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Detection of Partially Occluded Flowers for

Robotic Pollination®

Ryo Sato

Abstract

In robotic pollination, detection of partially occluded flowers from a certain
viewpoint is very important to create robot strategies such as changing view-
point and removing leaves that occlude the flowers. In order to detect partially
occluded flowers, we focus on region division which classifies each pixel of an
image into five classes, namely branches, leaves, visible flowers, occluded flowers,
and background. Recently, image recognition based on deep learning has drawn
attention due to its high performance. Nevertheless, deep learning requires a large
amount of training data, which is very difficult to prepare, especially in the case
of real images. Therefore, we propose to use images generated using 3D computer
graphics as the training data to overcome this difficulty. In this research, we learn
pairs of 1) RGB images from scenes of tomato cultivating environments and 2)
images classified into five classes. Then, we construct a neural network that seg-
ments RGB images and estimates partially occluded flowers. We showed that the
texture of the plant, realistic background and illumination settings during image
rendering are essential to successfully train an image recognition algorithm that
can also be applied to real scenes. Finally, we estimated the position of hidden
artificial tomato flowers using the trained network and created a demonstration

of artificial pollination after finding the hidden flowers by changing the viewpoint

*Master’s Thesis, Graduate School of Information Science, Nara Institute of Science and
Technology, March 15, 2019.

il



of the robot, as a proof of concept. The experiments showed that the network
trained only with images generated from 3D computer graphics is effective for

artificial pollination using a robot in real environments.

Keywords:

Automation, Agriculture, Robotic Pollination, Semantic Segmentation, Data Aug-

mentation
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1.1 IE=

RN OIS RO L, BIEMOEE D Bk S Tn
5. HAREAN b~ NEERLEE BT 2 EER 7 @R O BUFEE [1] (Table O)
kB e, B EGUEHEINED L RN EL, BIEY L ERZ N
V572002, 280 2] (3] [@], I (5] 6] 2475 0Ky SOFELIEDSNTWS.

RO EEDEMEZEH IR S TN Z T 5B a Ry bDOARS T AT Lo TR
FEONHEE T LBICH AL R>TWD., IHEETHIZT 572D IZEBDOIED
EFXVTHINUEDETORENFERICINETE L ZNEENS (Fig. ) 73,
INFERF A I3 Z IR K & KA T B 720, E—HICEMTE 5 Z ¥
L.

—HZRIBVWTEZFH L 28712 TN TWwWB A, KEIZE W T 2006
FER S 2007 FEIZ DN TR IR & JIXN 2D KB LI X b ZH kD
KEURBIEDIARREDRFE L2 e 3D, [UEEEREROBE, 71 IV AL
EBDEANPBEIND [1]. FM 240 & NIV O FEYI 5 KR D AL 3124
FLTEY ], BOBDEATZILTENS 20 23 NERSBVERD
BRADEEMNT B Z LIk 5.

ST A FHT 5 REE LT, BIZL 22 TIRRIEPERERR, LRIk
E\N o Pz REERITHE U 72 et DB Z M T 2 IRFED 72 <, —DDIEEHR DKL
X9 B ZMNHAN R 5720, REORT ZRHHICENEL 2N EIToN 5.

ZD7=h, EETORTOHII L T—FIIBBOTEs0Ry RSN
TW5.



Table 1 Work time per task in tomato production (10a, Annual production

average, 2007, Japan) [1]

Working hours by work | Ratio
Raising seedlings 46.82 5%
Cultivate / Basal dressing 18.88 2%
Seeding / Seedlings 43.1 5%
Topdressing 9.51 1%
Weeding / Control of insect pests 35.31 4%
Irrigation and drainage / Air conditioning 37.19 4%
Management 325.57 34%
Harvest 308.49 33%
Processing 33.78 4%
Shipment 74.42 8%
Other 13.66 1%
Total 946.73 100%

Fig. 1 Target cutting point in tomato harvesting [6]



1.2 BAER

T U, INHEEZ1T5 0 Ry bDRITHEICDONTES S, KIEETIHIE
DE B DR REEIZEND Z & DL WEREBEIZE W T H M, INEE2AREIZT 5720,
YR UTav IR T ATV avERAVWS, BEFEHIIL YV Ty Ik
TAVT = a VIR OE S LHEEN STHEHINTWED, Z0D7%
DIZIEFKEDT ) T—>arveiiRkolzF8 T — B3 ins,. ULrL, Y
DEMEIITIRP OB DT /) T —> a VIZHE#ETH 5728, 3DCG 2N
=TT a v T — XMERICBT R 2 ET 5. mEBICERNIZEY ORHE
EIZDWTDIFEIZDNWTEIT 5.

1.2.1 NI MNOEMEITO>ORY I

b= MEIBIZARE SN DM ZIC & B EMAC, JBIC X > T2 T 51z,
FIVEVHIDEBFEIZ L > TRMTAZENTES. FILE VAIDOET X EIC
LTI D BREEEVNEH N INED, NZLK2BMPBERT-DIA NG
{725, EHEEFLTLE S LEENEUHEMTERVE VW ZMEPEL S
Zehb. AT TIHEI IS E T 2o EBKL, V=77 27Fa
I—RIZL>THBRO 77 2 FIBICEEIE2 Y R 727 X 2RO
APl &, FVEVAIZANERBIZIEICEES S EAPEES 5 B [@.

~

1.2.2 NEEZTH >QORy hOEY3ava1=v k

HAIZHITS b~ bofET Ry b Off%EE Kawamura 5 9] D 1984 £ 517
bhTebh, Vod, ALY, £, A0y, A1H, b<b, 787, Fa
DY, AFTELEF AR EDRRL BREBEOEYIZONT, ezl o Ry
NUATLADPREINTVS 0. —BICHREONEr Ry My arva=y
MZ X o TRIEYIOHAGE D TARWHEESRME N TREZ B UPREDHWr 217 5.
UL UBEEIIBWTEYDOERE2 FHEICATTILZZIINETHLDT, £V a
vazy MEEDRY NOFENSHDER ML Y 7 THd I EMFEHINT
W3 ). eYarvaz=y bOFRe U TZENAIEL BEIN GRS EHINS.
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ZENK TR ESRE IS U OS5 72D A T DARGEHT 2 HETH S, ZH)
M HEE UTAT LA A IR NTWELYRME~ Yy F oV JREN R L
TETONS. BEUBNSEEIIHLT, ZOMEIXAEOERS 2S¢
ZU TR A SR THINE 5. REEIN AR, #2108V THRIME
P =P —DNEHEHNT EES LOHEEEAZBEE U, RICZHse
MlAadbETHWSs NS ] [12].

1.2.3 3DCG B 5> DEET—4 i

Stephan 5 X BEEK A =TV T =V ROA Va2 =X —=LIZL0D L VR
VI ENTZ CGHEN S 7 RIVEA DR VT 14 7T —XDERERA TN
5. T=LT—RIZLDBEIVT AV IT—RET ) T—VavInEET—
RXTHD CamVid [13] hL—=2T Ly bD1/3THEHLUEZETIVIE, TE2A
CamVid hL—=Vv 272wy b TCEHULUZETILVIDEEN I AV T — 3V
PEREZ R U7z [14]. £7z, Ros 6 [15] ® SYNTHIA 57— X & v MIEAEOE IR
UTC, BEOHM»ORIREEM, R XOCBPARMGZYIaL - L TEY
LILVBATORR Y TAv I T — X2 BARHEEEDZODT — Xty &4k
L TWad. SYNTHIA 7— Xt v MRS KUOBFOBEREDOT — Xy b
EOFRHUFBIC Lo THEDRRBIINT 2T 4w oA VT —Ya V5
BETR>TWE, UEDeY YTy o787 AV T—Yavyr—Xty MIH
T HEEBIE, S LB T — 2 2L CEIMRDOE T AV F—va v
DHEETH D, TNOHDT—RITK > TEMADOHEBEEHTET S Z L THEEZ K
MBI ETEBZ 2 RIEBLTWS,

1.2.4 WEYIORNI-EDDHETE

T DR 7285857 % HEE 9 S5 A UE Tsokane 5 [I6] IZ X > TN TW5.
Isokane 5 I3EMELREYIORZHERE T 27212, SHREED & B AR WS
HEEDT 3D ETIVE GAN I L BEMKE T IV TH 5 pix2pix [17] % AW 7z HEEE
PZ X > THHEZRAATWS. £72, Isokane & DHFZE TIEHEYITR D EAH % 15



5-0I1Z3DCGIZEBETIVEMEHLTWA., LML, ZHEDS D% HE
CTETFETHA-0, WAENRESINAEYPREELELNAZESGIZEITS
EYERE T IVOHEEIIN#TH 5.

1.3 mERE®

ABFFE T, OG EiE AW THEREORMICHATE 2R EFE A%
MR F— R BBB I, FEHTF—& e UTHATEER 3DCG DERMFIZDOWTR
AU, CG M BEmGEETN TN TRNZEOMIBDZITS. 7z, Fik
DAL UTHERBEIZEWTORY ML ATERBO O DS ICERNT
GO TEZ1TD.

RIS TIIEMNER L LT, HATREHMEOZ VWHEETH S b~ MIKH
$5. HADO M~ NOEEBRBZENT, INEENXLZ WA T VXA T A Y —
B (Fig B) ARBEERRE RPN 2 P OMZBEAINT WS, N1 T A
Y — R RO 2T ViES S 1E 3 [m]) Ak, EXORIERILS m] BA
ER 222 HD, WHELFEIL0EIIWEZZH5. (KBEERE
FEOAEERP T Z e RO HIZER L TRET I FIETH Y EMHE
IO BALTHIRE - IR 72 0 OUEA E < 725 [[8). LA LADS, ZhsOfEy
EEEIEEENEL, BFE, REOAMB LXUOGEINEET S I P EENE
B, RECRUEHCEESZeh5m Ry N TORY, IEXREIZRS L HE
15 20 FHERL TV, Yuan & [B] 1EA6E DD RNEGE X0 JE FH O REEZ
Lo THEDPRENTWBEE, EORBEMEL 20 EHORNENME RS S &al
RTW5,

U723 TRBOKPEIZ L > T2 RO 2 Z e ATcEE, BRI
B AUNE R D% RS HIEIZBWTERY ML B3F e s BT
bEFEZOND.



Fig. 2 High-wire tomato

1.4 AR DIERK

AR, DEIT RGB HifRD S ENAEZRET 5 FIRICOWTAEN, BEITRE
FEOENMEEZRT 57-ODERGIE L EBRERS L UOER RS, BEITH
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2. RN/cIE%RHT 2F4
2.1 REFHEOYE

AETIEERY b7 — LADOEGIZHD T 720X F 551572 RGB HiHF O
EXRORIZENSEEZRE L, SABEB X OCEPHEOBREIZ L > ThRn/fk
DFERIZOWTIRET S (Fig. B) . {LORBIZE~Y YT av I8 T AYTF—T 3
YEHAWSEYD, TNFEPHOBIZENSIEE2RHET A0 T, P
EEOTTICHET RO THS. LIV TAv I TAYF—avDiy b
7 —2 £ LT DeepLabv3+ [21] 2\ 5. b~ b OERKEEZ 8L 72 RGB {4
(Fig. @) 2 ZNhoz2k, ¥, RATWEE, BOUTWaE, TRO5 277 AIC
DETB. 5ODIFTAIHNULTEZRVBADT /) 5F— 3 VL % U = Ei
(Fig. 8) Oty Z2HWTH¥HET 52T, RGBHE{GELEEZ SNRcE <Y
Tav Iy TRENT DRy T =T BBEUTSCREN LR ET S, B
FERBIZBWT, BPEIZL>TENTVAIEIZODWTOEREZES Z & I3 H
THhbd7-0, KfFETI, YD 3DCG EZHWTL VXY v L7z RGB L,
577 AT RNVEBATY /) T—Ya iz U-ESROAZHEH LT, FEH
F—=RYy NEERT S, T/ 7= a VEBEOHIZ PASCAL VOC 2012 [22] ®
1Ty 7 AMEICEIEERIZ0 (BA), Eid1 Rt , Hid2 (e, R
ZTWAIEIE3 (M), Bnftids (Ff) &75.
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o4

Fig. 3 System flow




Fig. 4 Rendered image for training Fig. 5 Ground truth image for training

22 F—49ty NOERERY NT—2
2.2.1 MY h®D3DCG EFILDOERK

b b OFLBHNE b~ b OFESH, BEHEIC KXo TRZRSD, SEIF3EI L
ICIEEEMT, EETRUT—ABEIZOBRIEDNRD S BEAED B & v o R K
DL INLINIEE VRO 23] 22%123DCG ETNVE/EKT 5 (Fig. @) .
FEEROKREETIE, BRERIZEVEDORLUNY®, EODLKHEDEDL 5 AHNTN DB
PO L JIFNBHRD0D, MANEH L ZHEPECREND Z 20D 5.



Fig. 6 Three views of 3D model of tomato flower and leaf
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Fig. 7 Plot of 3D model tomato

Fig. 8 Picture of tomato leaf for texture



Fig. 9 Picture of tomato flower for texture

AEBRITETIVOEREBRIZT S0, BIOPRKELQUNDOEL TV
WIREEDE TV EERK L, 5 2FNTNDETIVOERE I THT HEIEICT
5ZLT, NMUAY—KIFIZEIT D b~ FOKEXED, HWIZEZDAED
Tl oTHEUBHEDAZNL—Y a U DFAELR T WIRILIZED /-, Fig. @
DFRFABE NI NOEXEBIETH D, MPKPENERDESHIFATHS. £z,
N NDOEDRIDT 7 AFv%, b~ hDE (Fig.B) & b~ hOEDEE (Fig. O
) FNFN LR SIERKT 5. 7272 U Fig. BIEE TR EOHEEG D 5 _EER %
LTLTW5.

222 LvgYy

EE U7z = b DETIVE, i, g imd 2 DOERIZDWTET IV
ZHOE UREFNIZBWT I VY RALZEEL, HEEZL VX)) V735, Hi
YA RFME12E 7RI, #1287V ETE. AEREZYVEZS D,
HEGE U CERKEGE 1THEHZET S, LY XY 72BN TR RKE G
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(A) Texture and background (B) No texture and background

(C) Texture and no background (D) No texture and no background

Fig. 10 Case divided and rendered images for training
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S IR IE SR % 515 3 5 IBL (Image Based Lighting) % F\ % 72 & IR X 42 KBk
Hif EENR) ITKIET 5. SR LIV YR ) U UEEBRNIZBWT, bY
MEVIDYE > TWARWEGZ R 72012, b~ MEWSAEOEH A% % 0.015%
UEERET 5.

CC OE BB EDOBBREIMEST 572012, (A) T2ZAF YA P OBEFN
FEYL, (B) 77AF YU ODERNIEAD, (C) T7AF YAV 2OHEFNM
L, (D) T7AF v U DERNFEML O 4 DDFEMIZHT, A, B, C,
D F N ZnFE—0 iR, e L, A, BOESAKFEEXR—2 LTV
Y&V 7§35 (Fig. m) .

2.2.3 DeepLabv3+

A2 Tl DeepLabv3+% FH W TRNW/ZAEDA EDHEFE %17 5. DeepLabv3+
1%, BALFEZR LT PASCAL VOC 2012 & Cityscapes [24] (2B W Tk mFgE & i
KUl Taw oA VTF—vayFHETHY, Fig. 22 DAy T =212
Lo THEINTVS.

;““Encocler

: (" [1x1 Conv| —»= 3\
3x3 Conv | (

P DCNN . rate |~ ﬁ

Atrous Conv ) X / /
3x3 Conv s (1x1 Conv
/R rate 12
&N

—
3x3 Conv __ﬁ l
rate 18
Image |
J

\_ _Pooling |

i Decoder _
H Upsample
] Low-Level | by 4 -
Features l brediction
IR Y/ |
1x1 Conv, —» — | Concat —» —|3x3 Conv —» Upa;rﬂple —»hl

Fig. 11 Network structure of DeepLabv3+ [21]
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3. Bn7={E0MRBEER
3.1 ETIRIE

ARFEERTIL DeepLabv3+% 3DCG TL V&) v 7 Izl zHWTFEEL,
R B g 2 Z it ko T, BEOMmG TORN LD EHEE I BB IR TR
EHET 5.

ZMEA, B, C, DOEFNFNIZONWT, RGBHE# 2995 H L, s s7/
F—Ya V2095 E LX) L, T—=XEv MA, B, C, DL %
TRty FDSH 2696 M EFET—X, 299 M EFERZHVABEET — X &
L7-.

TenforFlow T5%% X 1172 DeepLabv3+1Z & - T NVIDIA GeForce 1070, Intel
Core i7-6700 % A\ T Table B, Table B D&M THH & i 21778 > 7. 7=
72U, EA (Table D) XFEETF—RIZBIT 57 7 AHEOHBSEE LU -EK%
BETDNAN=NTA=RTHY, HEBEPDRNFEMEIEAEL RS,

Table 2 Weight per class

background 1
branch 10
leaf 10
flower 100
occluded flowers || 100
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Table 3 Training parameters for DeepLabv3+

model xception_65
train step 40000
batch normalization false
batch size 8
crop size 257 x 257
atrous rate [6 12 18]
output stride 16
decoder output stride 4

3.2 CGERIC KL BRNIEDRH MREFTE

CG H/RIZ & 0 22H U2 E T BT 2N EOBHMEEREM IZ D\ TR R
5. &0 VTIVT10HBMEG (RMEA) ZREBTL2-200FEHHT —RITKD
SNBEMEFTRD 72D, ADFETHAMHAT -2ty b& L THZIZRGB
i (Fig. @, Fig. M@, Fig. IR) L EfHL R IVRLADT / T— 3 Vil
% (Fig. 3, Fig. 0@, Fig. M) % 378 #L > XV v 7 L7

A, B, C, DOEBGTEHLZZEXY NI —JET N THAZRIT->-HER%
Fig. [, Fig. 4, Fig. 20 _/T’é'

AHIE T — 2ty MZDOWT, FEICEREEE2E TR VEGZHAWZ 3y b
7—2 C, DIZHARZHIZERERZEAZEHGZ W2y hT—27 A, Bl
BENTWAIEDONEZRHEETETWSE., ULPLELSAIATOELIZLYRY VD
INTWBHE, T/AFYIEREFE LW ALY hU—2 B (Fig. 20(B))
FERZRBTEITRENI-IEDME ZAE TERVERD R S 7z,
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Fig. 12 Input image

Fig. 13 Ground truth image
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) Texture and background ) No texture and background
) Texture and no background ) No texture and no background

Fig. 14 Comparison between rendered images
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Fig. 15 Input image - 2

Fig. 16 Ground truth image - 2
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) Texture and background ) No texture and background
) Texture and no background ) No texture and no background

Fig. 17 Comparison between rendered images - 2
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Fig. 18 Input image - 3

Fig. 19 Ground truth image - 3
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) Texture and background ) No texture and background
) Texture and no background ) No texture and no background

Fig. 20 Comparison between rendered images - 3

YA VT = a VEEROFHEFERETH B F11H, Recall, Precision, Accuracy
% Table @, Table B, Table B, Table @!Z/~9 . F1{f(X Recall & Precision D
FIEY T 1IZEWE & Recall & Precision DN ¥ AD & 37z IEHEVE A W FE I
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EFEZONDTZD, 2V MT—=T APLREBE L TREMENPRVERL 5T
W5, AIEHMIZEWTEHETH 546, BN EO#EIZEWTAY hT—7

WZHRZY F =2 A, BOFUEDREL, DIDPEESFY NI =2 BIZ
%AXV$7~7A@%TW@FP@#“V@%K&OTP%.bﬂiCG [GIFES
DFHEIZBNWTIET 7 AT ¥ DFEL D ERNFOLENPRENI LEZRLTY
5. 2y bT7—=2C, DIZBWTHZIZ R Y N7 —2 D O F1ED @&
HEN, TNESEEHEIZHWZT — X2 BIRO DD o7272dbThdLeEZ N
5. 77, BN TWAIEORILZ A7 TlE, BENZIED Recall DIEDE N & A3
B INBB Recal iZBWTH XY FT—=Z7 ADRATHEREEH VI &BH
M5,

23



Table 4 F1 score with rendered images in each class and condition

background leaf branch | flower | occluded flowers
(A) 0.9494 0.9263 | 0.7331 | 0.7082 0.3890
(B) 0.9315 0.9166 | 0.7244 | 0.7064 0.3559
(C) 0.3050 0.4093 | 0.0805 | 0.2743 0.0912
(D) 0.2417 0.6445 | 0.3630 | 0.3242 0.1094

Table 5 Recall with rendered images in each class and condition

background leaf branch | flower | occluded flowers
(A) 0.9099 0.9606 | 0.7600 | 0.9740 0.5870
(B) 0.9225 0.9337 | 0.7635 | 0.9683 0.4393
(C) 0.2634 0.4953 | 0.0713 | 0.8208 0.6260
(D) 0.2108 0.8026 | 0.4796 | 0.8914 0.2576
Table 6 Precision with rendered images in each class and condition
background leaf branch | flower | occluded flowers
(A) 0.9957 0.8976 | 0.7191 | 0.5748 0.3352
(B) 0.9558 0.9072 | 0.7001 | 0.5739 0.3892
(C) 0.9558 0.5697 | 0.2734 | 0.2278 0.0724
(D) 0.7542 0.6541 | 0.3747 | 0.2639 0.1434

Table 7 Accuracy with rendered images in each class and condition

background leaf branch | flower | occluded flowers
(A) 0.9520 0.9554 | 0.9779 | 0.9717 0.9775
(B) 0.9415 0.9452 | 0.9766 | 0.9712 0.9850
(C) 0.4311 0.4253 | 0.8113 | 0.4291 0.5250
(D) 0.4645 0.6042 | 0.8665 | 0.5632 0.8893

24




3.3 REERIC & 2RNIIEDIRH MEREFTE

BEOHIZENZ < OO EE (Fig. 20) (XX U CTHIREHl % 177 > 72
fR % Fig. 2ITRY. 7z, BWOMREZBEET 572012, BHFED M~ FDTE
DEH (Fig. 23) 128 U TERMNIZEEZ SR UIEKLZA V-V a vy F—2&
(Fig. 24) 120 U T LRl 2 17 > 7245 R % Fig. A IZRS. BEOEBITA ~
R—2xv § 28] HOEE Lz, ADERU T U7 TlE, EIEHhDOn
W TR IND Z %L, KEMIZCG TRNEEETAIZ L L LT,

Fig. 21 Hidden flowers by branches
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) Texture and background ) No texture and background
) Texture and no background ) No texture and no background

Fig. 22 Comparison of evaluations for hidden flowers by branches

HEOHIZEVWTHFEHIIERNFE2EF R VWEHEEZHW -2y N7 —72 C,
DIZHARTEEHIZEROLRE 77 AF v IiEHE A EEZH W -2y hT—2
AFBENTWAIDONBZHEETETWARI R o053, 2v N T7—27 BlIEn
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TWABIEEONZHETETWED, LR VI Uik FICEED ) X
TOELIHFELTVWBREE, TI7AFvERZFEHL T0WARWnzod, %386
TEITRNZIEDMNEZBEETERWVEHAL RSN, 2y N7 =2 BIZHL,
HEDT I AF Y HEREZEHLCWDE 2y b =27 Ak, HEOEEIZBWTHER
WTETVWBIENS, B—DF IV AF ¥ THho TCERBEEDOR LD-DIZE
MThHdILZRULTWS. £z, 1 MOBEBRDOFMIZDEE X% 0.2 B ORH
EELU. ZhiduRy hTORMEITOE, BN/ Eo#HET > gL e U
TRAMBERUHEEEZEEZEZ oMb,

Fig. 23 Real tomato flower Fig. 24 Synthetic image
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) Texture and background ) No texture and background
) Texture and no background ) No texture and no background

Fig. 25 Comparison of evaluations for hidden real flowers
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Fig. 26 Real tomato flower - 2 Fig. 27 Failure of flower detection

Intel RealSense D415 12 & W g U 7zE 7z b~ b @ RGB HEif (Fig. 28) (2
HLUT, 2y N7 —2 A THRHZITR 7R %Z Fig. 0I12RT. FHET—XIZ
BENTVRVWHFEDO MY N THo7228%, HATOREHEETA MNT VA,
WD T L E Vo 2B T — RIZEATWRVWERIZE>TAY NI —F AT
DRBPEBT B L2 RBLTNWS.,
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Manually annotated image - 1

Real tomato flower image - 2 Manually annotated image - 2

Fig. 28 Manually annotated images of real tomato flowers

FETT ) TV a v EFRo G (Fig. 2R) 2 EfOfie LT, LY XY
v Ui L FRRIZ, F148, Recall, Precision, Accuracy % Table B, Table M,
Table M, Table [I(Z/"7. F1{H&Z Accuracy (IZHEWT Y M7 —27 ALK %
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BUTHRBEENPRWER R >TWS, £72, RecaliZBWTHY N7 =2 C
Dxy N7 =2 AXDRWMEELZR->TWEDY, UL Fig 23(C) D & S IZIEMEY
T ADFHEBUTH U TZ < OFEBUTH U THE, RBz{Ee UTHEL TWE 72T
HbHEEZEZOND., FTDT2® Precision IZEWTIE Ry b7 —27 COfEE RN
27 T ANEBBENMEL 2D 2y N =T APREEWMEL RoTWVW3.
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Table 8 F1 score with real images in each class and condition

background leaf branch | flower | occluded flowers
0.6683 0.4293 | 0.2384 | 0.6389 0.3141
0.6244 0.2921 | 0.1505 | 0.5848 0.1601
0.1845 0.2860 | 0.0313 | 0.2159 0.2988
0.2111 0.3422 | 0.1084 | 0.2425 0.1242

Table 9 Recall with real images in each class and condition

background leaf branch | flower | occluded flowers
0.8647 0.4436 | 0.1536 | 0.7082 0.2628
0.8728 0.2628 | 0.0910 | 0.7256 0.1009
0.1240 0.2590 | 0.0191 | 0.9375 0.7464
0.1524 0.4014 | 0.0785 | 0.9335 0.1061

le 10 Precision with real images i

n each class and condition

background leaf branch | flower | occluded flowers
0.5956 0.6297 | 0.7219 | 0.6687 0.6921
0.5287 0.6784 | 0.6321 | 0.5169 0.5930
0.7834 0.4711 | 0.1540 | 0.1306 0.1996
0.7400 0.5127 | 0.2348 | 0.1567 0.2644

Table 11 Accuracy with real images in each class and condition

background leaf branch | flower | occluded flowers
0.6189 0.6343 | 0.8407 | 0.9165 0.9399
0.5467 0.5949 | 0.8096 | 0.8888 0.9227
0.1247 0.3702 | 0.0445 | 0.8161 0.4696
0.3975 0.3904 | 0.6356 | 0.3160 0.8452
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4. ORy NaAWEIRERIETOIGA

ORy b EHWZEERE COERIZOWTIERS,

ARFEBRIFORY b7 —LHICEE LA TIZLXORE L ZE G2 S, 2
=2 AZHWTRENIEDOMNEZHEET 5. HE L -EOMEZ TIZFEIZ
F50FRYy MEEIZE o THAZZEETLHZ L TleRHAL, Fig DD X 5 I1T1E
BIZBITEEDR 2T N7 27 RIZEoTHENT 22 & T, ABFEIZET
LERENT DN ERE FIEOZY M EZRT I 2HNE T 5.

4.1 RERIREE

EERDZD, b PDILELEDKRNT WD b~ bDIEYILEEZBELZET L%
PERC U 7z, IEEA S 772 —DDIEDERIE 30 [mm] TH D EBED b~ hDIEDK
X LR (Fig. B) 22F1ZEM L2 E% Fig. 29, Fig. BOIZ/xR9. 3D 7V
VAT U EZBEL T OEMIT 7V LVARRBETH S, b hodfEe
fte i Uk (fEE) 28U 723 0% Fig BIIORT. BENRTH 51
WDKK % Fig. BIIZRT.
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Fig. 29 Artificial flower of tomato - front

Fig. 30 Artificial flower of tomato - side
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Fig. 31 Artificial flower cluster of tomato

Fig. 32 End effector and camera

AR TIERRY hOTY RT 7 7 X OO E R GIZE s 2 2
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TR E EET D, S A T 1% Intel RealSense D415 Zf#ifH 3 5. RGB [#j
BROESSEAE L fps30, #E 720 €27 )L, #1280 ¥ 2 &)L & U DeepLabv3+ LT
FPEUZET IV EZEFEIE S -OICHUREB D FL» SHiE512 B2 )L, #512
CIZv VDY A4 XN I VT %THo7- LT, Bh/-{EOMNEDOHEZTH -
7. TVRI Tz REAAT% Fig. BAIIRT.

Fig. 33 Artifical plant
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Fig. 34 KUKA LBR iiwa 14 R820

MEOEMFEZ2ITS>EARY b & LT KUKA #£® LBR iiwa 14 R820 (Fig.52)
[26) ZHT 5. HAWL L% Table @ IZ/R9. 20Xy MI7THHET
ARERIZEWTH D LMEEZAELTWS.

Ry hDOESEE AT DS DIFHR, DeepLabv3+Zfia L TE=XY V7T 5
72812 ROS Kinetic [27) Z Wz, vRy b Ol 2175 72HIZ ROS Sy I —Y
D iiwa_stack [28] Z Wz, BARY b EEGEREE L2 EBRERE 2R G % Fig. B3
2T
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Table 12 Basic specification of the robotic arm

Specification Value
Model LBR iiwa 14 R820
Number of controlled axes 7
Volume of working envelope 1.8 [m?]
Pose repeatability +0.15 [mm]
Related payload 14 kg
Maximum reach 820 [mm)]

Fig. 35 Experiment for pollination of an artificial flower by the robot.
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4.2 IREDETEERIC K %

Fig. 36 Occluded flowers by branches in artificial plants

Occluded flower

Fig. 37 Detection of artificial occluded flowers
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(c) Contact with flower branch

Fig. 38 Robot pollination with artificial flowers
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FERDFER % Fig BRIZRT. WA LENRTY NI T 27 RIZDW A AT Hh5H
BLEEETHY, ARV Tav I AV TF—ra iR cdh b, Fighl(a)
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D, B TEHICFIEL TWE 72O mE FHICEHTBEIS S, FTHICHAZE
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MHEFIEOZY M2 R Uz, BRI OBRIZE N THDO—EO AL T E
NPl & AL 72

4.3 ER

— DR TE Ao HEIZOWTIZEBIZAWECG F—RIZIZEE
NTVWRWELXTLREDA AT DR, ERBREICS T2 HFEOETHE L
EZohb., o OEE DR 5 HikE LT CGEREIZBEWT I A R
EUTHEURE NPT VORE L, LD, WIZH/NREREZFEZIEEZ L,
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5. B YIC

51 F¥&&H
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5.2 SHOBFEEERE
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