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Research for identification of cluster tomatoes and positioning of
picking points based on an improved YOLOv11-Pose
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Abstract: In the automated harvesting of cluster tomatoes in greenhouse environments, rapid identification of cluster
tomatoes and precise localization of picking points are critical. This work addresses the requirements for rapid cluster
recognition and accurate picking point localization in automated cluster tomato harvesting within greenhouses by
proposing a visual detection and localization method based on an improved YOLOvl1-Pose. The method first
constructs a dataset containing simultaneous annotations of cluster tomatoes and picking points; then introduces two
modules GhostC3ECA and C3k2_CA at different positions within the original YOLOv11-Pose model to achieve network
lightweighting and precise picking point localization, respectively. This ultimately enables end-to-end real-time
detection of cluster tomatoes and accurate picking point localization. In the network’s backend, we utilize pose-aware
non-maximum suppression to optimize detection of densely clustered fruits and key points localization. Experiments
validated the approach on a glasshouse-collected cluster tomato dataset, achieving 96.2% recognition accuracy and
86.5% picking point localization accuracy. The model operates at 67.2 fps, meeting real-time processing demands.
Verified by real-word greenhouse harvesting scenarios, the proposed cluster tomatoes recognition and picking point
localization method based on an improved YOLOv11-Pose provides an efficient and reliable visual detection solution for
automated harvesting robots.

Keywords: agricultural robot;cluster tomato harvesting; YOLOv11-Pose; key points detection; computer vision;lightweight

e o SCHRLT R H i 4 3m ad 0 0l R LI R L3 R R R A
S R FEIE Y I RPN R S (a7 R R VAT TR AVESh | gl
UTAE SR B A U R R AR A RS AR B R S B R A B 2 SRR R

0 35l

il

W s A :2025-11-22
* FATE . )74 B R E AUF R T H (AB25069476, AB24010164, AB23026048) . [/ 5% [ 4k Bl 2% 3t 4 5T M 3 3L Bl BF 58 & 1 & T
(F202405028) . LLI PG 45 il BF 58 11 %1351 H (202303021222267) K 34 T H AL HF 52 12135 H (JC202402) % BY

+ 131 »



949 B 2 F o

T # K

A AR A 1) B 24 4l VR RE AL T 1 B L L HE S TN H B
5B REA S5 8 1 i3 155K

it kR EENEF Y SRR —. " S
TH PR AT S . SCRRL2 T4 AR I 5 [ R A 4 41 46
T T A 42 BR ™ B T8 B RO w2, Gl B R R A
&IN5 R o b G A EE AL

FhT T 2800 25 7 B RS AL AN T 3 AR R AIE & B AR A 7 AR
B TR R MR BN ST T A ) R S . TTE A R KR
J b SRAF FR T RIS 2 95 Bl B AR AR e 0 ER Y
Z— o SCHRL3 R I N TRAM AL G F A 55 30 g i B 3%
75 8 A AR ME L 5 55 B 5 B Dl B A R R R . It
F 3l A6 B A AU B N TR A L RS B R IR TORAR
P& T — S I 22 fig 55 3l ) sk ) AL

FI 2l Ak B A A i 3 8 2 A PR s ) O e A 45D O
T MR A 25 0 R L Ly SCRR [4-10 3 T 7 R AG I L 2R
S PR PR B — M AR W R A b A 5 T RO — e i
JE o R X e 7 i B4 v 3 i A BE SR A AR 4T LR SCBL
R ) SRR A LA AP N L T I 1 2 PR
G R BRI A B 2 2 R S A/ B SR i
BEARAR L R P SRS LA 4R B A 2 T B S 5 AL
A JH 25 TR AR sz R . ek b i RS2 ) SOR S 3
2K 22 T B JE Y 8 i A ™ R R I R T L BE Y A 5 E A
SRR E . R R LT A H 5 B AR s SRR A R
X SRR A A B T 1) 5 B R R E S S D) A I 2
T R S R R B ILARAE A% L 2 R R i (S R A K

R 30T e 2 G I 5 R A A A F O T OB 0
B B 2 () 25 4 OB 25 2 b 3L 30 5 /6 B 4 RO S0 3 AR AE
SFF TARIEXS H AR AT A I 5 5 . X 2R T5 kA SR
B OB AR E HLAR S TCHE R A A5 0T REIUS B R BE (BT

it 2 S 2R St Al ASOE IR R SEE A i R R 2 e A A
P N R R L R L T AR R A DL I A 3

SR X AT S R A KR

il 5 R B 2 T 1 R B Sy o e i TR B 5 R A A E A
HE T R L SR NV Y BE AR I O iR S L B A
W55 78 A6 J5 i

TR B B AR A2 L ik 1 S X 7 6 AT AR IR L 15
) SR 100 i o DX, K R T % 3 DX RS M A SR A A
4330 38 G B A5 1T U DA TT AR IBCR A 2. 41 Rong %M1 R
FH T S e a4 ot e A 0 AT R ARG 00 SR R L A R E AT A 40
SE IR R VT A WA SR W . NSRS e K A
ST AE DR AEAT U SR J5 X SR A7 o BRI v S O R
AT 1105 DA B 2 7 700 R S R A a5, e Ak, SCAR (13 ] &5
T —¥{fi F§ YOLO 3% Faster R-CNN %2 46 ] 17 51 5 5 1%
SRHR SR T A X I AT ] A SR 43 B TR S s Il 1
30T U R A B K 1 s 43k T R S M U 5 SR A 4
S OGRS il 37 ) 2% i R B A . {F A
R 25 SR ORI 5% 25 25 % 31 S HE 05 8 6 ) B AFFE 45 35,

132 »

R BRI S AV T i T S B R R A I S O
E AL I ) IR e PT SE  REAIR RE GR R A T R 2 S B
1) O B S o TR 22 5 AR B 30 A 0 SE R A SR SR I ML AR A
RKAf 5, W Zhang %V BT —Fh TPMv2 W %, B 8
VA i 1) 9 22 4E 45 07 Ak 1 E O AR DU HE 5 0GB A, S ER
BT R THZE AR ENESEHFEE, Li
IR T —Fh A LT R A BlA M 4% TDFNet, 5280 T %t
£ 2 50 A ARG PR DL R G s s L I T — B A B
AR A R GE . ERY B v B v 1) ER R A TR DR il A E
A7 T3 1 o o S ARG T 5 G B s 1 e — B — A i) ) %
rf ST ORI 5 O S A R IE A I 2k 5 A L O HL e i 5
AP 55 58 60 RE o 38 A 3T BE RS B SR Y B 31k R
Yk,

FRT, A RZ BArR 5 S8 i s,
HA YOLO-Pose J&— fift 5 T B[ Be” H AR KL 5 56 1
TE A = BRI A Tl A U AR & 43 BT 9% 55 25 3R 4
U 7R T S B S 1 5 AR DA B R AE AR 3
G R R A RN i N1

BT BRSO A SCER I T — b HR e o ) I G B R ER
AT TP T — A R A A E AR AE LA BRI G B A
TE N B IR % R A AR 4 $2 10 T —Fh B TR = L
BB YOLOv11-Pose R #% f B, 7E Backbone JZ M
GhostConv Z AR 73 b5 #E Conv JZ AT ALAL B 3 A T
o b = A% 8 I8 7E B R B Cefficient channel attention,
ECA), H7E Neck 25| A T 445 7 & J1 WL (coordinate
attention, CA) , I DL b ol itk 3 26 WA~ E A B G AR
YOLOv11-Pose 28558, AT 5 8L 1 3 21 3 1) H3 78 3l 79
PR 5 SR AW 0K 8 0L s IEAE 48 U5 s, R OE AR AL
T %A AR M K E A W 7 3 (pose-aware non-
maximum suppression, Pose-NMS) , fif ik T 5 & 7l 78 2% 5
Y5 A& 48 3 T 32 3 [ (intersection over unions s loU) [
JEM KAE I ] J7 5 (non-maximum suppression, NMS) % 5
FEAS TR SR A A A a2 0 1 AT Sl 1 i) R

AT 5% 5 A T 18T ) U % R 7 A0 1 L R 5 R
B2 77 ¥ U8R S 1 % R RE SR AW R ST P B OGRS
1 A 73
1.1 EBEHERERT

AR SCHT 3 F B YOLOv11-Pose #4814 b 51 di
P14 B 2 A DR TR 0 5 SR AR RORS M 8 7 7 1k B AR AR A [ 1
FiR . B T — AR A IR Y R i RGBS 4L
P4 I X5 £ 2 it H AR AE B 5 R STE N Y 4 A G B R
HEAT T AR SR 5 . % YOLOv11-Pose #5 # 3F 47 % it 1k 2L
HE HEAT RSN SR, I8 P 25 5 I A FH T UL 46 Pose-NMS B
AV S 400 3 ) S OB B O B i T A ) R B AT TR
PR v S N R A5 P A DU R 1) 5 O e AT S S T S
B, DL IR 8 S S MUV SR A B Tl 2 09 H AR



0 Z a3 3 F kit YOLOv11-Pose 689 % & 3537 5] 5 R 38 5 2 45 7 ik %13

BRI

A it B Y 25

H ARl 55 588 R0

YOLOv11-Pose

1 FTF YOLOv11-Pose B 5 25 i PR 01 55 2R 4 5 8 v i B IR i /2

Fig. 1 The overall process of identification and positioning of picking points of cluster tomatoes based on YOLOv11-Pose model
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Fig. 2 Selection of cluster tomatoes key points
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Fig. 3 Structure of the improved YOLOv11-Pose network
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Fig. 6 Shooting scenarios for the cluster tomatoes dataset
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Table 1 Comparison of ablation experiments results for the identification of cluster tomatoes and the positioning of
key points based on the improved YOLOv11-Pose model
Fe GhostConv GhostC3ECA  C3k2_CA mAP;, /% AP _kpts,/%  Params/( X10°%) FPS/fps
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Table 2 Performance comparison results of different models
i) mAP;, /% AP_kpts, /% Params/( X 10%) GFLOPs FPS/fps
YOLOv5-Pose 84.7 78.0 12. 6 44.5 47.7
YOLOv8-Pose 87.5 81.8 13. 8 20.7 50. 6
YOLOv11-Pose 89.4 81.3 14. 2 19.0 52.0
Uik )5 B YOLOv11-Pose 96. 2 86. 5 10.5 18.2 67.2

B 7 T YOLOv11-Pose 55 75 fifi kil 5 OC 8 0@ A 850R

Effect of cluster tomatoes and the positioning of key points based on the improved YOLOv11-Pose model

Fig. 7
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Table 3 Comparison of processing methods for cluster tomatoes intensive area
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Fig. 8 Detection results for cluster tomatoes that are densely packed
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Fig. 9 The RGB image and pseudo-depth map captured simultaneously by the RealSense D435i camera
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Fig. 10 Experimental verification of cluster tomatoes harvesting
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Table 4 Cluster tomatoes picking experiment record
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