whether the path intersects
with the actual point cloud data in the environment.

(2) Distance threshold: Calculate the distance between each way-
point in the tracking path and the nearest point in the local map, and
evaluate whether the distance is greater than the safety distance thresh-
old. By setting the threshold, the UAV can maintain a sufficient distance
from the environment during flight to avoid collisions.

(3) Flight space: For each waypoint in the tracking pathevaluate
judge whether it exceeds the specified flight space range at the z-axis
altitude. This condition is used to limit the vertical flight range of the
UAV to ensure safe flight at different altitudes.

By comprehensively considering the above three conditions, effec-
tive collision detection can be conducted, ensuring the safe flight of the
FP-UAV in orchards. Accurate and timely collision detection enhances
the ability of an FP-UAV to respond rapidly to environmental changes,
ensuring its flight safety.

4.2.3. Path replanning

In the presence of intricate obstacle information around the target
fruit string and when the FP-UAV encounters collision detection failure
during path execution, indicating that the initial path is no longer vi-
able. Thus, we implement an intelligent path replanning algorithm. The
fundamental concept of this algorithm is to generate a new path based
on real-time positioning information from the FP-UAV, the current envi-
ronmental status, and the location of the operational target point. This
process ensures that the FP-UAV can effectively and safely accomplish
the picking task in the complex obstacle avoidance environment of the
orchard.

In the initial stage, the A* algorithm excels in narrow channels
and diverse environments, swiftly identifying feasible paths. Employed
at the forefront of heuristic path planning, the A* algorithm initiates
searches from the starting point, estimating surrogate values for each
search node to guide the direction closer to the target point coordinates.
The objective during this stage is to rapidly generate a global path sat-
isfying the obstacle avoidance requirements for an FP-UAV navigating
an intricate orchard canopy environment.

However, considering the complexity of the orchard environment,
the A* algorithm may not fully account for dynamic obstacles and the
irregular shape of fruit trees. This limitation hinders the ability of this
approach to ensure the proximity of the path to the extension line of the
target fruit string and trunk. To address this, the B-spline algorithm is in-
troduced later in the global path. A distance threshold D is incorporated
to determine when to transition from the A* algorithm to the improved
B-spline curve algorithm. The expression of the distance threshold D is

D =/ =%+ 0= P+ (2 — 2%, @

where (xj, ¥, z;) is the extension node, which is currently being con-
sidered by the A * algorithm when searching for a path, and (x;,;,z;)
is the target fruit position. In this paper, we set D = (0.5 m according to
the orchard environments.

As the path generated by the A* algorithm approaches the target po-
sition, the system transitions to the B-spline algorithm, better aligning
with the orchard’s action requirements. This technique ensures that the
FP-UAV is in the ideal position upon reaching the target fruit string. By
introducing the B-spline curve into the global path, this hybrid strat-
egy brings the path closer to the extension line of the target fruit string
and trunk. Thus, under various complex environments, waypoint paths
can be generated to meet the action requirements of an FP-UAV when
picking a target fruit string, enhancing the robustness of FP-UAV au-
tonomous obstacle avoidance picking, as shown in Fig. 14.
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Fig. 14. The picking path planning of the proposed method.

4.2.4. Obstacle avoidance of the picking path

In orchards, the dynamic obstacle avoidance of an FP-UAYV is highly
important for ensuring an efficient and safe picking task. Therefore, the
improved dynamic window approach (DWA) algorithm is proposed to
adapt to real-time changes in orchard environments, especially in the
presence of dynamic obstacles.

Algorithm 2 Obstacle avoidance picking path planning.

Require: Static map, dynamic map, start and end pose
Ensure: The path connecting the starting point and the ending point
Set threshold =10
2: if collision_detection(initial_goal_path, static_obstacles) then
Final_goal_path = ReplanPath(start, goal,threshold)
4: while distance(current, goal) > threshold do
ReplanPath = aStarPath

6: end while
ReplanPath = BSpline Path
8: else
Final_goal_path = initial_goal_path
10: end if

while robot_current_pose! = goal_pose do
12: dynamic_map = update_d ynamic_map()
(best_trajectory, best_velocity) = DW A_Algor -
ithm(robot_current_pose, target_velocity, d ynamic_map)
14: move_robot(Final_goal_path, robot_current_pose, best_velocity)
end while

Initially, dynamic obstacle information in the environment, includ-
ing position and speed, is gathered through various sensors, such as
visual sensors and LiDAR. Concurrently, real-time status data of the FP-
UAV, encompassing key information such as position, speed, direction,
and dynamic constraints, are obtained. Leveraging the sensing data, the
velocity space of the FP-UAV is defined by incorporating the velocity
values around the current velocity and potential angular velocity val-
ues. It establishes fundamental motion parameters for subsequent path
planning.

The core of the DWA algorithm is to generate the dynamic sampling
window. Leveraging the current velocity space and information about
dynamic obstacles, the system generates the feasible motion range of
the robot. This dynamic sampling window highlights the potential speed
and direction the robot might adopt in the next time step. Subsequently,
through trajectory evaluation, collision detection is executed for each
combination of speed and direction. This process ensures that the cho-
sen trajectory is secure, meaning that the robot will not collide with
dynamic obstacles during movement. Factoring in collision risk, the op-
timal trajectory is determined by selecting the velocity and direction
combination with the minimum collision cost. This trajectory guides
the FP-UAV to move efficiently and safely in the orchard, gradually ap-
proaching the target fruit cluster.

In practical transit, the real-time update mechanism of the DWA al-
gorithm ensures the real-time adjustment of the dynamic window and
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(a) Collect orchard environment information.

(b) High-resolution and high-precision 3D maps.

Fig. 16. The FP-UAV obstacle avoidance picking scene.

trajectory to adapt to environmental changes and the movement of dy-
namic obstacles. This hybrid strategy fully considers the complexity of
the orchard environment and ensures the robustness of the system in dy-
namic scenes so that the FP-UAV can successfully complete the picking
task.

By integrating the DWA algorithm, the FP-UAV can effectively avoid
dynamic obstacles in complex and changeable orchard environments
and provide a safe and reliable path planning strategy for orchard pick-
ing tasks.

5. Experiment and discussion

To verify the hardware and software design of the mapping and
obstacle avoidance experiments of the FP-UAV were conducted in the
longan orchard of the College of Horticulture, South China Agricul-
tural University and the longan orchard of the Guangdong Academy of
Agricultural Sciences. The real experimental environment is shown in
Fig. 15, which can simulate the obstacle avoidance scene of an FP-UAV
during the picking process.

In this paper, the system parameters are configured as follows: when
constructing a local map, the point cloud’s downsampling resolution is
set to 10 cm; to account for potential slight reductions in obstacle size
due to downsampling, the safety gap between the FP-UAV and obstacles
is set to 600 mm based on the wheelbase of the M300RTK UAV, which
is 895 mm.

In the obstacle avoidance picking path planning module, the dy-
namic speed limit is set to 1 m/s, and the acceleration is set to 1 m/s?.
The fixed integration time (ts) for each expansion is 0.6 s. An image of
the experimental site is shown in Fig. 16(a). Due to the characteristics
of LiDAR systems, high-resolution and high-precision 3D maps of the
environment can also be constructed, as depicted in Fig. 16(b).

5.1. Map construction experiment by FP-UAV
5.1.1. Verification of map construction effect

This experiment was conducted in the orchard of the Agricultural
Science Institute for map building testing. The experimental environ-
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ment is the real environment of the orchard, which meets the initial
intentions of the project and is conducive to detecting the map building
effect.

While flying between rows of fruit trees, the FP-UAV collects point
cloud data using an Avia LiDAR. It then downsamples the point cloud
data using a voxel grid filter to reduce the data volume while retaining
the shape features of the point cloud. The Avia LiDAR contains 72000
points per frame, and after the downsampling operation, it will be re-
duced to 3000 — 4000 points. Then, two time-iterative KD-Tree data
structures are used to organize the point cloud and form a static-dynamic
local map. Finally, the local map is converted to the global coordinate
system through coordinate system transformation.

The comparison of the effect mapping after downsampling is shown
in Fig. 17. From Fig. 17(a), it shows the effect of accumulating the orig-
inal point cloud within 1000 ms, while Fig. 17(b) shows the effect of
accumulating the point cloud after downsampling by voxel grid filter
within 1000 ms. By comparison, it can be seen that the downsampled
point cloud still retains the shape characteristics and detailed informa-
tion of the obstacles within the field of view, and its point cloud quantity
has decreased significantly compared to the original point cloud.

The mapping effect is shown by the detail local map iteration in the
Fig. 18. Specifically, the blue point cloud in Fig. 18(a) represents a static
map organized by the KD-Tree data structure, with the number of point
clouds remaining constant during the cycle. The green point cloud in
Fig. 18(b) represents the dynamic map organized by the KD-Tree data
structure. During the cycle, the number of point clouds increases as new
point cloud frames are scanned. Fig. 18(c) shows a partial map of the
whole area, covering both static and dynamic information. The outline
of fruit trees and greenhouses is clearly visible in the map, which can
directly reflect the shape characteristics and location information of dy-
namic obstacles and small obstacles.

The above experiments show that the map construction method pro-
posed in this paper can effectively reflect the feature information of
obstacles in the orchard, and provide the maximum possible environ-
mental information of the orchard while reducing the computing pres-
sure of the airborne computer, providing a basis for the UAV picking
and obstacle avoidance planning.
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(a) Raw Point Cloud.
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(b) Downsampled point cloud.

Fig. 17. Comparison of point cloud downsampling effect.

(a) Static map.

(b) Dynamic map.

(c) Local map.

Fig. 18. Local staic-dynamic mapping effect.

5.1.2. Comparison of map construction methods

We compare the proposed map construction strategy with that of Oc-
toMap. OctoMap is a type of occupancy grid map widely used in various
applications and serves as the foundation for Euclidean Signed Distance
Functions (ESDF) maps. A comparative experiment was conducted in the
orchard of the Academy of Agricultural Sciences. In this paper, an Oc-
toMap grid map was constructed within a fixed time of 10 s at different
resolutions (2 cm, 5 cm, and 10 cm), as illustrated in Figs. 19(a), (b), and
(c), respectively. The effect of the map construction scheme proposed in
this paper is shown in Fig. 19(d). The data show that when construct-
ing an updated map at a 10 cm resolution, the map failed to display the
shape of the fruit trees within the fixed 10 s construction time. At 2 cm
and 5 cm resolutions, the fruit contour can be displayed within a 10 s
fixed construction time, but accurately reflecting the characteristics of
fruit branches at the edge is still challenging.

The update process for the OctoMap raster map is time-consuming,
particularly when scanning high-resolution or outdoor areas, in which
the update time significantly increases. It is because, for each newly
scanned laser point, all the grids on its rays need to be updated. In
contrast, the obstacle avoidance planning method directly utilizes laser
point clouds, and the map construction time depends on the number of

laser points in each frame. Consequently, the construction effect remains
relatively consistent during each scan.

5.2. Obstacle avoidance picking experiment by FP-UAV

5.2.1. Moving personnel obstacle experiment

To assess the effectiveness of the obstacle avoidance system against
typical dynamic obstacles, such as workers, in the orchard, experiments
were conducted in the longan orchard of the Guangdong Academy of
Agricultural Sciences. In this scenario, the FP-UAV flew toward the
picking point position from a distance of 6 meters and a height of 3
meters, constructed a local map, and planned the picking path, shown
in Fig. 20(a). While in flight, personnel suddenly appeared within the
LiDAR data and were recorded as crossing the harvesting planning path,
shown in Fig. 20(b). As depicted in the figures, the movement contours
and morphological features of the personnel are clearly visible. After
the personnel reached the safe range of the current planned path, col-
lision detection conditions were triggered. With respect to the obstacle
avoidance picking system, based on the current constructed point cloud
map and the location information of the FP-UAV, we plan to avoid ob-
stacles. The replanned path is indicated by the red curves in Fig. 20(a)
and Fig. 20(b).
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(a) 10cm resolution effect.
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(b) 5cm resolution effect.

(c) 2cm resolution effect.

(d) Point cloud map effect of this paper.

Fig. 19. Comparison between the grid map and the point cloud map.

Fig. 21. Obstacle avoidance experiment outside the canopy of fruit trees.

5.2.2. Picking points outside the canopy of fruit trees

In the orchard, the experiment initially simulated the picking opera-
tion outside the canopy of the longan tree. The FP-UAV operating point
was set outside the longan tree in the longan garden of the Academy of
Agricultural Sciences, at a height of 2 meters and a distance of 75 cm
from the nearest tree crown, as indicated by the red triangle in Fig. 21.

12

Fig. 22. Obstacle avoidance experiment at picking points at canopy intersec-
tions.

After the FP-UAV receives the location of the operation point, the algo-
rithm plans the obstacle avoidance picking path based on the real-time
constructed local map, as shown by the red curve in Fig. 21. The white
point cloud in the figure represents all the points received thus far, and
the blue and green point clouds represent the static and dynamic parts
of the constructed local map, respectively, for obstacle avoidance and

169/179



J. Li, H. Zhou, Y. Mai et al.

(a) Initial picking path.
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aft_mapped

(b) Replanning picking path.

Fig. 23. Obstacle avoidance experiment at picking points at canopy intersections.

picking planning. The upper left side of the figure is the local side of the
longan tree near the outer part of the canopy. The figure clearly shows
that the LiDAR image clearly captured the outline of the longan tree
canopy. Through the construction of a local map, an FP-UAV can use
the map to conduct accurate obstacle avoidance and picking planning.

5.2.3. Picking point at the canopy intersection

In the orchard, picking at the intersection of longan tree canopies was
simulated. The operation point of the FP-UAV is set at the intersection
of two longan trees in the longan garden, which is 68 cm away from the
nearest left and right tree crowns, as shown by the red triangle in Fig. 22.
The elliptical area in the lower right corner represents an occluded area.
Because this area is occluded by the front crown, there is no point cloud
information. After the FP-UAV receives the location of the operation
point, it replans the picking path to avoid obstacle based on the real-
time constructed local map, as shown by the red curve in Fig. 22.

During the flight of the FP-UAV to the operation point, the local
map updates the nearest point cloud of the FP-UAV in real time and de-
tects collisions along the currently tracked planned path, as shown in
Fig. 23(a) and Fig. 23(b). After the collision condition is triggered, the
obstacle avoidance system again conducts obstacle avoidance planning
based on the currently constructed point cloud map and the current po-
sition information of the FP-UAV, as denoted by the red path in Fig. 23.
This process ensures that, when encountering obstacles or emergencies,
the FP-UAV can adjust its path promptly to ensure the safety and effi-
ciency of flight.

6. Conclusion

In this paper, we develop an autonomous obstacle avoidance picking
method for the self-built FP-UAV in orchard environments, with a focus
on exploring suitable orchard mapping strategies and obstacle avoid-
ance picking motion planning based on the FP-UAV.

First, LIDAR was used to acquire the original point cloud data, and
a time-accumulated local point cloud map was constructed ingeniously
using the KD-Tree structure. This approach effectively mitigates the im-
pact of historical point clouds on obstacle avoidance planning through
time accumulation, thereby enhancing collision detection efficiency. To
comprehensively manage static and dynamic information in orchard en-
vironments, a static-dynamic dual map is generated to ensure proper
consideration of changes in fruit trees and the presence of dynamic ob-
stacles in picking obstacle avoidance planning.

Considering obstacle avoidance and picking path planning, we de-
velop an improved A* hybrid algorithm based on the B-spline curve.
This algorithm ensures that the end route of the generated path closely
aligns with the extension line between the target fruit string and the
trunk, meeting the action requirements of the FP-UAV during fruit pick-
ing. Concurrently, by leveraging obstacle information from the dynamic
map, this paper utilizes the DWA dynamic window algorithm to achieve
dynamic obstacle avoidance path planning. Ultimately, this technique

13

results in the realization of smooth and safe obstacle avoidance planning
for UAV picking in complex orchard environments, ensuring seamless
picking of the target fruit string.

Based on extensive experimentation, the proposed UAV obstacle
avoidance system is shown to demonstrate favorable performance in
real orchard environments, offering robust technical support for the ef-
ficient and safe application of FP-UAV in orchards. Future research could
focus on further optimizing algorithms to enhance the robustness and
applicability of the system.
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