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ARTICLE INFO ABSTRACT

Article history:

Recently, interest in intelligent agricultural robots has surged due to the aging

Eec?ivgd i Eecimber gg;g of rural workers, leading to active research on agricultural automation. We
€Vise pr1 . . . . .
Accepted 10 April 2023 demgne.d a strawberry harvesting robot that moves aang a rall,.equlpped with a
3-axis linear actuator, an RGB-Depth camera for object detection, and a rotary
gripper for branch cutting. Our research focused on developing algorithms for
Key wor ds: strawberry maturity classification using an Al vision system, calculating
Agricultural robot cutting points for fruit acquisition, and implementing these algorithms in a
RGB-depth camera robot. A convolutional neural network based on YOLO was employed for
YQLO . object detection, and representation learning was used to determine the picking
Object detection point with an ROI(Region Of Interest) image derived from object detection.
Strawberry harvesting Our strawberry harvesting robot system boasts an average harvesting success
rate of 90% for ripe fruits.
1.ME o olefgt AR EAE o &t Wl T Aol thet w2
AAE HOJAIT o3 AA7E AR dRelM AAE] st
A2 B0l 52 dge] wsiz o) A\5Y 5 2Ro]  ole HHS IBSTA ATASS ol&F A Qo] Q]
oigh Aol FoMAaL Qitk. wEbA Hi] Agdh W RBRlgte] a1 Qlvk o2t A= Tzt Al M Ehdel ot
iR A RSP SYECE A5Y 5 2R /5 4 7Y, @ ey gEndg o)8d mokE M 3% AT,
2 At e, A Q4 9 48, H4E SOl R AEY BE YOLO 2R ol§F Ay I % So ApHgt. £
9 BR £o2 PREG 15 ) UM U 48 2YlE b AEIE A Ao AR A2 B8 9 B2 W
of thiet 1A 7ledt 2RA0] 7]go] 223\t A et —’F%L HJ“JE 23ttt Dimeass 2 A2 §f & &
5 AP 0 HEEE ol At 4ol AR AL 3 A1 kom pelshsln Bl Yol aanel AU
Aol Zosltt. A B U Ao R AFS] EAg o1& FES 7HX4H A7)et HA]9| %6&8 AUt Lofll eF HE
e e P S s
of QP REehe W Y GO TRE AN B E 65 223 ANUY UFA5l 7180l HEE Stdto] 2]
P& gAstol AR ST TS A Wy 5ol AFHA ARt FE AR 1 ARG AP, oj2idth 28] FA|

* Corresponding author. Tel.: +82-2-705-8646

E-mail address: cscam@sogang.ac.kr (Cheol-soo Lee).

101


https://crossmark.crossref.org/dialog/?doi=10.7735/ksmte.2023.32.2.101&domain=http://journal.ksmte.kr/&uri_scheme=http:&cm_version=v1.5

Seung-won Lee et al.

AT 62 o)4te] 23 A|2wo] 27E]o] Aol 4}
sl skse) et 8719 Wil HE A% 4 %ol J
2 Jeiwe) 314 glo] HAY 25 WA w8

0

MN‘

A5 43 Al 9 Agsto] T S 48 AlaEe
I A =2 AR Xong 5 AR 3
= #2*71111]7} e A% 59 olgl A9E Uka 7 Ao
D 251 st 25l Aol A2 Hele) 12 7

uhe Sa Thoet A B2 Aol 34 850] 7155 st
THO78) Hayashi 5 A4 ARE £ 97|18 FHekn 7)5hy

BE o]gsto] IAH A
AFE FFapAcH .

2T AUHE H(smart farm) F5& A Fig. 134 o] ¥4
9] A AlAglo] =QiE]ar ek, WX FEj Aful= £ &0l
F70900] ZZo] A5 THE ol2fet WA Fel Feoz
Qls) ArEo] AAlsko] Aol o|lm g L3t |7} A sITh
T3t /)% ate] U 1) iAol Hlal Al 917} ot gt
2ol o] Rolatch, Wehd 48 Alagle: ad ol HefulA
8fo] 715et Fdelof et ol2iet WA ABAS DT
2Y AJaEo] 9E|a QJth Feng 52 HIA| AlAEo|AM 48 o]
7¥s3t maje] 232 Fjotsioloml! Han S0 1y wlx] 870
T SRR Adslel 1 43 H5S B

2 =RollME G717t Ahs 243 fAH 38 F1tolA
YOLO(you only look once) 7|99 ZAAQIA g12ES E3
H71E S §, o] A HEE oldsto] B7|9] eEE TR
o #7t2 B4 ds2 B9 IR e et ols RGB-D?}Uﬂ
2ho] o2 aEfsto] AAl HE = Hetetal, 35 A9 HEle 9
Qg 714 A Jejez A" B7] o 2529 Alojg Fl
SFots B7] MAE sEske 22 A& Aido] iRt At
& 71EstaAt g,

Qo] S8t 22 A2 i

olv

¥
H
g

Fig. 1 Cultivating crops in bench system for various crops
(a) tomato (b) strawberry (c¢) watermelon (d) melon
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Fig. 2 Schematic of YOLO detection

Fig. 3 The program of labeling strawberry for YOLO
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(a) Input image of learning set

Fig. 4 Labeling of representation learning input and the result

(c) Test result 1
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(d) Test result 2
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Fig. 6 Relation between pixel and image plane in section

( Ynazel — C

Yreal — fy . )Zr eal (3)
Ca: = TW’CZ/ = % (4)
Cy . Cy _
7 tan(6,), 7, tan (6, ) %)
5 (@), (9F A Q). Gl thste] Fhuie 43 o) el
HES A (6), (2 e 4 9l ol di depthIA2 31
%@6\:_ ZT]. ] Xé_‘EI_E Zreal'q— %c\)?]_o}q—-
W
Lrgel — 2
Trea = () < dx tan (9, 6)
2
h
Yrazel — 5
Yreal = ; )< dxtan(@,) @)
2
Zlo] HEe B7] A E ¥EFo= 7Hsto] £ o] Ao
& aefsto] Fde] AA| Zoltkg HsliEt. sid Mk A
23} 7olgt FA7I0) St Hstolt), Exte] WHREE: T2
59| g7/9jo] Al gl EFsto] S8k Zolng Fujet 34
3} 22e] Al 7k Rtk oS A 8)T 7ol a, B
VR ORIt
relanve (a7 :8 W (8)
weby Bl J2isle] B4 Harie wMake the A

©), (10), (12 EJLT.



Journal of the Korean Society of Manufacturing Technology Engineers 32:2 (2023) 101~108

Table 3 Layers of strawberry detecting

System size (mm)
Target height (mm) 450 ~ 750
Gripper working space (mm) L480xW400xH600
Bench interval (mm) 900 ~ 1000
Rail width (mm) 600
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Fig. 9 System of strawberry harvesting robot
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Fig. 11 Various cases of strawberry environment (a) - well matured
(more than 90%), (b) middle matured (50%~90%) (c) —
more than two gathered objects, (d) — separated strawberries
with unmatured objects

Table 4 Success rate compared to different situations

Case | Number Success Success of |Success rate of
of fruits of detect pick pick (%)
a 20 20 20 100
b 21 18 18 85.4
c 19 19 17 89
d 20 18 17 85
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Fig. 12 Same image with light intensity

Table 5 Difference in recognition success rate depending on lighting

Test | Number of | Detected fruit in Detected fruit in
number fruits | YOLO without light| YOLO with light
1 20 16 20
2 21 16 20
3 19 17 19
4 20 17 19
5 22 18 21
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