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Note: M, represents channel attention output results; M, represents spatial attention output results, the same below.
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Fig.2 GAM attention mechanism
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Note: O, to O;s represent different levels of feature, the same below.
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Fig.3 BiFPN module
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Fig.4 Flowchart for locating stem picking points
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Note: P, to P, are six key points on the strawberry, the same below.
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Fig.5 Strawberry key points selection structure
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Table 1 Criteria for selecting pick points
KA R HL . v
<5,< >
Picking point selection <51 5i<§,<S 5>S
S\<H x ~ [e)
S,\>H N 0 (e}

TE: S, FORAMEINE —BIXIK, HRRTIIEE, SRR BKE, S,
LKA F] Py WIBERS, VAR DIE MRS, <R DS MR A,
O R8IV E AR BE K, TFIA.

Note: S, is the first segment of the fruit stem region, H denotes the blade thickness,
S, is the total length of the fruit stem, and S, is the distance from the picking point to
P, N indicates a properly trimmed peduncle, x indicates a peduncle that is too short,
and O indicates a peduncle that is too long after cutting, the same below.

o S, R RS —BXE, TR.
Note: S, represents the second segment of the peduncle, the same below.
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Fig.6 Diagram of strawberry picking
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RSZUERIRLRT . MRE N TR EL 150 5K [F] 5 S Y
FERE PR ARG, HA R e 83 ik, K
%49 5k, AIERIEIR 18 5K, o HlTHE R A E
B B, Wid Open CV FEHUR AL EIG ) 5 858 B 5
H Kk, FH Photoshop H T T kR #3842 (1) 52 B [X I 4
JBE, ICSRBOER EAERE A FTH BR AL N, AIE SR
BRI BT AR RIS EL N. € SN, BTN, (48 3 LA i
L D:

A[EEEPSFERE T RS L, Wk 2 P, it ss R
SRR EL: 5% < D < 20% N B RS ; 20% <D <
70% HEHERY: 70% < D < 100% N2 HERY,

®2 NEEEHEE TESLL

Table 2 Occlusion ratio under different degree

N WX G RE EEXKEERE R
HESFEE o . ; . .
Degree of occlusion gcludd region Oveflapplng region Occ!usmn
g pixel value N,, pixel value N, ratio/%
JR A 3056 157 5.14
Partial occlusion 2120 415 19.6
R EE] 3200 748 23.4
Half occlusion 3543 2532 71.48
ALY 2945 2158 73.29
Full occlusion 2453 2361 96.26

1.5 BEGREMBIBELE

VORI B KT 2024 4E 2—3 HAEVL A
VLT X AR 37 SR i P S i, 28 S B ol B2 00
X

AN R 56 K FH Intel Realsense D435i V& E AH ML, LA
MU TAE MR e J 4 M R, A8 i A ML 5 4 3%
W4k 18] BE VG FEIAE 0.4~0.7 m, REFEE N 0.5m. %Z%F
FEFIMLERE Linux #:/FE R4 0L, @l HE T API
gn At 07 AT TAE, AR B 109 RN 640
B E =480 8%, WA 745N JPEG, 56 1 1A] Lk
EHR. W AFEEHL DR RSB . H IE
L1570 SR A MG . AR R RN SR £ P R e
PEAN 3 558 vz A RE 77, R bR I JSON A% 3 S 4 %
N TXT k&, B 42 7 18 8:1:1 FY Eb 45 43 i &8 )11 5 4
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a. K R ARE

a. Keypoint detection annotation

b. REERAIR
b. Keypoint list

N strawberry, B S CHE AT label f1 448 Py Pys Py,
REEAARTE Pyn Psy Pgr ForP i 394 508 A0S 70 FEARTE
Ja %% hide, WIE 7 Bz,

c. MRS AR

c. Occluded keypoint annotation

B 7 Label B47%

Fig.7 Label image annotation

1.6 RENEGEE

AT 5T AT RS A I 5RO A 3R 5 . CPU 245 0R
Intel Xeon Gold 522R, GPU %! 5y PNY Quadro RTXA
5000, SAFH 24GB, YNZRFMIBIN 300, #HEKNN
32, FUERMAE RN 2 Bi b A . i R LI g N
TR A e Ve, BT R AR SR B2 09 Ubuntu 20.04.06
LST &%, RE%JHESEA Pytorchl.11.1.
1.7 K SENENERR

YOLOVS 1A 77 AN [F] T AL Ge 1 H Al 0@
bt H AR JGHE U ALEE OKS, (object key point similarity)
RPN AR M RE . I A ERAT 1) OKS, A KAk 5~
YIUERiZR AP ( average precision ), B FH AP {H it
AT OB SPPA U FE AR mAP,, (mean average precision
for key points) 1, S #ERE (precision, P). 4 [A]
# (recall, R) HIERE R H)F X HEH 2 E (mean
average precision, mAP) {EAFENR G Fabr, HWiZ

(frame per second, FPS) SKITANM LAY i kar il 2, 1+ 55

Ak
Zi exp {—df,i/ZSiO'f} s

.6

X d,; RIS B RS AR L AR ST Fo X B a8
s, N p KIIRFER T, 0, i BESCH SR, 6
VLR S IR RS QEAINE N

2 GR55R

2.1 HEIRAIELER

et 5 1) YOLOVS 78 J5 A 15 AL JE Rl & 7 BiFPN
R, GAM BiH, SIS ook JE B & BRI RO A R,
A THE RIS R AT A RS, IRUESE WK 3 PR

B3 3 7I%01, J5 YOLOV8 ] mAP,,. P. R. mAP %}
RN 88.69%. 91.46%. 90.14%. 88.76%, & T GAM
R NIWLH G IR T2 94.14%, Ko P, H 81 R A
BIUER R I mAP (A A /DRERA, RIGLE KK HE
A GAM RE S B R 1 G H A %8 . @il BiFPN R
Ji» YOLOvS-B HIA&#i % P A M S B 91.46% $& T+
F1 95.56%, LT INIZAEL G, B E R0 HE i 22 0] B

OKS, = (5)

. 4R [E I S GAM A BiFPN J5, YOLOVS-G-
B (1 ¢ ## 2F ¥ Uk 1 R 3 {H mAP,, B 88.69% & 7t |
96.54%, KR P M 91.46% $EF1EIT 97.48%, HMZER
90.14% HRTFEN T 92.12%, “FIUERHEILIE mAP M 88.76%
Pt E] 95.43%, WIRLE LK Y], GAM Fl BiFPN Bith B
& SR INRFER NG ST, AT iy 17 %) g DG H AR
RE )RR BEE (1) R AR
x3 HAAE

Table 3 Ablation experiments

% Models  mAP/%  P/% _ R% __ mAP/% _ FPS/Miis
YOLOVS 88.69 01.46  90.14  88.76 85
YOLOVS-G 94.14 9243 9148 90.12 83
YOLOvS-B 92.45 9556 9194  91.79 81
YOLOVS-G-B 96.54 97.48 9212 95.43 73

H: Gy B AFRRIEINT GAM R HLHIR BiFPN £5#; mAP,, £/R%
BT EER R EME; P RORMERR; R FRBEER,; mAP LR THdE
TR LIME; FPS FoRWi%, T,

Note: G adds a GAM attention mechanism; B incorporates a BiFPN structure.
mAP,, represents the mean average precision of keypoints; P stands for precision; R
stands for recall; mAP represents the mean average precision for detection; FPS
stands for frames per second, the same below.

2.2 AEHREG R STEE
B AE ot 5 B A PERE, X YOLOvVS. YOLOV7
PSSO RT 5 ) YOLOVS BRHATIGNE, 3BT 2 R
F 4R
F 4 EBMEENTLE

Table 4 Model performance comparison

- A7 -
24 Models MemoryMB MAPw% P/%  R/% mAP/% FPS-i/s™
YOLOVS 89 73.68 7231 71.34 82.19 90
YOLOv7 53 8232 86.32 81.57 87.13 84
YOLOVS 52 88.69 91.46 90.14 88.76 85
itk YOLOVS
Jmproved YOLOVS 52 96.54  97.48 92.12 95.43 73

AN B TR () 36 4IE &5 SR X L Hp AT LUK B, YOLOVS
FERBE RO H RV B THRCRBO I &, AT ik
YOLO R EE SR B . 3tk YOLOvVS ML A
YOLOVS [¥] mAP,, #&7+ 7.85 NN E 43 s, PH#&TF 6.02 N
R, RIEF 198 NE 4T AL, mAP $2F6.67 AN 4 s
7E 51N GAM Fil BiFPN J& B 2R B ol 36 A5 784 P 47 0.2 M,
H G R AR FE AT B FRAS I B ) ik 3 e 0T Tk

I I B OB SR I T AL S RIEL 8, TTLLE
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YOLOvS #EAT KN AAAE B N BRI S, YOLOVT  AHBCHAR AR B L B A5 4R m RCR R, W] BLG 2 LA A
FERT I I S8 p P& L B AFE I 22, TGt YOLOVS RS HERE o SR il 1 AR 2R

Missed detection

SR RIS i 2
Keypoint fitting
a. JE K& b. YOLOV5 c. YOLOv7 d. YOLOv8 e. BUFYOLOVS deviation
a. Original picture e. Improved YOLOVS

B 8 it YOLOVS & KRR A mIxf pb
Fig.8 Comparison of YOLOVS with different modules

23 HERIBGAB L MR XT YOLOVS %47 t LI #0358 M 10 i 0, 315 0 T 10
IR SO E AR T R A R ST R A YOLOVS A LL B (S FE BT, 76568 SRy T, 52
MG R MTERE, 2R a BB ARSI RS A p R ARy, ARG IO fr) SR e s B e,
BB Z AR RE O, ASRIE A DONBUE SR TIR I d7 51 RS2 44 S AR HE A 11/ A S AT 5 504
JRORRIERS AL, SR 3 PR LIORSE  gmigtisk. 243 A\ BiFPN Al GAM #8252 ik 25
I ST I, BRI RS . RIS P AR A R, I S A R A, b ek

B0 T RO e A e, 41 9 Fior.
. B I x5 BHEBEATXESKRNER

'] \ ¥ AR " 2
i ’f*’ . a4l Table 5 Key point detection results under occlusion
Original g BT Models mAP /% P/% RI%  mAP/% _ FPS
picture YOLOVS 82.34 84.26 82.33 82.49 57
ik YOLOVS

Improved YOLOVS 92.48 93.72 90.15 90.27 51

24 EEFRERMLEMAE
A R0 A P R P2 AR MR 90 E R A7 5 8 T AL AR B S

YoLou TSR, I A TR S R T S SR
inproved B A 1 8 SR AT Y R AT A SR S S

TTEIA Rk .

a HHGERY b,

d RS e M TIERY
a. Partial b. Half c. Complete  d. Peduncle e. Leaf % ,fj "L:LQ—% élﬂj: % ZZD?% 6 Fﬁ% . E X 75‘ I-'nj J:% *ﬁ]‘ ){—:T\ % ,fj

occlusion occlusion occlusion occlusion occlusion
O RRIEHS AT o R R KA SR RRGER 24mm, FHREDY 14 mms 7y Ty LR
Fig.9 Comparison of keypoint detection by different models under i RUEAL I K IR 22N 2.3 mm, “PIIRZEN 1.4 mm; 1E 2
various occlusion conditions FI EREAEMNERKNIZEEN 48mm, FHWREN
B X B SE BEAT AL fE R AR IR A, SRS 2.2 mm, R ERER AL G AN RBER A E AL K .
F= 6 FHMaKNGTERERE

Table 6 The estimated values and errors of picking point detection

UGS ) SRAM ARG A T RN TR E(E KA R
Experiment No. Picking point from model detected value/mm Picking point from Manually labeled value/mm Picking point error value/mm
X ¥y z x' ) z' J, o, J.
1 176.5 143.1 507.3 177.9 140.4 505.4 -14 2.3 1.9
2 104.8 79.6 430.7 107.2 77.1 425.9 24 2.5 4.8
3 534 102.7 560.9 52.1 101.5 558.2 1.3 1.2 2.7
4 101.9 49.7 516.8 100.3 49.0 517.2 1.6 0.7 —0.4
5 3.7 87.3 480.2 3.1 86.3 482.1 0.6 1 -1.9
6 -17.7 1159 500.6 -17.3 115.1 501.3 —0.4 0.8 0.7
7 -120.4 13.8 600.4 -121.9 11.6 598.1 1.5 22 1.9
8 98.4 120.7 536.4 99.1 119.3 535.1 0.7 1.4 1.3
9 -199.4 12.4 400.1 —-196.7 12.1 397.2 -2.7 0.3 2.8
10 198.1 147.3 601.8 199.7 149.4 598.3 -1.6 —2.1 35
“FYIMH Average 1.4 14 2.2

e oxs yy 2 BRI SRR A PRSI x s 2N TARERI ST R AN 6, 6, 6 ABRARIME S N ThREE2 MKMZEE, R
Note: x, y, and z are the estimated horizontal, longitudinal, and depth values of the picking point from model detection; x’, y’, and z' are the manually labeled horizontal,
longitudinal, and depth values; d,, J, and J. are the differences between the model detection values and the manually labeled values, the same below.

2.5 R ARERE HLAS AL GE 28 G0 X PR3 A0 52 (oL 1) v A E R 25K, AHE 7
AT WAL IS YOLOVS HUARE M R S Ar KAl RHZSEAI B/ AR ML N EREAT I, ZHLES A
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Bess 7 7S H HEMENURE, FRiEF T Ak RTX 3060Ti
FIRN R LI HUE N EEHF 6, GE R F R R L 2%
NSERPREI, Wik 10 fros.

LA Main perspective

LA View angle

g ] Smna.

U S
\ 15

c. Mlas N2
c. Physical image of
a robot

S 14;
b. AR HAT &
b. Eng effector

a. Hlas N =45

a. 3D diagram of robot

L Ll 2 MUBE IEmIES 3. TRl 4. RIS HIME 5. FEARRIUETE 6. R
Ui AT #5 7. Intel Realsense D435i VR FEARNL 8. 75 I HEEAUME 9. Jgi ity 20R8
T 610, e EHIF R 11, VI U170 12, B30 He 13, Bl T K3 &%
14. fiEbL 15, R4

1. Industrial PC 2. Robot arm controller 3. Electronic touchscreen 4. Integrated
control cabinet 5. Strawberry collection basket 6. End effector 7. Intel realsense
D435i depth camera 8. Six-degree-of-freedom Robot Arm 9. Tracked mobile
platform 10. safety control switch 11. Cutting shear blades 12. Moving slider
13. robot hand actuator 14. Servo motor 15. Sponge gripper

B 10 EERBMBAZHEL =R H
Fig.10 Actual and 3D modeled images of the strawberry
picking robot

AR YR AL 7548 B 5 T 7 X R U gy 5 SR R
KAR AT o HLES ARAGIFP RAEA IR A . AT 5T
VI, s EM SR Wk 11a fis, HLas Nt
ML RI B ) S R B AT AR B, RO RA A
W TERT B R AR A bR B 25 BB 1E AT A
NI 2 3 BRAM RS, AR AT 8 AT BT V) R A
YE, nlE 11b froms R A S $hAT % A B BLTHiF AR AR e 45
WHE, WK 10 K 15 P, SOREERER, #aikdond
R R BEHEAT RN IR, S T TR R R R AT BT )
SERCRAR, AL e BT SR AR AT LA R 1k R R SR T )
MR R 7 B, AL A SR A 4 Al
o =R AT G b, i 60 UCRIMIEIL .

b. 5]

a. EfL c. ISHU A
a. Localization b. Cutting c. Shipping collection box
Bl REAEsEE
Fig.11 Diagram of picking process

7 ETFuu#t YOLOVS UM BRI RiFLE R
Table 7 Field trial picking results based on improved YOLOVS

G TOREL PR RGO UG
Number ARSI SR A I ] FRHUR TR
Average Average Number of Number of
. . recognition time picking time per unidentified misidentified
iterations R .
per item/s item/s strawberry strawberry
16 1.7 13 1 0
23 1.6 8 0 1
21 12 9 1 0

AR, S 3 WU RERAG R RAM )
N 95%. HAPPRIRH T AR, 1 TR R .

B ARG PR B AT 1.5s, ML 2% A\ K47 B A A
SEIJFERT 10s, &5 53R S0 5 1 YOLOVS &k m] DLk
JEERERARHLAS N BT PERE R .

3 & i

A TR A YOLOVS ByE A pose F< 8 p #5  5y2AH
eIk, HT R AR IR BER A S E AL, I
BiFPN ( bidirectional feature pyramid network) F! GAM

(generalized attention module) HH, HN5EXT /N H AR 4
TEFRE, BB A I SL ) PR AR R AT 02K, B
AR FEAT X b, #3H F B R

D dE i AhE:, 5 R YOLOvS B ARUAR L, oot
YOLOV8 {54k s~ FIFE BE45{H (mean average precision -
key point, mAP,) . #E#i% (Precision, P). #[8] %

(Recall, R) . 8l “F ¥ 45 B ¥ {5 ( mean average
precision, mAP) 73l #ETF 7.85 N H AL 6.02 N H A
K L9 AT 7RI 6.67 NFI b A, SBA YOLOVS i
W EEVEXF LG, ARHIF 5 i i J7 32 S5 T B8 A it b R 1) o i 2R
TERAR R

2) 5 YOLOvS. YOLOv7 &5 E il AH L, A
52 tH 1 BudE YOLOVS #5828 5¢ 8t i~ 240 0KS 2 35 {6 mAP,,
SR AERTE 22,864 14.22 F17.85 ANH 43 o (EAN IR 5%
T 55 ARA YOLOVS fH L, HOGHE s T34 BE 34 ME
mAP,, &7+ 10.14 N H 70 ml. IR Y], o e
AN 5] P4 2% 4 T BE 88 A 6 1R R e A R A

3) Ak N b Faa il tHRGe x0T b, A 5T ER
HIRA AL IR R ZESE xv vy z HRFRZEN 1.2 mm,
1.6 mm. 1.9 mm, I HAER AL AKE HER Wche it
AR .

4) A YOLOVS vk ootk 5 0 8 i IR B2 R,
FIC T FH B e AR R AR R AL AR N, JE e [A] R R A
FRINZRIEF] 95%, FRBURAH EAEFERT 10 s,

AT FT R A I ) 1 B 00 55 s AR R B AT [ B A [
B, AR Z 0k F A ot o B PR B I 2%, DRI T e
2 IR A A R A YR 31 R A F At P €8 AN [R) R AL 5 )
AEMTEME L. FE T, BIINABEK. B2k
AR B B B I R, R A IR
FEARKHR AR, 2wy B0 AN [a] i P 25 192 A0 e ) A
A
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Recognizing strawberry to detect the key points for peduncle picking
using improved YOLOvVS8 model

YANG Zhenyu! , WANG Xiaochan'?* , QI Zihan! , WANG Dezhi

(1. College of Engineering, Nanjing Agricultural University, Nanjing 210031, China; 2. Jiangsu Province Engineering Lab for Modern
Facility Agriculture Technology, Nanjing 210031, China)

Abstract: Robotic harvesting had been constrained by the low positioning accuracy of strawberry stem picking points and the
significant challenge of identifying occluded strawberries. In this study, we proposed an improved YOLOvV8 model combined
with Pose key-point detection for enhanced strawberry recognition and localization. The accuracy of picking point localization
was also improved, especially for occluded strawberries in complex environments. To optimize the YOLOvV8 model, we
introduced the Bidirectional Feature Pyramid Network (BiFPN) and the Generalized Attention Module (GAM), which
enhanced bidirectional information flow, dynamically allocated feature weights, and focused on extracting features of small
targets and enhancing the features of occluded regions. As a result, the model's ability to accurately detect and localize
strawberries in complex environments was significantly improved.Experimental results showed that the improved YOLOv8-
pose model outperformed the original model in several metrics: the Precision (P) increased by 6.01 percentage points, Recall
(R) by 1.98 percentage points, mean Average Precision (mAP) by 6.67 percentage points, and mean Average Precision for key
points (mAP,,) by 7.85 percentage points. The positioning accuracy for strawberry stem picking points, based on key-point
detection, achieved errors of just 1.4 mm in both the x and y directions and 2.2 mm in the z direction. Additionally, the
occlusion level was classified according to the overlap area of occluded strawberries, and the model's performance under
varying occlusion conditions was assessed. Under these conditions, the mAP,, of the improved YOLOv8-pose model increased
by 9.78 percentage points compared to the original model. Field trials further validated the model's effectiveness, with the
strawberry-picking robot achieving a 95% success rate, picking each strawberry within 10 seconds. The high success rate and
short picking time demonstrated the practicality of the model in real-world agricultural settings, indicating its high efficiency
and accuracy. The improved YOLOv8 model with key-point detection accurately and robustly recognized strawberries,
leveraged multi-scale features with the BiFPN architecture, and focused attention on relevant regions with the GAM, especially
for occluded strawberries. These advancements significantly improved overall performance in precision, recall, and average
precision, particularly under occlusion scenarios.In conclusion, these advanced techniques were integrated into a more capable
strawberry-picking robot system. The enhanced accuracy and efficiency achieved in recognizing and localizing strawberries,
even in challenging occlusion scenarios, highlighted the system's potential for practical agricultural applications. The findings
contributed significantly to automated strawberry harvesting in agricultural robotics, paving the way for more efficient and cost-
effective farming solutions in sustainable production.

Keywords: image recognition; strawberry; YOLOvVS; picking; occlusion
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