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Design and Experiment of Visual Servo Shaping and Pruning
Platform for Camellia oleifera Based on Improved YOLOvSn

LI Hong, ZHU Fulei, WENG Tianhao, ZHANG Lianhong, WEN Tao"
(School of Mechanical and Intelligent Mamufacturing, Central South University of Forestry and Technology ,Changsha 410004, China)

Abstract: Aiming at the visual perception problem of automatic pruning of Camellia oleifera branches, especially in the
outdoor natural environment, branches are vulnerable to wind disturbance, branches and leaves shading and other envi-
ronmental factors, a visual servo pruning platform based on improved YOLOv8n is designed and developed. The plat-
form is divided into visual inspection system and manipulator pruning system. In the visual inspection system, efficient
up-convolution block (EUCB) and multilayer perceptron (MLP) modules are introduced respectively, and EM-YOLO
(EUCB and MLP-you only look once) model is designed to improve the feature fusion module and up sampling module,
so as to enhance the recognition ability of the model in complex situations. A positioning strategy based on the center
point at the bottom of the prediction frame is designed, and the image binarization and skeleton extraction technology are
used to predict the pruning posture. The kinematics model of the manipulator is established based on the standard D-H
method. The visual servo control strategy is established through the image error to achieve dynamic approximation and at-
titude self-tuning for the target branch. Compared with the original YOLOv8n, the accuracy, recall and mAPO. 5 of EM-
YOLO for Camellia oleifera target branches are improved by 0. 5%, 7. 1% and 3. 5%, respectively. The detection perfor-
mance of EM-YOLO in target branch samples collected under different lighting conditions remain stable. In the indoor
automatic pruning experiment, the platform has realized the detection and pruning of the target branches of Camellia

oleifera, the recognition success rate is 81.29%, the missing detection rate is 14. 03%, the spatial positioning error
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within the operation range of 1-2 m is less than 1 e¢m, and the overall pruning success rate of the platform is 80. 9%,

which can effectively realize the automatic pruning of the target branches of Camellia oleifera, and provide technical ref-

erence for the intelligent and standardized management of Camellia oleifera.

Keywords: Identification and positioning; Camellia oleifera; plastic surgery; YOLOvS; fusion perception; manipulator

control
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(a) camellia oleifera bare branches
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(b) robot structure
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1. robotic arm lifting platform ;2. six—axis robotic arm; 3. end—effector tool ;4. realsense D435if depth camera;5. camera bracket.

B1 gsE

H5EEMR

Fig. 1 Pruning platform structure and pruning target
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Fig. 2 Workflow of automatic pruning platform
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Fig. 3 Target branch samples of Camellia oleifera and their partially enhanced images
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C2f is a network structure introduced in YOLOv8n, which can ensure the lightweight of the model, enhance the gradient flow and enhance the ability of
feature expression.
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Fig. 4 EM-YOLO target branch detection model of Camellia oleifera
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Fig. 5 EUCB network structure
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Fig. 6 MLP module diagram
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7 EENEES
Fig. 7 Ideal pruning point
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Fig. 8 Calculation process of target branch orientation
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Tab. 2 Parameters of the joint connecting rod of the
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X3 1
1 :‘—.: Z -O Z X5
! 605 =
3| & ~
=1 i -l
| 6
1
_24 X
1
|
|
1

% Hfi: mm
Unit: mm
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Fig. 9 Joint coordinate distribution of pruning manipulator
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Fig. 10 Visualization of spatial configuration of pruning

arm under test joint angle
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Fig. 11 Inverse kinematics error analysis
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ORI o 2 At F IR R 55 R L B
PR AAPR 2R | I 1B BN 7SR AR BN R DS T A AR 1
ARG R EARP A S BT B LS, FAIRDIR
ZEMEE EREEE (o] < £,6=5 mm) , L FETETI]
B SRR TR B AN, fEIR 2 /NI AU
TFIAE TS o 2L s 2800 ) BN, 2R Zii RS
NER (HURSIGE FEE 18 5 24 A SRR AR E A E
KEBERHZ8) (BT EE L AN . Tsu-
chida ZES A S B0 EEIR GG 2R B, 24 A )L 0. 1395 0. 5
I, ACFRIN AT HH S 6k 20 s T 24 A L O. S HEZ 0. 8 B, b3
BRI EAE 2R ERFR FI, AREFFRER A=
0. 1.0. 5.0. 8 FEIFXTELIGAE . 24 A=0. 1, HUARES U S it
(8] 28. 43 55 24 A=0. 5, HUAR S ST [R) D 8. 95 s 24
A=0. 8, HUME USRI [R1 R 7. 66 s, AU R Rl s B
%, GEWSGEE SHITRE M B2 E LY

FH1=0.5,
4 PREARBEEEESXESEEEITM

4.1 BieNEEEREHRRITSEERST

A BfF 53 B9 3 98 £ Bid B CPU i7-13500, GPU
Nvidia GeForce RTX 4060Ti(16GB) F i {43 & #1 Py-
torch RE - SIMELE N it (T WA G ERE, R
FH K5 f % (precision) A 0] (recall ) | S 3]8 B ¥
(mAP@O. 5) \F1 43 # (Fl-score) « F FH i [a] DL Kz #5270
KAMEN TN R

DR B I 2 T A % SO ST ERAE T 5 E AR A IR 31
R _F B R, PLYOLOvSn Ry RE vl AL | X 4% 2 it
iR TR, M E TR R G B R S
W5 R A BN A] R RUIME NS e hR A5 R
W3,

*x3 iHELRR
Tab. 3 Ablation experiment
s R/ % BIEE/% SFYIREEE/ % HEIE R[] /ms BRI/ MB
EUCB MLP . . . .

order precision mAP@0.5 inference time model size
1 — — 70.51 77.15 6.41 5.9
2 v — 70.14 78.01 10.72 6.1
3 — N 71.98 79.26 5.65 59
4 N N 71.03 80.60 6.39 6.1

G RN IAR S B ; " IRV INAR 56 B

Note: “—" means no relevant improvements will be added ; “J” means add relevant improvements.

R 3 A A, 5[ A EUCB B 5 , BB AG 73 1] %
66. 84% $2 F+ 2 71.33%, 2/ 1 4. 499%, mAP@O. 5 {2
= 1 0. 86%  (HAB ARG A N, HEELN A B 6. 41 ms
BH0ZE 10. 72 ms, BEAIK/NEH 5.9 MBHE & 6.1 MB,
L5 RRIH EUCB A R E SR E RS E
BTRLE  (ERRAD PN B R S A R 2 ARHIESRIA A
TR E BARE S0 510245 B i T3 PR
L5 55208 A RIS 5 IR N FEfE g s o aT
REXT 2y = R AR LSO P2 AR SR I N, S 8U/b =
Rk —E i E R, 45 A MLP AT, S
ZEET 1.47%, 13 B Z 12 7 4. 08% , mAP@O. 5 42
2. 11%, [G B PR (A F 6. 41 ms 37D F 5. 65 ms, 157
RINANAE o 153 BH MLP FSER GE A 75 A~ 3G A AL A AR ()
HITE T, Wi EA KRR & 515 E R B FHHIE
FIABES T, Xt B TT 51 =X, N ERE

RIS 5 4 Bl RE TR R I B R . H—2
i1, 24 EUCB 5 MLP SR [A] A 5 [ AR, A58 1 73 (o] R 2
FF7.09% , mAP@O. 52T 3. 45% , £E & MERE R B B o
ZERERIE, HIBREE —E RN EAME  EUCB I &1
SR AR B B AR 2 (A 4 7T AR RS E b G H BE
MLP fill 88 TH AR Rl & 5] 51 5 S ARk 5
FERE i SOH R AR 2 2 R T A kb 5 R R
Jo T ARG BB S ST . £ B AT, 5] A EUCB 5
MLP f5 , AT H s 56 BRI S V3 Bl RE J1 )R 7
eI REEH SOk T AT RSO ES A R
RIAE A 5332 1 ) EM=-YOLO #2845 %0k
TE4t — W 208 SR Al 56 55 1 1 . 5 Faster R-CNN,
YOLOv8n.YOLOv11n,REDTR-r18 £ #f £ 7 H A&
FEHAT TREMAT L, A5 2B S A5 R 2 4.
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Tab. 4 Contrast experiment
) BHE/% AEZE/% F153%0/% SFEIREEIE/ % HEIE B ) /ms R R/N/MB
models precision recall F1 score mAP@0.5 inference time model size
Faster R-CNN 38.91 95.67 55.00 77.69 234.43 137.1
YOLOv8n 70.51 66.84 68.63 77.15 6.41 5.9
YOLOvlln 73.52 73.65 73.58 78.15 11.06 Y]
REDTR-118 71.47 67.03 69.18 76.06 19.16 76.9
EM-YOLO 71.03 73.93 72.45 80.60 6.39 6.1

5% 4 AI A, 6 /R 7R 8 N2 B T 2% E AR ARG 45
fEfR I, EM-YOLO HSE 2088 B2 I {E R 80. 60% , #H EE:
FYOLOv8n.YOLOvI1n.REDTR-r18 #[1 Faster—CNN 43
FHRE 3. 5%.2. 5% 4. 5% F12. 9%, (EAHRNEE RIS
PR, EM-YOLO M4 i R 2L YOLOv8n, & [A] % JA
66. 84% 2 5 & 73.93%, F1 43 5L 68. 63% 2 & 5
72. 45% , % E AR B R 6E 52 A B T FE AL R/
FOAR M B F, EM=YOLO HI# AL K /N Ay 6. 1 MB, Lt
YOLOv8n.YOLOv11nf5K , fHEE Faster—-CNN REDTR-
r18 FURE A/ MR % LR G HEEE RS RN 6. 39 ms, 5
YOLOv8n i/, BH 5 F YOLOv1 In REDTR-118 DL &%
W B LY Faster—CNN , B 1 i A0 B 30 IE 5T (Y
SCI B SR, RUERSR B, EM-YOLO fERS iR L 2 [H]
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Fig. 12 Visualization of prediction boxes for test images
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FLRH A IS 5 (True Positive, TP, ZHIC N Ty, 22 5F
Lt (intersection over union, IoU) >0. 45 H 2 B PLHEC) o
21 A SRAE N & 2k B bR B R BH PR AG T 25 2R (False
Negative, FN, Z A 108 Fy, ARG R ESEH AR ) o
5 300 GRAE D B SR TT F) IR P PEAG N 45 SR (False Posi-
tive, FP, ZNHHC N F,, TRINAE 5 HSEAR EAEANDLAL , 51
BERANA—2D) o *raEmhtE GH TR, , goit- B
WS,

H13R 5 B SRS IR BIRINZE 0 =T/ (T F i+
F,)x100%=81. 29% , Jiift: % 0,=F/(Ty+F +F,) x100%=
14. 03% , FEZR T T A4 H 3B YK

BB B R MERE L RENE R IUE , M T
RETIRGN R G TR R, 156 T 5 WA 13,

HE

ranging point

WBEAYL

rangefinder

x5 MLBKRERST

Tab. 5 Statistics of test image information

SRIEEES e

detection results quantity
Rl

Em*ﬁw . 921

true positive

EFEL S A 159

false negative

==} N (

FRIE T 53

false positive

Hor, 3361% #& B /NKBIRE ARG R A F A~ 8 MJJ-
GCJYDOO1QW Z 38 5% M BE A 90 25 475 E A | Intel Re-
alSense D435if2H 5l OGRS ESERE 0. 05~40 m,

BOLIR R

laser rangefinder display:

RER Y TREEATIBL
simulation tree depth camera

(a) Wikt

(a) test scenario

(OF SRLNES

(b) laser ranging instrument

(c) TN AR

(c) prediction coordinate

13 EuURERETREE
Fig. 13 Schematic diagram of positioning accuracy test
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HARGM S EE, WK 13(a) o 18 WSO E I EE (Y
FDAA, R Z S AR B S B U 1280 3 B bR
R AEBA U R 28 nl SRS X S Y A bR A B ST
B, WE13(b) . E13(c) ) BRI S ALHR (v, 2) T
MME . Zit ESLE S50 2 L0 A AA AR ZE 18 , B
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Gt RILER 6, IS 2R R R BE B8N 1Y € (i 1%
ZEHZR L 14,
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Tab. 6 Positioning error at different depth distances

WREFEE/m XHEZE/m Y#ig%/m ZHEZ/m
depth distance X-axis error Y-axis error Z-axis error
1.0 0.001 7 0.002 6 0.002 1
12 0.001 7 0.002 5 0.003 2
1.4 0.001 6 0.001 2 0.003 9
1.6 0.003 1 0.003 4 0.005 5
1.8 0.004 5 0.004 8 0.006 7
2.0 0.004 7 0.005 6 0.009 8
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Fig. 14 Positioning error curves at different depth distances

P [ 14 A R, 8 L 158 22 T TR B B B R 4 K
FRIEHEE/NT 1.4 m I, &0l B E MR ZE KT
0. 004 m , REEIEBIAT 1. 4 m i, Z Bili7 A 22 A B
MR RE B . T LAl 7] o I BRIR R ZE B R R
RIE T, B brise SR [R] HY 2E B 86 R 2= 08 A E AR
HI R RS 4/ (45 H AR AT S BT A RURHIE s 2
B, s BRI TR S AR S @ ARG . HZ,
AR FE A B XS G MR 1. 5~ 2. 5 m R RCPRHA T 4%
i, HA SR IR 2 AL THIE B U E HO A T AEERE (2. 0 m
PAA) , 2RI E 22 Tk e SE PR B BT K
4.3 ETFURERAHFENENUETEIREER

Nt — B RAEATR S AR B 3Dk ey
F-a BB, FEENEM T el BB 5, i
TR EsAL, KGR WK T, HERT A B3
A IR BN 89 W, RINME BT 72 IR, Bk B &R
80.9%. A 5 KN FEH R SFIBERK
A 8 K2 IR mT A M s Fe R 8 S A 4 1K
2 RN H A 4 0 B AR B A FE Bl S B LA AR i
JIETERE BB LR, Iess R, L%
Ao ReREHER B EAL H gk , B HARE SR AL THL
P TARZS AN Jo ™ B g R o, i i B 3k &
BV BEEA R5E Bt Tl 2 R E AR SR BRI B AL
FHEBIEL o

F7 HEWBEMEEELEER
Tab. 7 Experimental results of automatic pruning of
Camellia oleifera

lEE S 4=!

AR ARINZER/%
experiment results number of branches success rate
P of Camellia oleifera

3: 1A
R 72 80.9
experiment success
B ERKIK
tracking failed ° 90
HURE A RIE

; . . 8 5.6
manipulator inaccessible
mAS s
ERTHEBER 4 45

pose calculation error

B H EE UM ENUAE A& B R T BT — R IEER A,
FERK T MASE S8 A6 = 4 RE A LS T BB BT PR T
SEELAENILRAR , SEBE T VMBS R e A B Bk B BE Rl
&R G

2) %t EM-YOLO HFpAz e M7 , @it 51 A
MLP 4HER &1 5 EUCB bR et 127 78 2%
TR T EARRIR B NEE . 5645 BRI, EM-
YOLO SRS TERE % 73 B % 5 mAP EZ O e R 13
PEF IR YOLOv8n, EAE AR IR EE R AR [RI AR ] H 2858
M 5P 5N B EERE SR A BE AR R E

3B b & =4 E A S &AM . R
FEF RO IAE JEHES 0 s B BIAL S LRI, 458 —(E
5B BB & 3T it T ilE  FEES =
Hefr B SRR ENMIEER. EAEEHTRERH,
BITEAE 1~2 myG R N R A B RS TR K o

4) ST AR D-H iz 3 AR 5 1 o fe] AR 725 1 3R
Mo MBI R ZESATX EE 8N 7 R ARES R T3 X5
iE, R R EN—28 . EEM ERETRGIRE
Ry el A2 1] SRR s ST B R v ] EME B S BB SV 2 5
FEfxT . 1EZ= AR A EAN L B 3 e 5Tiae s oh &
IXE]80. 9% , Wit T EENLAEME TR LR AR B T T
N G EEARIE] SEH R B T T ARSI A

25 b RB B R v A R B BB B SE A 1
N AT ST SEB 2SR T A B H ARIR A1 A
SIS SESRAT A ERSGAIE , v SSE BEFZ(8 59 A & B
SRR T RITRI R R %12, RERHIE,
AR FAAELL FA R 5 G257 [H o

1) BEATUE BTG IE 3 T2 N Al 51 T 6 BRI
FRSER, IRIR S RE M E T & KA SRR
FEARERAE , B DR SEA R A N & St
PESCHIIRTS o AR TT I SR SE RS, HFAEAN ]
o385 IR R XME BT R 5 Y] O RE T
SHRIIE. 2) HHT RS FE BRI E S 5T R
W RE AL S R AR I, 78 R 5 [ 45128 Hl g A S
B SR R AR S B R S E R W AF
BA—E WM, Hm s R ] BN ST AR E M,
FoR B Rl A 2 BIAE B RS & # 5T (inertial mea-
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