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ABSTRACT

Natural rubber farming is one of the most important industrial crops in
Thailand, and its productivity depends greatly on the labor cost of harvest. The
development of automatic systems for rubber plantations may result in labor cost
reductions. This work aims to develop a mapping model and navigation system for
the automation of natural rubber plantations using image processing technology
incorporated with a pin-hole camera principle, which is simple and doesn't require
expensive sensors. The image processing process uses a single camera to capture
two separated red targets mounted vertically on the rubber tree trunk. The distance
of the red target will also affect the accuracy of the position. In this study, a
comparative experiment was conducted between the two different distances of 0.5
and 0.7 meters. The distances of the two red targets affect the parameters used for
navigation of the autonomous system. These parameters are the camera position
and movement parallel to the tree row. This study can evaluate the effectiveness of
the mapping model for the rubber plantation that was also compared between the
laboratory and the actual orchard plantation. The mapping system was able to
achieve an RMS maximum error of 43.06 millimeters in a controlled laboratory
environment and 114.57 millimeters in an actual plantation site. Experiments of
autonomous system at slow speeds can navigate using results from mapping models.
The size of the error is acceptable for automatic agricultural tasks such as watering,

fertilizing, and harvesting.
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g‘dﬁ 2.4 Experimental setup: simulated nursery tree plantation, and

calibration platform[5]
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- Implement Data
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Detection Obstacle Generation - Position =
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g‘tl‘ﬁ 2.5 Modular structure for a system to guide agricultural vehicle autonomously[6]
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i‘lJ‘ﬁ 2.6 Schematic diagram of the robot tractor and its research components; PC,

v

personal computer; RTK-GPS, real-time kinematic global positioning system; ECU,

electronic control unit; RS 232C, recommended standard 232 connector[7]
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Navigation

INS/Odometer = %
Corrections
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S Navigation
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Pualm_m States
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gﬂﬁ 2.7 Flowchart of lines detection and tracking algorithm and

INS/Odometry/LiDAR system[8]

N. Shalal et al. (2556) [9] Waurnsasrsunuiiviouuusiassaninuindonlagld
Wueddneg munaliifuanimundounanisinsnsimngaudimiunisldauiueud
wdeud osnnifuanminadenfdlasiadne deuiuliirugnibuuninss suafeiviaue
Banslmilunsfenadnvazananimuadenvesaiunaliflagldszuuidu (vision system)
waviA3daRnLawes (laser sensing) ileadsunufivesaiunaldl Tnon1snsiaduddunes
fuldl Tunisfinwndl mswsdrunimuagisnisldaudmiudeyarzlddmunisade
Andnwazn1snsI9dudulyl wnufifildazyszneufmenidavesiulivdasdulundazian

a o (v d' (% vdl' el' < I
naenauiiiavesinglalydulidug Nduwesnsiany

gll‘ﬁ 2.8 The simulated environment, around tree trunk center and edges[9]
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N. Shalal et al. (2558) [10] WalL19aNa3ANNNTATIATUARUYaIRU b U UTrilae Ty
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(a) ROI for colour detection. (b) ROI for edge detection.

31]1'7i 2.9 CoroWare Explorer platform with on-board sensors and samples of the ROI

for colour and edge detection respectively[10]

N. Shalal et al. (2558) [11] Wwwdanesiunisasiaduawuvesdulivuulndlagly
nsdeyaueindes uaziasesaunuawesifieifiuauamnsalun1snsandu [12] nisla
#alawdu (localisation) ususindouifiusiudlumunaliiodousufiarunaliusiugds
Preliadeuiliveniusufifiovsuifiusunduazfians unarwilthiaueisnsiudlunis
afraunuiarunalilulasldndeanazdoyainiosaunuiaiwossiudu unufiarugaig
Uszneumedumiavesduliinaz Ingilaildduls (9w tanazduliiseasv) Tunaaduls
9ane37un1s5InTayan 1y Kalman Filter lddwiunisuszanasumia nsvegeunaaedle
Aiunsiuunannesuusudvuadntuvensan mwndenaiunalll dane3fiuladala
1wy (localisation) wanafagudl 2.9 gnuseifiuifisududiumis RTK-GPS iileUseiily

UseAnEnmyueudladeuinudunig
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Start from known position
between two tree rows

|
3

Read image-laser data

1

Detect tree trunks and non-tree objects
and determine their coordinates

Yorchard
A
Tree Add the new tree Coordinates
trunk and non-tree exist in the
object coordinates
to the map
, Update the coordinates
Y- - -——-—- in the map
N|
+
Move the mobile robot
to new position
>
0,0) X()rthard l

sUfi 2.10 Graphical representation of the positions of the trees with respect to the

v

mobile robot in the orchard environment and orchard mapping algorithm[11]

B. Benet et al. (2560) [12] swundanesindniugrunivugiienisinunsiuiugn
fAoIn1sNsUImMLUUERludAieA L luaueg 1Wu n1sUgnnsungednykagnIsiuien

' A @ ! ' A oA 4 a a ¥ | & a o w o o o
bYU WURNA liaqu NIDNUVAIU ‘Vii@ﬂ\‘iﬂWU’]NMu’]iﬂI‘ULLﬂ’JW“HNaLUUﬁQﬁWﬂiyJﬁ’]MiUﬂ’WU’WIN

1%

agaUansiy Wuwes 1w LIDAR gunsainiondas Time Of Flight (TOF) doyaisuintinues

Y

v

anlldveyavemmiieiausudey (IMU) Suiudeyanasuiniinreinaesd Jeyariinissey

glusssurdlagldinaianisdwuna wu Support Vector Machine (SVM) 81un1viugn g

n1sinasatusaldteyaniusuiade wagd lusluuuisvalndiiefenuivaanniuay
Y <

M33ATUAINAVIN woUnAiaduiinisSusiduesniseguuugudindoungniiunldiiie

ATITUKAL SEY TN NS TTUY IR LUTITRAN 1N SINYRT LUz Ugn
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N

TOF camera
- Resolution :64 x 16 pixels
- Angle range :70° x 23°

LiDAR
- Angle range : 270°
- Accuracy : 0,5°

G
Giga Ethernet color camera
- Resolution : 1022 x 1022

- Lens : 6mm
- Format: 17
LiDAR data (p, ©)
~a Crop row Crop row tracking
geometric data operation
Color camera data Robot control/command
(RGB pixels) [ * Hough method [—% -Lateral deviation
or -Course deviation
IMU data (roll, pitch) LS technique -Temporal aspect

g‘lJ‘ﬁ 2.11 Mobile robot and embedded sensors, crop row tracking operation

and Fusion result for crop points detection[12]

B. Benet et al. (2555) [13] 99nLkUU kasnaaauibus FOV (field-of-view) 994
syuvifutaslunisimisjueud dfinsiauszuuidudsheliusudiionisinuns
A998 IMTTIINLIVOIEIuT NG Taglddanesiunisuszsaianannlalddnvuy
yuadluusazguuuulaglivinnsidenyuuendu 3 dnvasfe szezlna szeelnd uavsees
AUt kagueualdn1sAluANIULUY AssnAEnsAauLATe (Fuzzy Logic) N1SNageu
AvualigIunInuzliunslulunssluszeznis 30 was Tunisusziudsz@nsainnisun

s Inglidayaaingunsal RTK-GPS ilensiaaautoranain
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(a) (b)

g‘l.l‘ﬁ 2.12 Measurement principle of offset and heading angle in the forward FOV
and lateral FOV[13]

Chunlong Zhang et al. (2562) [14] Tullagiunisninmeiiedinaduisnanlunisla
p195550%7 wadansimnesaluifiduiienudfgfiasviligunsaindaensduanunge
yhaold ilelvinsevindamaimsvesunanesuninensdaaioy dedduvesdulignadn
1ng LIDAR s7a1Uszndn uazlalsalay W1wisnisdangu wegagnusenaudusanaulagis

¥

Gauss-Newton LitelldAngaguinatsasiuliusazsiu antugaaudnanavaniazgnies
K175 Least Squares 5&1&1’1,51’14‘1/1'1@@3&6?}&5@L*ﬁuLé’wNﬁ’lmwaavjuawﬁ wenani sanesiiy
Extended Kalman Filter (EKF) gnijranldiiielldsumisvosusudegluaiumesyozsing
TEVIUDIUATTEEENTENINNY ToRanaInveddIuTILe UalANE AR UT1VB I UL UA
Tann51 Fuzzy Controller wldlunismuaunisiiumsveasjusudmuuniifiednas ngai
et dernunmildlunummiaasnunudeyaifsniussergn svovvinaseninum
wazidusiugudnarsvosiulll udmafisiusumdoyadumisvesiuliudazfuazgn
AMuas wazanauuiidnuarmasadedmiuiitisyosvnessrinauainaysezUgneanety
finnuiFaEudu 0.3 was/Aui nausngidnueaaedeufuing Root Mean Square
(RMS) fie Tfosndn 10.32 iwufilung JejusudannsanouaussnNfesnIsdmiunsnIa
ssdnlusiRvesnaunalduazdoRamanslumsngalasiodedo 12.08 wuiwns Ingluusmdin

ANAS19AYLTVIAUAVBRANAIA L ULUISAL RMS €8N 0.66 LGURLUAT warls3914 RMS

[

1%

UOHANAINVDINUTN (plant spacing errors) LUIHUTIBUTENINAMURANAIAVOINUNRTILAE

(% '
N v [

AUNRIUBENIT 11.31 [wuAlLAS 350 150HAUNUAT [Sualngl uwazdiadesninisuntymd

q

dmsunisuimsluaiugansIvesgunsainIne18nluga
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T
i
\

|
C
B ————

Tree

| Ideal stopping pot

lsrlant and back error
1

@ @

[Lateral error

A

]

N aExpected lateral distance

i
® ®
NN

e —

M

}

g‘l.l‘ﬁ 2.13 The Robot System and the navigation path[14]

Wan-Soo Kim et al. (2563) [15] :1u3daiilaunauanisnsiaduidunisdnlulinly
anmwindennalaseadne iy aaunalll wuINITlEaueaINITARUA LT UNEUNILUY
perspective UnlUldAUNUATIRTUNUNUSELANSNgqlunsinees laglaldinedneUszam
= o w ° = Y " & A " & A v
Wi (CNN) dmsun1sdnuungunmitelilaldunieaniswudiuiun nsuusduiuiiduni
wazN1InTIRdUdUIAlmInglagldn smvuaduaway asunsAnwidddunsuiiens
Tdunenisinens (1) ensfinwidiniseudidednluldiunisnsiaduidunisuy partial
area (patch) lun1sinens (2) nsldiivesaiunaliignuusniunisdnunniy CNN Luusy
wavausaldnuiureulnsamesifiawiadnld (3) nsimuaasgnsiiemendes RGB 1Ju
TWuduwesiieldiuiinsvesnuideiiuesesdnslurhsuuseianene wadadisiagnaia
3¢UU LIDAR Scanner
Hironobu Fujiyoshi et al. (2562) [16] $1uA153310 96199 Tasun1sdnnislunis
Ind1nnneul 2010 Tnen1ssiuRuinvazianizvessun nieeniuulaginide (Sunid
[ = a X v A ad = o/ = [ ¥ 1A 1 [ =
AENYENUTERYgIUMETe) warIBn19i3euiraun3es e ndngy 2010 ag1alsinny &
ax ° ° o v a Y a = ad ° Y a Y a o
NstauesN1saIndNInIININNldnNsSeuddeEn Bnsandnnnlaglinisiteudidedn

'
o w Y

& N | aa 9 ¥ 1 d' =~ a Y a o o o o &
uutﬂu@ﬂ'ﬂ'ﬁﬁﬂq3mmﬂ@u%ﬂ3ﬂﬂ7§ﬁﬂuglﬂﬂaﬂIUﬂqiLLmﬂﬂJUﬂqﬁzzﬂnG]ﬂ“V]'J‘]ﬂJ ANUU UNATITUU

9

3995U1873N71511 Deep Learning lUldlusunissuininednels uavazasurguuilduangn

U3 Deep Learning-based autonomous
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Case |

Case 2

Case 3

Case 4

(a) Input image (b) Ground-truth  (¢) Segmented path arca (d) loU

o | o a |12 |»
[ [ 0 0 0
o | o o | e o
¢ o1 | o7 - 1 09 | 06 | oS
0s | o9 1 - 1 1 1 1
1 1 1 - 1 1 1 1
Input image Input patches Convolutional neural networks Path score map
Sliding window Image patch tensor Softmax outputs

Target path Determined boundaries Path area [l
t I Edge detection

Path estimation Line detection

;J‘U‘ﬁ 2.14 Representative results of path area segmentation in citrus orchard,

patch-based path detection in an orchard[16]
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nansiosugismslinsdeudiddnlunuansinmuasiuziineluladnisand,
amananlagldnisseusidadn walulagnisandnnminglinisdeusizadndutymlunis
FumilafdunisyiunuiifngasandeyadiuauinnuagnnsvineLabel) uonainiss
anusauddymivatvedianseuiulalagldnisiseusuuudainian (multitask learning)
wnltiilusunanlidfisausisinds 'nsiud dmsuamiiiudn uhdaemisegisnndniu
NSAUINITIEUSLUU end-to-end wasinalulagnmsiseusiuuiasumaudadndmsu "nns
FRAY" wag "N13AIUAN" TesELBURSHILIR uenaintl msdradavemalunisindudmiy
nadndveInsousiddnuazmaiaiuusadadndumninmediddylunisldoudss uas

ATITEI8AINNTEBUILMEA MTUANEUIEMIEIIWIUNITYININISAUAIETTU AN

Usealana

| General Object Recognition

Image Identification
( Is this a building?

Specific Object Recognition

¢ Is traffic sign ‘Stop'? )

Image Classification
( What kind of image is it? )

Scene Understanding

L What kind of scene is it? )

Object Detection

S N
L Where are pedestrians? Y,

gﬂﬁ 2.15 Segmentation of general object recognition[17]

rror Lo = LX)+ L, (X)

reg

Back prop.

Attention ma

Conv.5

Input image
Feature extractor

| Velocity

6 mw Recorded steering and throttle command

31]17; 2.16 Regression-type Attention Branch Network[17]

Regression branch
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Hironobu Fujiyoshi et al. (2562) [18] nMsuannabiluaiunaliludagiudesddussnu
ﬁﬂuauMWﬂfnﬂuﬁhaaﬁlﬁmawﬂﬁunuuimwuﬁbﬁu%uuazﬂ13mwmuﬂauuimwuawuwsaU?ﬂmwiﬁ
Fremafivusudmunalisnlud® mafednmasouanumnyauvesdaneifumsuana
thegiduaeauuuiilfiaiesaunu 20 LIDAR dmdumsthvnsusudvesuuinailuaunalsl
Sanesfiunsladalawdunsnasinses Particle filter (PF) fifluuusiassdiuasawes uas
Sanesfiufiaesfofnges Kalman filter (KF) fifdana3fiunisnsiadusdu 151Useiiiu
Uiz%w%ﬂﬂwmaQ5aﬂa%ﬁmﬁﬁaauﬁaﬁWMﬂaﬁuauﬁédamuﬁniuaauuaihﬁfiﬁﬂﬂi%@aaaaaaﬂ%a
WieUssiulssansamnsiimeesdanesiiuaesneldieulafiuioufiouiuld ns
wmaaUﬂguwﬂUimﬂmmnwmgﬂﬁameMVﬁﬁwwﬂaTumawﬁﬂWimmaauﬁaaqmmaauﬂawmmuwwu

N ARERIEY

@mmﬁmmem a5

Driving
direction

Change of pose from
encoder and IMU

gﬂﬁ 2.17 Schematic explanation of the Particle filter[18]

rb

|
Tree row centerline

direction

R1 R3

b1
: b2
~.
Driving . " bmax
G
-

gﬂﬁ 2.18 Orchard environment model[18]
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IBERIREREIOR

dwsunsitmuszuuninimsluaiuenans i I8inquififesdesiisndu e
thandszendldlunsiaunszuudinan elivhauldaiduauems Sutureuusnléd
msnaaedluriesUfjiinsionaaeunimesidnarenisuszanananisnin &Nt
awinsnaaasludugaieluaiussmnsaidulsandlnglasiinguiii sados Tunns
ponuuuszuumsthmslagldnsusznamamanm dwolud

3.1 anwgnTUgNUedaILe1sn1T (Rubber tree plantation)

3.2 Muf30u (Pinhole model theory)

3.3 MsUsERanan 19N (Image processing theory)

3.4 LabVIEW myRIO

3.5 MatLab

3.6 SEUUAIUANLUUNLEA (PID Controller)

3.1 anwmuzn15UgnvesaIue1enis (Rubber tree plantation) [1]
3.1.1 Yadeiidanasenisnan
ndeyavesan1duideenensensisnyasiazannsaivelnglainnisdne
NaHARTBI1INTINUT HaRARE1TTluutaznATinuuAnsnstulnsTuegYatondn fo
fusens Armvzauesiudl warn13dnnas suialadenesiunazgiiennia
3.1.2 wannaaNEInIUN1UgNEI NI
nsugnenamnfimgansidudiosddsianado nifuiimamzgnitugensi
wanzay Weandayinsasgiuladl nandndl wazieiuniuainsanusen1zi
AatuanauLiud ez fusssuyiau 9 uonanifsniudecdilidnvazvea
BN LU TEEEIsEnIneiusamunzausen1sas il uaznsdnnnsaiuens tne
fioamausunsliiutogsissavsamiteruasaanlunisguatigesnuduens
3.1.3 vuinvasiugsiiaunsnizuninendld
fugnefianansaduiinisninesldadiuandesdionguszan 5 - 6 Yiuld Tag
NNVUIAEURUAUENAN YRR LU ITIIIANINAT1 100-200 Siadiuns Anvalzvosdy
gramsdnlauivuiauazamumuivesUdenuinninddi edumisueaniugueasiy

YIUINVUANUNUIVBILUADNY NS AN AITIAINARDUNY 19NN AINNAIAU



24

3.14 ﬂﬂi’]’l\?LLﬂ')ﬂ’]iﬂQﬂEﬂ\‘lW’]iq

U faa &

NMsNsAmIzEIdmTUNsUgnaue1as annsinwilagldiuginibu 24
0 255 , T 260 Huddredelaeiduiugersmsdifianugs 1,500-2,000 Jaduns wazilszey
N15UaNAUKUILET (Row) 113U 3,000 Haduns SEegn195eEnInanul (Column) Useuna

7,000 faduns Laneagy

RT(2,1) RT(2,1)
o )

Row

ANF 0
Column

RT(1,4)

RT(2,4)
W W

5UM 3.1 M31auINISUgnesn

a_ & .

3.2 nuq3n (Pinhole Theory) [20-11]
3.2.1 NuguMgufsivy
v

nouf 3 lunisiinnsuinisatenmagudnalsvesgauuiuivessyuiu i
Audnansvaanisarenmuunasiulinvessyuuiiin Euclidean uagfiansanszuiy z = f
& ' 44 Y v 2 Ada v
Fausgnitszuruarnusesruruliia (focal) lutnandesgiduilugauussuruniiiin

T = YRR = Y i )

X =(X.Y,Z) ggniugiugavussuiunmdadiduiionyn X AuaudnaleweanIsaignm

AsatuUTEUUAM Uanslugui 3.2

z : -
\ P Z
principal axis f

image plane

camera
centre

gﬂﬁ 3.2 Pinhole camera geometry. C is the camera center and p the principal point.
The camera center is here placed at the coordinate origin. Note the image plane is

placed in front of the camera center[20]
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NngUanumRBNfiad ety Anage X =(X,Y,2) gniudgiugn (F X /2, f Y/Z, )7 vy

Y

v

ITUIUUVBINTIN %Qﬂ%lﬁﬁﬂﬂ'ﬁﬂﬂﬁ
(X,Y,Z)' > (fX/1Z,fYIZ) (3.1)

a o dl 1 U a v = o dl
aSUNEMIUNUNNITR 8 EILNaNTanlUSRARAIN ABNISTIUAUARIN IR3 LUU 3

499989 Euclidean U84 IR2 WUy Euclidean 2-space @uéﬂmwaamimamwL%m"]
f

'
1 L3

wdnanweindes Lunfdndulutenseningudesuifa duaingaaudnalndesiiaain

Y

[y

UTZUUNMISENTIMNUMEN UagaTiknunanlUuTsauiussuIuMmseninganan ssuiud
HUALENANNABVUIUAUTTUIUNMNS NI TEUIUNANVRINGBY

Central projection Ingn151% homogeneous coordinate N1sa18AINEIUNANELAY

Yva v o & . a v Y s &
a7y homogeneous coordinates MNAAALaN LagIANINLAAITIBLINMBIITULUY

'
a o

homogeneous N15AMEAMNEIUNAILUEAIBEN91Y 9§ LU TTURUTTLdUTENINGRNAT
T homogeneous lnglRWIzaun1sn 3.1 L%Suiugﬂﬂaﬂ homogeneous camera projection

matrix WAFNNISN 3.2

X X
v XY [f ol
- fYy |=| f 0 (3.2)
Z Z
VA 10
1 1

Principal point offset 3Mnaun15# 3.1 NunvesinluszuIunImegnganan luns

UftRomazluduguiulaeyialuinisviumud fsaunisi 3.3

A

g‘dﬁ 3.3 Image (X, y)and camera (X ) coordinate systems[20]

cam ! ycam
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lnghl (p,, p,)" AofiNAYEIYANEAN Lansiagun 3.3 WeulugUves homogeneous camera

projection matrix lARsEUNST 3.4

(XY, Z)! >(fX/Z+p,fY/Z+p) (3.3)
X X
X f p, O
Y fY f 0 Y (3.4)
% = .
z 7 Py z
1 1o 1

3.3 nsUszUIaNaN19AIN (Image processing)[22]

L%

3.3.1 N15USTUIANANINAING

Y

1E3Bn1sUsznanaanamadvia lagldinalianisainananuue (feature extraction)
TPURBUNMTYINNU 5 Funsunande nssudeyanimdiunluszuy NMsnseunIMneuyinnTg
Uszanana (preprocessing) NM5UsEIIaNANIN (image processing) AMNUUINAIAALYIINS
AuMUaya (image retrieval) Yumeugnying Aen1suansuataya (display information) kel
1NN15AUABTRLAINAIN Tnengud luAnissuin 17 Jafunudndiasdviveuasan
Usenausmiedaduasainanddinaiunaied inssdlelilauwandesiuirialsduuaasnszan
& Ay ' 9 1A o 9 & 1 A o oA = v
goonludiauseniianasuusidioinionanaSumaius i uwieUsdy duil 2 uasnagle
< = = a = Ay O o @A a v i o
gnanelunasduivilowdiu widsasuinaion 7 luawnesududugugl sldesuaid
ANNEIATWALAYY 650 nM THUSNNeNTENUSANlUgNAT ANFANAENH199N
dduaziintuuazdaiiuazveninafiddweaiuiuy « duas 7 daudiuanseenunlugy
Y0IANSANVIT09TIVBINITHBLIAY Fuinainnsnszyvemdsuiaueadule 9
ANsEyAeLsAuIveImIANUNG  AIINE1ILANAINYDIANNEIAGUIL b ARAINTANT
AsfursInsueaiudingazuasguanaaiuiisegnelduasdneeiy dvesingastuediu
5ITUYIAVRATIANNTENUTRGTY N1sazounasinguaramaudilun1snouaueIveniy

(% = (Y é’ (Y ca a J A A
ﬁ\‘iLﬂWﬁﬂ@\ﬂﬁ]iﬂﬂ@%ﬂUﬂi’]ﬂﬂﬂ?iﬂJﬂLiﬂﬂ??ﬂ?i@ﬂﬂauLLU‘ULa@ﬂ

0

JUN 3.4 Msueaiudvesinganmi[22]
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v

nmaganausuuidendunavesdingiuengninvenaanidesaininguu drunilweisdezgn

a [ v ! P | Y] Aaa a = ! 1 o g =
ﬂaul’]LLa'Jﬁgﬂ/]@ua'luwL‘Wﬁ@a@ﬂlﬂ LYU 'JG]Q‘V]llaL?J?J'JLllf‘]gﬂa@\‘lﬁnﬂLLﬁQLL@@?@QHUQSQ@Iﬂau
<

w¥sulutdulioniuiideuarasiounasdidondin Sweaduingiuduiiden s
ngufiniswaud wuvavuiunesliveasufeifuding o wazwuinfidndneg 3 @ fawisn
thawaufuierliAeddon 7 Afaduldnuluadnaduvesuasuandiia 3 7 viamnes
Boniduguniviowsidvesingfe Funudy (magenta) Findes (vellow) wardiniiuiden
(cyam) AmaniiGendy Aguniuuuay

CYAN MAGENTA

GREEN RED

YELLOW

g‘d‘ﬁ 3.5 NMSHANELUUUIN [22]

deduguginuvauglaaniananiuziindnfsgduuuauiuandn 3 & Ae dwad (red)
We7 (green) uazdu1du (blue) Aunmd 2.15 udillee@ugugiing 3 uwausiuiuludadiu
S o v o = & a3 v o a =
mvdualadni nswasduuuinulaludun - ddeuvinly nguiniswanduwuuuin lu
= v UV Yvo  wa A = Y o a oA o =

AndsTN 19 ladla SalaUnyalAingunituasduniusneumedUgugil 3 @ Ao duns Weiuas
g a =) a ! éj (% -d' o Y a v gj [ v r.:lr.:qu Yo IS L%
Ry Aguniiwalansnsanauiuieviiiiindens 7 Tuawnasuls ngufilasunistudu
Nnigauleduay wundiia teaulead ldvergauneassedilaszyin melugnameausiily
Usamieafunisueiiy 3 nauwiaznguaziinnuidnliiowasUgugiluusasyieiufe
nqu 1 ladouasduns dungun 2 linsuasdden wazdiungud 3 hidouasdurdulagfa
Tuasniidegsznind@lgugimaniavesazinnuninesenuindudesls mungufiuad
Y9invINAIssIANuidanvedledsraimia 3 nguwin o AMluafeiu Feauisaly
98Uy Msnuiuvesdnaunesuladnie n1sTiuiuvesdveuas Sendn YWIUMINELE

WUUUINTINITNAUNG B AVDIUTANDS

YELLOW

RED GREEN

MAGENTA (st}

BLUE

Uil 3.6 AUgugiiuuuau[22]
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[

AW (image) Usgnoumenguuesingiifmunuiiinse 9 Ssanunsausndiunimesniiy
U3 9 euuiiadiaula (region of interest) ¢ nihefiugruresnin i3andn gann
(pixel) lnggan nvisnes a;mmwiugﬂﬂwwﬁiwﬁmﬂumwsﬁu TAWRUINAR (X, y) WAZA
A3 (intensity) 99909 Tnenmwilaignnimunning wazidazamiiadisduiiaan
MULIUYDI9AN M A maziBen (Amaudn) Auansisiull Feldlunisuenauadd
YBININ 80N U0 gUNTaluanananInle a1nd (color image) nnluseuud RGB Ao
wa3ng dauanadnauifuresuasduas (R) 8 90 &ide7 (G) 8 Tn uaz Funiiu (8) 8 On
Fatfunndlussuu RGB axdidnuandndeganinitenun 24 Jn vilkaunsouansdléfs
16,777,216 & A1nseAudnT (grayscale image) 9zaglusuuuuvoinnuduiasliuisiay
0 lagagilsyiuanudud@iniee 0-255 (8 bit) lngdmazunusigaiiiay 255 du1ag
unLdBAeNaRe 0 SIvAY 256 seRuATausnamezduAniieududouunnni
AW UM - M uRAnEzAU Am annsalrideyaldniievnamnndt s v - i idesann

v a a = [ v
ANsEAUENLAnINATWUasnnaElussuu RGB wnduninseauding

| 10 10 16 2%

'4}{ 9 & 26 .w]
: 1S 28 13 22
32 15 87 39

U 3.7 dnwaizaluusazganimvesnmszdudimi22]
Tneldgmamsndinaans faunsil 3.5
Gray = 0.299 x R + 0.587 x G +0.114xB (3.5)
Gray = A1ANUIINYRIEWNIAYAEIATENINg 0-255
R = AANLTLYesELaslagagilAsEing 0-255

G = AMANULURIETLAEATTAITENING 0-255

B = A1AMUINYRIEUNRULAAANSEING 0-255
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ANIEAVEN (intensity image or monochrome image or gray image) ansauanndu
ANARAAIAIAIUTULES 0 wdazd1unlsvasganIna1slunin Fennlunsazninaed

[

& = i ¥ = v = 1
anwaztdulnuding (eray scale) Ingminnuidunasnasisanansla (gray level) WIUDE
v o a ag v ' v 4' a o o d I o
fudutanldununmluudazninlaann L = 2k e L Ao seavdniuag k Ao Ardiuiu
Tnnildununin Wy amsgavdnivuin 8 dnanunsauansiseavdinilavianun 256 seeiu
wazadululafe (0-255) nwseaudin (gray level image) nunedis AmdllA1ALELNg
YosuAazgnnmegluged@d dwn Feeldautsdundaduamiuainwnniigadinsue
yassgavdvty Unfudrasluidwes 2 Falaemilunldasiu 8 O (256 svav) viseanaly
PundnnnviseteunitiiusgiuanuazidenvasnmiauneINsIunnvsetaeiiesdn

3.3.2 MsENAAMENEYMZNLAYIINATN (feature extraction)
nsafnAuAN v iLAYaINAIN (feature extraction) LTWITMPALAUTDININ LlDAATUIA
foya (dimension) vasn M waztunduduwnuresnin lnenszuiunsulaninudeyanin
lun1siimsgvinmlddoya 3 Uszian loun 1) Jeyaidsndnud (spectral) An ALadenIs
WasuuUawweslnud (tone) ludieveaniudineg 2) Joyaideiiuia (textural) fio N3
n3zeifaiiuveInisildsuuuadlnudnigludieanudnsieiu 3) Jeyaid ailan
(contextual) fin NaNLANIAINNITUTLLIANANIN FIAULANANTENINTBYALTIAIND LAY
Toyaldanuis Ao JeyalemnudidulufiAinismadinivesanin drudeyaiBanuiiy
luAnsmArseaumieng Mannsildsundadlulasessvesnin Tnednisiuasunlasmiu

' < ] d‘ a Qll 1 ¥ ] d' o o
srgynegTInslulasiaasiden waziudsuwlatedadn lulaseseivetu dmsy

mﬁmi'}gﬁimﬁwﬁummw

¥yo

gﬂﬁ 3.8 Pixel coordinate[22]

AU N (Type of image ) fivianun 4 wuu e
1) Binary image NWU17-AN
2) Intensity image AN
3) Indexed image nna
4) RGB image N Wd
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d1ulsznauUDY pixel coordinate An @uLIA 1 (the row) WTBLAY FILULANAIY
WUIASEIUNEDS ¢ (column) Fetiutinlunigsw

3.2.2.1 Image type in the image processing toolbox

14 17 21 21

0

0.0314

0

0 0 1.0000
<2002 0.0627  0.0627>

0.3882 0.0314 0.0941

0.0627 0

0.1608 0.0627

Image Courtesy of Susan Cohen

gﬂﬁ 3.9 indexed image[22]

3.2.2.2 Indirect image \Wunmanusenoulusie array uaz color map matrix

Tngn1sldrduys X’ Gaussgly aray lumstianlui color map Aawansluguil 3.9

72235 0.1204 Blue 0,479
«804 0.2002 0.0627 0.2002 0.2902 0.3
5 0.06 Q 9
/ reen (g_1922 0.2588
0.5176 0.1204 0.1608 0.1294 0.1294 D.2588
0.53176 0.1608 0.0827 0.1808 0.1922 0.2588
0.2235 0,540 Red 0.7412 0.7785 0.7765
0.3882 0.5176 0D.5804 0.5804 0.7765 0.7765
- 0.2538 0.2902 0.2588 0.2235 0.4824 0.2235
Q_0.2235

2588 0.1608

0.1608 0.2588 0.2588 0.1808 0,258
0.2588 0.2588 0.2588 O

The Color Planes of a Truecolor Image

sUf 3.10 RGB image[22]
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3.2.2.3 RGB image (true color image) Wunmddafvludnvee red, green,

blue TusU array m x n x lagdl) 3array ¥u1a m x n MsvuAgaguy 3.10

0.2563 0.2826 0.2826 U

0.2157 0.2826 0.3822 0.4391 0.439
0.1307 0.1789 0.2051 0.3256 0.2483
0.2624 0.3344 0.3344 0.2624 0.2543
0,2624 0.3344 0.3344 0O

0.5342 0.2051
0.5342 0.1789
Q.4308 0.2483

Pixel Values in a Grayscale Image Define Gray Levels

g‘tJ‘ﬁ 3.11 intensity image[22]

3.2.2.4 Intensity image Wunmiifidnwasiduding nsitudeyalu matrix aiu

'
a o =)

luguduiua3alid1sendng 0 - 1 Fed1seninstufoninuduresding Weiduddnie

Wiy 0 waztdudnadlowindu 1 dwandlugud 3.11

HFlRlE FRRR |-

Ul 312 Binary image[22]

3225 Intensity image \un m@nnlu data matrix azfiAnagaelugag [0 1]
1ng MATLAB agLAiu intensity image 1 1 matrix auriay element Afe 1 image pixel
TasaunTnlu intensity matrix fideA intensity or gray level (Anuduvesnmdiduding)
Fauandlugui 3.12

3.3.3 Unsharp mask [23]

1591 Unsharp mask (USM) Aensifinainuaudalisunin Tnensviiliinay

wanenefu(contrast) fiveuluudazfiwa USM viaulagifinnsunsiavesusinaveus) vy

A luraugiliungdosdindus v ndnuiuvesruANtatuTueg fuiwls 3 M Ao



32

1. Usnameunsaiiintuiiveufinausaziines (intensity Tu NC %39 amount
Tu PS) N33 intensity Huftuogfuamnudomnisvens fandulinnivuinauaude
VUL

2. youlImiatduiuvesinwaiiegseunudnaveuvesntn (halo width Tu NC
%30 radiustu PS) n13Usu hao\NmthﬁfuLﬁaizqﬁwuauﬁrn%aﬁaQiauu%txu%aumaQﬂﬂw
Tdeansliiinrafisainlanmdisiannuagzidenga (high resolution) A1 halo width #3e
redius fAmsiiagemulusg uidiamilianuazidens A1 halo width vie redius Adesd]
AnaIRTLiY

3. ArdvunAudIAYsEYINe Anwannfinwafufinea Aflaiaaudiedgs
(threshold) N15U5U threshold ﬁ?mﬁaﬁmummmﬁwﬁ@mmﬁﬂLezia f1A1 threshold fAdu
Aud mneisaghifinsaniefineaifidianusisdgaeunin ez finrsanarusavintunn
finwa faiuaglinadnsamdeuaudawifuiavenim wimasiue threshold 74y
ﬂawuﬂuﬁhﬁazﬂiﬁﬂgLawwzu%vxumaUﬂﬂwLWiﬂzﬁaﬁsaynaWWzﬁﬂL%aﬁﬁﬁﬁﬂaqmﬁwqqq
wird M99 USM wenarnagiiinimdenuaudaiiutunds deldusslovdlunsiiayld
Wiuguau noise un wsuwdosunainnisii sharpen wsgldlduselaviives threshold
pufina11anuds Msndnidss noise fazUsNguuuAIm 8193zendnn13vi sharpen i
&3 Iaens set sharpen Aisandeadu none wdrwnfinAnuaudnvesninlaenisld UsM
#i Nikon capture o PhotoshopLﬁaLﬁaﬂﬁﬂﬂawmﬂuﬁhLawwzmaiJﬂﬁiﬁw USM # NC 1
azlaidanansznuile color balance ¥83n W 1Ws1glUTUATHALYIN USM Lawig luminosity
channel %38 lishtness wifleudufivih USM Tu PS fiasdias convert anlviaglu lab mode
rou wdareeidonyih UsM Ty luminosity w3 lishtness channel fatun1ssih UM Ty NC

ELAINAIIUN

o e "~

(Moriginal image (¥) The image after unsharp masking

Original Subtract Sc'ale for
display
Blur with Scale with
low pass filter k<l

gﬂﬁ 3.13 schema for Unsharp masking, (n) original image

(¥) The image after Unsharp masking[23]
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3.3.4 MANNITVINUYBINGADS
wann1svnnuvendedlinannisadulae funaniningriiugunmdnannseny
vuanfunm Taefinminnnsznuvuainiunmidunmiingy dendeausazusziand
auanansolun iR wAkansai daumnniinsliiaud msuivruiagiuuas vieia
vavesuaslidmndesnntu Mlwldnmildauazanysonndatuninisldsiuuasmoy
Un#
3.3.5 duudsznauvandes
3351 duiviliAnnmusznoumetaudfiamnsailn-Un Welvuamiudily

annsynuuuaInfunmlagaasaauauaInsilinUalaiumednmes (Shutter) Tudqu

'
a

Y09n15U5UTasuLasasanIuaNlnesunsy (Diaphragm) Negluawd
335.2 duhuasznoufeinghuasdefidudainannsiuasiugiuivh
TAnnnuazanasuuIngliwamseildy
3.3.6 AMUNNIBKATAMNFIAYVDIANE1IINAE (Focal length)
ANEIlNAa (Focal length) Aesegrisseninegagudnasliiavesiaud
(Optical center of lens) Auszuulnfavaaninmdeldy Tnefinnueilniavewsasiaud
annsavuenld dsmaliplunsiunmuagdseuenlnfaiunnssiulasaudifau
gmliiaduannsofunwlduadinheniuasianueaudavesnmannnis
3.3.7 deyauazquantAvesndasiidanlduninimaass
ndesild@e Logitech HD Pro Webcam €920 dsdayad1Anidedldifiotiun

AwinAeszezlnia (Focal length) tnaassezliliaunainnisiwinainmsidnannisgdy

Tunnsmszezlnialaepuluswnsy

gﬂﬁ 3.14 Logitech HD Pro Webcam €920

3.2.6.1 Specifications Logitech HD Pro Webcam €920
Max. Resolution: 1080p / 30 fps - 720p / 30 fps
Focus Type: automatic

Built-in Microphone: stereo
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Universal Clip Compatible with Tripods for Monitors, LCD Displays or Laptops
Cable Length: 1.5 m
Dimensions:
Height x Width x Depth: 29 mm. x 94 mm. x 24 mm.
Cable Length: 1.5 m
System Requirements:
Compatible with: Works in USB Video Device Class (UVC) mode with compatible
video conferencing clients:
Windows 10 or later, Windows 8, Windows 7
MacOS 10.10 or later
Chrome OS
Android v 5.0 or later
USB Port

Internet Connection

3.4 LabVIEW myRIO

National Instruments myRIO-1900 tHugunsai 1/0 (RIO) fifmuaslduuunnmid
anusaldlunisesnuuussuumuRuiusus uarszuuLIAAMIOingd lenansiiussneu dae
pinouts, connectivity information, dimensions, mounting instructions, and specifications
@150 NI myRIO-1900 Tdunmwuuezuiden (A) Le1dinnauidan (AO) BunawazLaIAnNs
fdvia (DIO) A8 waziednaridslugunsalilsda NI myRIO-1900 anunsaidouderulead

ADLNILADINIL USB wazlsane
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1 NImyRIO-1900 6 LEDs
2 myRIO Expansion Port (MXP) Breakouts (One 7 Mini System Port (MSP) Screw-Terminal
Included in Kit) Connector
3 Power Input Cable 8 Audio In/Out Cables (One Included in Kit)
4 USB Device Cable 9 Butiond
5 USB Host Cable (Not Included in Kit)
Port
! Xilinx Zyng-7010 I

Processor (LabVIEW RT) — =

4 I'_. FPGA (LabVIEW FPGA)

sUfl 3.15 NI myRIO-1900

3.4.1 Connector Pinouts
NI myRIO-1900 Expansion Port (MXP) mawiuaiees A way B Jyadyanannileuiudyaiu
azuenauuaneslusendwasmudesideuse wilu Connector A/DIOT wazdaseB/DIOL
ﬁm%’uﬁa;ﬂaLﬁlmﬁ’umiﬁmuﬂmLLazmﬂi’fﬁagzym g‘dm‘wLLazmswwiaiﬂﬁuamé’zymmw

o MXP A uag B Wsansnuimyaunesafiflandusosazilandumnan

< o < m
a o s e2- -z
2 2 2582 2=
33(31|29|27|25|23|21[19|17|15[13|11|9 | 7|5 |3 |1 w w o w w o
54 3230|2825 2¢[22] 0]t [16 1e] 12 10 & [ s | 4| 2 > > 0 = e -raogswer 2
=HcH-BzB <BrH:H:B 5 2Pe58055+2:8083828855->
Eéﬁzzézgzgzgzszzi( + 1 << << << <O000000A0A0AQwWw
guB88288585858£8¢
<= a = =] 3
5z S
58 0F Elﬁﬁlﬁ
8a

gllﬁ 3.16 Primary/Secondary Signals on MXP Connectors A, B and C
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A5197 3.1 Descriptions of Signals on MXP Connectors A and B

Signal Name | Reference | Direction Description
+5V DGND Output | +5 V power output.
Al<0..3> AGND Input 0-5 V, referenced, single-ended analog
input channels. Refer to Analog Input
Channels section for more information.
Al0..1> AGND Output | 0-5 V, referenced, single-ended analog
output. Refer to Analog Output
Channels section for more information.
DGND N/A N/A Reference for analog input and output
+3.3V DGND Output | +3.3 V power output
DIO<0..15> DGND Input or | General-purpose digital lines with 3.3 V
Output | output, 3.3 V/5 V-compatible input.
Refer to the DIO Line section for more
information.
UART.RX DGND Input UART receive input. UART lines are
electrically identical to DIO lines.
UART.TX DGND Output UART receive output. UART lines are
electrically identical to DIO lines.
DGND N/A N/A Reference for digital signals, +5 V, and

+3.3 V.
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A5197 3.2 Descriptions of Signals on MXP Connectors C

Signal Name | Reference | Direction Description
+15V/-15V AGND Output | +15V/-15V power output.
AlO+/AlO- AGND Input 10V, differential analog input
AlT+/AlI1- channels. Refer to Analog Input

Channels section for more information.

AO<0..1> AGND Output 10V referenced, single-ended analog

output channels. Refer to Analog

Output Channels section for more

information.
DGND N/A N/A Reference for analog input and output
+5V DGND Output | +5 V power output
DIO<0..7> DGND Input or | General-purpose digital lines with 3.3V

Output | output, 3.3 V/5 V-compatible input.
Refer to the DIO Lines section for more

information.

DGND N/A N/A Reference for digital signals, +5 V, and
+3.3 V.

3.5 MatLab

3.6.1 imread fio M8 MUgUAMAN graphic file Insfinouiiazeuarvasnmlddniy
fiazdadldiau color image = imread(capture.jpg’); capture.jpg Hude file vosnm

3.6.2 imcrop A9 N136AFUAINAN graphic file vuRwdan1nAigeanasualy
U52078Ka LYY img = imcrop(imeRGB,[r0 c0 r1 c1]); Iae 78 78 1140 590 Ao f1unisf
FOINITUUAIN

3.6.3 imshow f® miLLamgUmwﬁ%ﬁﬂmima'eN Tneiineuaglditeduiiasdoning
T4laridu imread flou 1y color image = ([capture.jpg’); imshow (color_image)

3.6.4 figure, imshow Aomauanigulnennadsfiuansgulivhnadavtdd laidn

wilnAuAuiieg 1 figure, imshow (color image); color image 1 ufiadaulsnunu
U
3.6.5 rgb2gray fim n1suwlas nman RGB TUilu gray scale w3onm@nT 1iuimg g =

rgb2gray(ime); 1me img Amiidesn1sulasdusyaudim
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v a =)

3.6.6 img(:,;,1) Av NM1sLdenIzAUd R Tuszuudusinin RGB ol unUssuiana Loy

img_R = img(:,;,1);lne?l 1 unuseaud R, img_R 1ludesudsiiunugunm

=

3.6.7 ime(:;,2) o NM9vdensziud G Tusyuudueanin RGB iethuUssuiana
img G = img(:,:,Z);ImsJﬁ 2 UNUIEAUE G, img G Lﬂu%aﬁumsﬁmugﬂmw

3.6.8 img(,3) fio n1sudenszaud B lussuudvesnin RGB iethuUszuiana wu
img B = img(:,:,3);1®8‘1'7i 2 UUSEAUA B, img B Lﬂu%aémmsﬁl,mugﬂmw

3.6.9 N15¥1 unsharp mask (USM) fenisifiumnueudalddunin Tnanisvirliae
AMULANANRY (contrast) iveuluusaziivea USMﬁwmimmﬁmaumwasﬂaw’%nmau6]
Tunn iummzﬁlﬁﬂ%’uﬂqﬂmmﬂu%’mdauﬁuq YBIAIN LU H = fspecial('unsharp);
sharpened = imfilter(img_g,H,'replicate);

3.6.10 im2bw e Fanadniidildde th=0.4235 Jaldiav 0.4235 n3e¥evay 423501
deudusuduvesdimiudnaveyil 255x0.4235 = 107.9925 vide 108 nanAeigafiniva
Tafideududimsinidmseleatuaziiandu o @) lunm binary wagqafinealafis
AeuduEmnnnitAwstlsaty aviidndu 1 Evm) lunm binary ndaanniuiuas
Al binary

= =)

3.6 STUUAIUANLUUNLAA (PID Controller)[24]
meanuiniiegnnsluiuinemanswazinalulad AuABINIINITAIUANTILLILEN
LAY LaInauANes YaesruUmUANSRluliRLazANENgIABIEIUY N13AIUAN PID LuU
aufugatulunnisauay dulugilunszuiumafudu LasnszuaunInieeaIinssy
A 1 A av 1o a 1% a ' o ‘:l' 1 o
Nounmuaee Nldidudadulusssund msatuau PID Wanunsavitnisnisauauiuaiugn
YBINTFUIUATTAING N13AIUAN PID wuuysanistulagtuiinsldiuegraunsvany
P Y Ao ' . . &
\Wesnlassaieniseudte (simple construction) wagnunIY (robustness) WU PID
n1sAruANABNIIALiuN1sAtuANlaglY proportion , integration wag differential fiawans
lugun 3.17

4 propostion

) W, oy
_x(t) @\ﬁ-_’ Integral >® W) controlled (1)
’ 3 objected

— Differential

gﬂﬁ 3.17 Block Representation of a PID Controller
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Control equation for PID Controller fi®

e(t) = x(t) - y() (3.6)

Control law @89 PID controller A

d, (t)
dx

t
u(t) =k,e(t) +k; [e(t)dt +k, (3.7)
0

e k,,k and k, A® proportional gains, integral gains Way derivative gains M1UA1FU
szvumuAuLUUiTled 1Wuszuuiiwad svesdynnaierdnmuiuieuifisuiu dayaimu
S Fedaaiiiioudisutudondt dauRawann (Error) 9nduthenng Annaia
dounduludsfimunuuesszuy Weliliednaiigiirdridyanadieds 91ndina1a an
JEUUAIUANLUUTLBRATnEaNN1sYIuguReiussuuauaukuula (Close Loop Control
System) lngszuumuasuuuitlofiazUseneulusme Amsiidnsveredadiu (Proportional :
K,) AAsiidnsuensusiug (ntegral : K,) uazAnsiidnsiuenseyius (Derivative : k)
Farasiivia 3 A azdamalsruuiinaneuaussiiuandisiu Taean K, 9598807192819
Tu (Rise Time) #i1 K, 9z98annInuRanaInluaniazas@n (Steady State Error) wagan
K, %8anfnjaiiiu (Overshoot) uwagdaesilissuuiiadosninuiniu lnsanunsouans

ANENURNISUSUAMI T TN TURISR I VENEuAaLfIlARINIT1e

a v U ! a s v d a
f1919N 3.3 @mﬁllUﬁ]ﬂ'ﬁUiUﬁ']W’]i']llLG]EJTUEJ\‘]EJG]T]GUEJ'WEJIU?%‘U‘UQ’JUQNWIEJ@

AWITN0Y | gognanty | AU | ghanandnd | Aenuanaadeuly
(T.) (M, (T.) A0122A (e, )
(K,) anag Wt | indudnies anas
(K,) anas Wty Wty anag
(Ko) anavantoy anas anas Laifinansenu
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3.6.1 N1TIATILANANDUAUBIVIITZUUAIUAN (Response)

A
= - 1+d e
M,Z[ : | o
- ——f A - =~ e o
| |
e | I 1—-d
| |
| | |
| | I
| | |
| | |
I | [
| ! 1
I | | : t

4
=

[
7,

—_
o

U 3.18 nanauauavesdyynBunanaaeutudule

'
a

N153ATITRNanUaLeRTUAIE Ay d1rFUNI508NLUUTIABITTUUAIUAN N3

a ¥

AT nanavauavhldlagn1sleudyaudunanaaeuidngseuudnasHIunTzuIUNg

al

Uszanana 91nduinnIsitaTIsinanavausiiidiseszuy @elasvn 9 lszuvaiuisn

WATIPTHARBUANDILA 2 WUU AD NITIATIEIRARBUALDITIAS (Transient Response) ag

NIITUIINNNANDUAUDY B LIANLSUAUNF U UdUNANAdDULNSIURIULUAIAUNTEY

T o q

a0 a ]

mamauaum%@jLsi'f'lfgj'amwméhLLawha'au wqmwLﬁm?ﬁudaua}zlﬂ’hﬁaﬂnzméfn LAaLNIS

|
AT RNARBUALBILUUAL (Steady State Response) 92fia1504191nAI1Y ARIALAEBUT
ANMEAIAIVITEUY im:msaLLamwamauauawaaé’zgﬁymﬁuwmwmaau%uﬁ’ulﬂlé’ﬁagﬂ 3.18
a%maﬁamiLLammama‘uauawaﬁiyjzyﬂmauwmmaam‘?uﬁulm %@Lﬁumamauaum%’mj g
ansanTIAeUYsEAvEN e aneUALestIAglin L AuauTRnLAeNs o fail

1. 92938117U (Rise Time : T.) 231381913 Aetrsatiissuuiinsnevaues
vueiitoudnyaudunmdngszuu Unddnagiowafistuain 10% s 90% lasdseuud
ogluanzmmiees (Under Damped) agldlnaniuuszanaimn 0% fa 100% wazdn

sruUiegluani1izAundan (Over Damped) AgldhianTuuszanaaIn 10% s 90%

oA =

2. A1naiiu (Overshoot : M) Asaiiiy Aed1fivauanfisAuARIAAGOUEIgn

(% [ Y- (3

FEMINFYYIUBUNAN U YU 190u079

A

W Nannetieg wazAmaiuidiaunsaveniaaiull

= 1Y = o s & ca o ! v
Lﬁﬂﬁiﬂqwﬁﬂﬁ)fligU‘UﬂjU@N@'ﬂﬂ %Qaquqﬁﬂ'ﬂmléﬂ,uzﬂmaﬂLU@?L‘UUGW]W]EJ‘Uf\]’]ﬂﬁ'W?jWV]']EJ
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3. 9290818980 (Peak Time : T,) 93412812980 ABTINIAIEIGAVDINANBY AUDIT

AsnevdanUeudyaadunaiiiussuy

1 ]

4. Frandnganauna (Settling Time : T,) 93943814918 30auna AoYIeLIan

Y 9 9

[

HanoUaUBIilAIanauiouITigan1IEAiIvEegng Anauna Wnea1unsainlaainai

9

ANANAINAIAATINEUTENN 2% 1138 5%

usNINMTIATIEHaneUaLeTIATuE 3Tz Usueniszuuiinuaiiosuioll
Ul anudrdgainlunisesnuuuszuumuay mnszuy ldfinmadesiazrilall
a0 auanszuuldmuauUszasd lnsssuuiildfianuadostusndiogiadu nns
vhauwes szuuiidygaduainniesusnvessyuuidinsuniussuusdassuuliannsandu

WdAmils visaingenaunalatunansdt svuuldinnuiaios uaen1ensIuinseuull
<

(%
XY

ANMULEDTYS YT LUUUNEIUNTOIATIEVNA L ANNNANBUAUBILUUAIAT AIAIUAATINLAZDUY
dn172A3IAQ (Steady - State Error: e, ) A1AIUAAIALAGBUIUANIIZAIAD ADAIVDY

HARDUAUBIVDITTUUAIUANTILIA N IUIULIUINN Mendianiifinisiasullasuasdayayio

a Y] 9

BunmaunsesszUUmUAiIganrauna niniaduANuentienuuand195Eningen

[ a

doyauaudunanleutingseuuiudyganaiing

T
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ASAUUNITIVY

[V V)
v

n1539easeilillunisimurssuunisiimdduaiuenanisilaenisdssyndnig
Uszanananenn dsulefadeiieniuissiunsive feil
4.1 wHUNIALHUUY
4.2 ANYULNNNIEAINUBIEIUI NN TIEMTUNUITY
4.3 mseenwuumiwesdmiunsiunuiiluaiuenanis
4.4 MsvuNLTiaIue1anIs (Rubber tree orchard mapping)
4.5 nsuUaaunIsnIRdinAans aengefiu (Pinhole model)
4.6 Camera visual localization using pinhole model technique
4.7 mMsUsEanNan1anIn (Image processing)
4.8 n1seenkuuNIInaadluioaufjumns
4.8.1 MIsankuUTIaaRduNInAuYate U LgluiosU RIS
4.8.2 ANT9ONLUUAUYNNITITIADS
4.9 N199ALUUNITNABDILUAIUENNIT
4.9.1 A199ONLUUTIADIFUNINAUTDIBTUNINULIUAIUYIINIT

4.9.2 ANSASINUIUUAIAULIINIG

4.10 NIBONHUUTTUUAIUANLUUTLERA (PID Controller)



4.1 WHUNISANEUIIU

SUAU

v

ANYIANYALAUEINIT KAENITUNEIINIT

v

Anwmguindesgidy

v

AnvImguN1TUTELNANANIaNN

v

NNDDNLUUANYALAULIINITT

aauNel@1nsuUN1s Detection

v

\ 4

\4

NUUIDANDSNUNT

UFLUIBNANIININ

AVUAGILUTVDINITVN

mapping model

A 4

\ 4

ANAUAGILUTUU

Image plane

ANUUAAILUTUU

Object plane

\ 4

TheP, P,R,P,,h;,h,, and

L- of Image plane

The L;, X; and h;

of object plane

v

Developed the Pinhole camera

model for target position

JUM 4.1 UrunInuansdsn1saLiunu
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Study the height of the
target lying vertically (h; )

on the world coordinate

v

Design navigation and mapping

processes of rubber tree orchard.

v

!

Design horizontal vision

mapping

v

The S,,S; and 6. parameter

v

\4

aq

Design vertical vision

mapping

A\ 4

The o, parameter

v

.

The Sy,S; and 6, parameter for navigation
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4.2 ANYUZNINNIYNTNVDIFEIULIINITIEINSTUIIUIRY

RT(1,1) RT(2,1) RT(2,1)
SHe Hw N
=
o
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%w AT
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W & M
hl WA hl
RT(1,4) RT(2,4) RT(R,C)
S Hiw ZE
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glh?i 4.5 Horizontal vision mapping object plane of the orchard geometry model
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gﬂ‘ﬁ 4.6 Vertical vision mapping object plane of the orchard geometry model

4.4 mIvaudisaue1swsn (Rubber tree orchard mapping)
Asvnsuiluaius1awisafmuafany sdmsuldlunisdimiededl szozving
semInandeathvangtukaidue1snns (S ) warszuroandnseninendnaiuwaIfiue1Ins
(0 ) Wundwesdasefiausasnalalasnisteumsmesasiivondmunouazaiu
g19M151nAUTianIweendesluiinaafuensmis (@) Fmsulasiunidunafisinun

VDIAIUY NI Srpznvaindeutving launanaunisluyuuesves HFOV sl

gﬂﬁ 4.7 Horizontal vision mapping object plane of the orchard geometry model
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h

—=tan(@
Z an()
h=Q+X
NZ=h?+2?2

9NAUNFT (4.3)
N =+h*+2?
wuanns? (4.5) luaunisi (4.4)
(x/’m—s)2 +0? =Q?
Naunsi (4.2)
Q=h-—x
wuAns? (4.7) luaunsi (4.6)
(W—s)z +0? :(h—x)2
naunsi (4.1)
h=Ztan(0)

wnuaunsi (4.9) Tuaunsi (4.8)

(\/(Z tan(é’))2 +27° —sz +0? =(Ztan(0) - x)2

S=JxX*+2%-0°
0O?’=x*+272%-5?

NEAUNTN (4.10)

0? =(z tan(6) - )’ —(\/(z tan(0))° +27 - sjz

wnuaLnsy (4.13) Tuaunisi (4.11)

S%=x2+22 {(Zta”(g)_x)z _(W_ST}

(4.14)

We P2=S?2+0%=x*+22

o s?=p? —[(z tan(6)—x)’ —((z tan(0))" +2? - 23\/(2 tan(6))’ +2° —szﬂ
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(4.1)

(4.2)
(4.3)
(4.4)

(4.5)

(4.6)

(4.7)

(4.8)

(4.9)

(4.10)

(4.11)

(4.12)

(4.13)
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P?—(ztan(6)-x)" +(Ztan(6)) +Z°

Z\Ifl(ztan(z9))2+z2
O=+X2+72_52 (4.16)

S =

(4.15)

gﬂ‘ﬁ 4.8 Vertical vision mapping object plane of the orchard geometry model

528EM9TENINAUINUNYTIFDIUURIAUTDIA U NN TN UNUIME A U1 TANUATEOZN S
WNuune AnwiseesriaseninatnuneiedadwazUSeuieou TASI519909bUIR95E1INg
Wnnnsuaznaesazuandlugun 4.8 lunismnuariveindesazgninglussuiunais uay
W18 DI U NP UV BIAULIINISIHANUALLIAT L ULLIUBUAUTZUIUNANE N1SATUAUART
Amunzanyin liAs A duRUS s uIan kL duRnatazid mue ALasan 13U
a & v 9 Ao v oA v o ' v ] = & | P
AAFIUUAUSNT NADINITABLALANINAINANILADIAINITOUDLAUL TN ALAILUIAIVULAL AN
ARAIUUALESLALTBUIING AN UUNTUVRININAINGY NdodwAnzulvedinlunives

YULBWIAT (VFOV) Taganunsaiiansananuduiusseninnuuiamnuenivesdidunlan

aunng

T+M

w(VFOV) = 2tan (TZ) @.17)

4.5 nswlasaun1msaainAans Aaengedsiu (Pinhole model)
TunrsAuI AU LU Ia 1 UYIR L e1INIs1 aeldnased Tadniswauiwazly

o < Y [ a o & o 1%
WUUT1989 300U wanedegunt 4.9 laesunsuveuuudnaedgilunusenaunigseuny
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Whnanefaneruaudndeslufuduieesvosssuiunin ndessnanealdiduiyes Charge

Coupled Device (CCD) Miaansashluldiunmussianaus wu nmdndisd Wudu

P}nhole
L

image plane focal plane object plane

g‘l.l‘ﬁ 4.9 Pinhole camera model for target position estimation
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1957 WmneAunsgndudinlasuueudauansluguil 4.10 (1) wagUsINgUUTEUIUTES
amiwansluzuit 4.10 () Weduiimneifvuiafingivuda sumisveasisuninaanga
fsunldandndiutessuniuasruInresn meNSndILTe A AN TAgaTe
wazlsuAm fMunisazruavesnwinanduaufinigs Tunudadun y waseuiud

o ¥ e ¥

aurewiueIng anuniwenseugunmgnliiduunu x Fwansdassegrinessnineg
AUV NNTIADIIU UNU 2 9NINIULLIRRINAUNTOUNIN S¥EENTENTNNTBUAN
fugaliliaveindes naonIusEeEyiIesEniegalnAaiud1ALYoIIUE1INITT BEUUINY 2
A o S PN v I Y, 5% o ¢
Wieduidmanegidvunannguuds anuean L iWvanefegdudainaveginuniiaud

NABIANLNTARNUALALAE

I—T = I—F — (4.18)
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seglunuadavuidalantudeouin b lusaederugeoatvanslunsounmiufe
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dmiuunu x sreenieseninesnsdeiuidmnedeanansaiinualudnuaeidediule Ty
isv1adindanay ganadagnimualiifanarsweansmenmuesndosdsannisi 4.19 gnld

FnsunsUsranusrazsluianIsmuLLILAY X

X; =><F,E (4.19)
h

p

lnefl X, armeieeidnsgnitandesiuuaidiueamsitussuufidalande X, aue
fnasenitegagudnalsvesnmiuiuvtsvasdmuneiuansdunseunmluiuiuey
AuN159 4.18 wag 4.19 syyivsastegaduegiuladedun Wy MsmnuarIndaay
dndiuveinin anusaUssanasseemdlanvulaensiitvuanmaelae NsEUIUNIINIA
U181998ANTUNTUUAI AUV AN MWD ELiEITUREIVUE IR UYBIAY
gMITAaLAY szggnsduinsvedmaneiainndeagldatunsaouiisusasiuas
Juszeznisasduszuuiidalanls Weondeunisuniaaininguiniuy vunvesingazianas
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wazilonaeudnlnding lnenmazlngtu Iududesasudmunglunisinanueniiiniya
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syninulagldszuuinanin sy Indudesdigesduneiuenainiu wWnesaualag
il mnglusverlng awaiuenanns) dwanslugui 4.10 (n) gndulivumsunin uay
Uszananalagldmatianisussanananimvaty 3ntudassydwisvasdmunedunanwen
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i v
bif N T

(1) Two separate targets on each rubber tree in an uncontrolled

environment of an actual tree orchard

Xim age
Yi
image

Xpa) T Xp.2)

X(p3) + X(p.a)
2

—— P,

Center of image

size of image (Wg, Hg)

(¥) Position of binary image frame (X, y) coordinate systems
gﬂﬁ 4.10 Two separate red targets fixed on each rubber tree and projected

on the image frame

4.6 Camera visual localization using pinhole model technique
INANNTTVRINITINUAVUAINE1INTTT ndeantulingusiluiiioudadann
funisuugan s dunmiiwesasuuiidnlandslanmuansdwesdmiunsineli

1%

soluil

2e
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Localization using
Parameter
pinhole model Description Unit
mapping
technique parameter
The target-camera distance
S S; mm.
parallel to the tree row.
The offset distance between the
O S, mm.
camera and the tree row.
Camera orientation in
0 0 degree
relation to the tree row.
A horizontal field of view
a ay, degree
(HFOV)
w(VFOV) a, A vertical field of view (VFOV) | degree
The height of the target in
2T h; mm.
the world coordinate system.
The distance of the target to
VA L . mm.
the pinhole.
The distance of the target to
X X; mm.
the center of frame.
The height of the floor to
L d, camera in the world mm.
coordinate system.
M H. The wide of the target mm.
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g‘dﬁ 4.11 Horizontal vision mapping object plane of the orchard geometry model

Ce o2 Wey
2 2 2

{hT -l:LF -€0s(0) +
S

T:

-sin(ﬁ)}}
(4.20)

(y(p.2) - y(p.l))

A1 offset distance, S, @ansaAuIulaasaunITRalULl

J2-h -\/LF2+PiZ-LF2 -c0s(20) + P? -cos(20) -2- L. -|P|-sin(20)
2-Vp2) = Yip)

So 4.21)

X X
LAy p—Cen , Jea) We, (4.22)
2 2 2
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31]17; 4.12 Vertical vision mapping object plane of the orchard geometry model

‘J‘U‘ﬁ 4.13 Horizontal

Y

vision mapping object plane of the orchard for orientation.
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(h +Hg)
a, =2tan " (—2—) (4.23)
L
F
hp
sin(d) = (MJ (4.24)
DR
0=sin‘1( Xe =Xy J (4.25)
DR
Ml X, =(X<P3> L) _%)(f ij (4.26)
2 2 2 hpz
g, =(loa, Xea _Vﬁ)[fﬁ] (a.27)
2 hpl
HC = QSetof camera 0 (428)
1 1
o Sy E
- (y(,)_Y(,)) I (y(,)_y(,)) I
ec = QSetof camera — 91N ! o e DR P2 P (429)
\le poon, oy W) (4.30)
2 2 2
p = Jeo We, (4.31)
2 2 2

4.7 n15UTTNIANANINTIN (Image processing)

4.7.1 mseenuuuilmeng (Target) JUnvUINaNdmMTUNMIUTEINANANN
‘LumiaaﬂLLUUEULLUUu’]mmaLﬁmLﬁa‘h’fﬁm%’umﬁﬂszmawamamwﬁ?ul,ﬂmmmzaaﬂ
LLUU‘LuEUufumaﬂauLﬂmmaﬁLmqe‘?iaLﬂuﬁﬁmmsau,sJﬂaaﬂmﬂﬁmaamammﬁam

Flaguit 4.14

JUN 4.14 dnuaizn 15 aULUUT1REIRARIUNE AU NI
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Ye x1 x2
- Target 1 Target 2,
Z vl v2

Image plane R Image plane
720X960 pixel 720X960 pixel

JUN 4.15 dnwagmMsviuEuiLuudRgfaf U iueIm

maaamwuLﬂmmagmmwmmé’agﬂﬁ a.15 \Jun1seenuuunsuszaananian nie v
mmimsqLﬂmmaﬁaLﬂmmew“ﬁﬂa'nﬁ?uﬁaG‘hLLmiqsuaaﬁuEmmiw%q NIEUIUNITIUNIS
UsguananIn %’UmWL‘ﬁugULLUU RGB n&antuUasudunn dmn (grayscale) gavine
waaduninenid (binary) tileszyindmnglafedusnmnnieglndnielna dsldnnsii

[ a

NN (Pixel) vuNuNdvveasmazs1nunelagnnsai g vuIe9nantuiaiuig

(% '
=

fundvnnuniganusnguinsunniuaasideidmineieglnandown nfiaauasnuid
P L A 2 Y& o v w LA a & v
ynnfvuevesiuiianadluiazlnannndesduddudaly Tunuiaiugramsasealuiu
gRNITMARzRUAzagiIiuAuaz 3 wasiludnuaznisugniane defveinisuszuiana
aa s a ° Moo v A o A Ao
AR mingunausUkuuiasinsiwiumsUssinananlddudeu udietiundvnim
WaswdunsiSeuiieuszegindmingegvinainndenduszezvinle weldlunisdu
W1518weTdmSuntsyiuauagliiauwlug iWesinwundvdinisasundas
P P 9 | % a vl A = =
AABALIAIINAN LA AN FURULAINE R IdLUIRARTaINsIdNUvesdv L sYY

I 1% 1 [ ! = I v oa v &
LUU?%EJZSUENT']E’IENVT’N’%’]ﬂLﬂ'miﬂﬁlLUU?%EJ%LV]’]SLGILEJE]LVIEJUﬂUWﬂﬂUUWUIaﬂ



Realtime Simulation of Tracking Control (Binary image)

Elapsed time is 15.491975 seconds.

AR =

328
1020
14388

Elapsed time is 15.695833 seconds.
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Realtime Simulation of Tracking Control (RGB image)

|

X 500
y 1000
A

6

5UN 4.16 M3Uszanananngliuuidmingnay

4.7.2 mseenuuulving (Target) sUkuvuIsiARdmMTUNISUTELIaNAN N

JUN 4.17 nsUszanananmgUwuuidminguuuunslen
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MIPeNKUUULULTRINsUTZIaNavI nUasgUsu U mnenuuusiandudnuaenis
DONLUUNUUNENTAIUAAIEATINUS NHULVBIAULINITT LA8NTURBUNDUNISUTELIANE
ANRANANUNALAIENUT TININTLaAIEYNATAlABNIT threshold N15BBAKUUNIS

Uszanananmguuuudenanduisnisildanunsouenueslidiondeaiinisiniouiinienin

a

wWhunnelagnisuszanannazdianuanunsalunisueniezia As iWivuneflugunweuas

[
[ [

~ | ] & aa 19 ° o a &
HITYEU VDI ACNUNEVIININND Iﬂﬁlﬂ@@ﬂLLUUﬂ']iﬂizil')amaﬂ']Wﬁ']ﬂﬁ‘Uﬂ']u’l YUANI

ee

Pdasallll

4.7.3 m3eenwuulming (Target) sUnuudmngiugnniudmiunsussanananm

Image
Coordinate

Unsharp
2| = mask for =

precessing

I

L —
Find parameter Pinhole camera
geometry
World

Coordinate

gﬂﬁ 4.18 Image processing methods used in the target detection.

image RGB rgb2gray and unsharp

(n) The RGB image frame. (V) The pre-processed image frame.
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image BW

(A) The grayscale image frame. (9) The binary image frame.

Ui 4.19 Image processing methods used in the target detection.

Y

funtsastuanTdnsun s uiiaus o udnvasninisn mussdue 19w
vosdduvesiuennsulndifesudvesdunndeulagseusnn Lﬂmmagﬂamﬁwuﬁw’m
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an1muandeu luguwuuves RGB dulsynevauas-diniuie (255, 0, 0) WWIUU8ELA
LEAnIRIANLLANAIYBI AN ALl g Tieaiulaluan ML AE BT BIEIU TSNS
whnanmwindeuvesaiugnmnazasuulasiumuggnia Whmnedunsfingianuuay
TglunsAamisiimesdmsunisussunusesen1veeing luluuIaewsvIANnTodaIU
2799151 mwsuau{]mmaﬁLLmﬁLLsJﬂ'mﬂﬁ’ugﬂﬁuﬁﬂimﬁmmm Fudundes Logitech C 920
ndestlanunsatuiinddlouvuidealmifinnuaziden 720 x 1280 finwadiedasamsy 30
FPS, yuyaasuiuau (HFOV) 70.42 94 LLazanmJaquLLmé?a (VFOV) 43.30 94A1 Wans
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AduUTENoUALA-TE7-11EUSe Tuanmuandeusseiaselui: Funs 170-255, #3817
50-100 warduniu 50-200 lesananmuawihsanuenmisilaiwiitu cmilasulnenss
Mnduuausidudesiimsusuusadieliannsossytimnglddtu [madansuszanana
awitevilinmandatu Tngl438 Unsharp masking systermn (USM) usiazisuwasinloriu
wAnuuUSvalngl faduissniudenfivanuaudarosnin fn1suasundasily
HosUftRnauazaninuIndonvasaugnsegnannan semnt utaznmisdsedun
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Ay 5 ¢
;}ﬁ.‘; 5‘/ Second target ;g\gq?tﬂ_
20 de—

So 2w B

Cross mark drawn

on the floor

g‘lJ‘ﬁ 4.20 Experimental layout used during laboratory testing
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Diameter 55 mm. Zoom view of

Diameter]1 25 mm separate red targets

ﬁ/ 125 mm.
M=100 mm. T
R R

i R

) SR
(n) Tree trunk mockup (V) Tree trunk mockup testing area

in the laboratory
g‘dﬁ 4.21 Testing area using world coordinate in the laboratory.
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4.9 AN9BNLUUNITNAADIIUAIUBIINIT

4.9.1 N1599NUUUIABUTUNNUAUVDIBTUNIRULTUEINYIINIS

LN N R

gﬂﬁ 4.22 Orchard experimental setup in the orchard
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MINALITEEENN 0.2 LWAT AUEWMTIHAAAURAATKUTaEALAERHY Aakandlugun
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4.9.2 158571900 UAIRULI9INS)

nseanwuuidmneduaaiieldlunisfiaaslivuiumiavessinfug e suansiagun 4.23

The metal

plate (upper).

g‘lJ‘ﬁ 4.23 Example installation of metal plates on rubber tree trunks

~ ~ A o I o ° = A P ) v
n1snaaenkanslusun 4.24 teinadnuuiug1veseuudinie dungidesiunisldng
USLUIaNANTNLALITVIADAVDIEI UL NS NI UL S US DB UATULPA DU M L UTTR LY

e‘l’ ldy ) v a & 6 o = dy )
a9 n1eassillddusgiunisldmaluladiduweslunisiinig n1sd@nwiiinis
Wisuiiguseninansveaesuraslfuinisiun1smaaedduaiugIanisnase Nsveassay
wiulufenuannsalunisiedeunuunieiiu wasladensusniiniuaulawazaiuaulale
WU USunaumsiwas lihduay an twiuAuns1ussukaslda@inals wasAI1unsIvaIny

YNNI

(M) Rubber tree trunks for actual testing (¥) Trunk mockup for testing in the

laboratory

g‘l.lﬁ 4.24 Red targets installed on each rubber tree trunk for testing.
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4.10 N1FBINUUUITUUAIUANLUUNLARA (PID Controller)
ludiutiagnanieimuuiiled loalsusiuastiauesnannIsnugIuYeIRInIuaL
filofindinnuuaznanianiseeniuumauauiilefdmiunsauauiionaaaun1siuNg

~
Pluarue19anns

4.10.1 @UUTENDUYDILININULIAZDU

(n)

(%)

5UN 4.25 (n) dhudszneulassaiadnveseunvuednluiidmiunaaey

() dUUTENBUVDIYAAIUANTYDILIUN UL SR LUTRG MTUNAdoU
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nnseenLuUIUNIuEsnlusiidniunaasuiiielddmiunisnaas uiilonaaey
Uszansnmwesnsimslumuensyndsinmeaouiadosiiveseumnmuyluuuivunudy
LaLvesdug s lnelidulszneudagud 4.25 Faudazdruuszneuiuiifsesuie
soluil

1. ndoaduuan (C920) vimihfisunmileifieltlunsuszanananin

2. Wuldaiaes (Encoder) vivthillddmiuinyunismyuvesndeaiisufuuuiuan
YDIAIUYDIL NI

3. naeIAUANMAN vihiimuaNszuLTeINsTuldouves U ML SAlTR

4. DC wawe$ vinhildsrinddlsitugndetuindouresummusiadouasamn

5. finauszuenmdeu vvihiszuienradeulunaeaniunuman

6. apmuiunzIy Yimihilddmiuindeufivassumvusuuiudy

7. Wiring main vesyaanglslimuau imihiiduadosevesynanglniiiaiuau
LAZUINEIIYYDITLUUAIUAL

8. Motor driver iwthitdwiuauauanuiives DC wawnosdmiuldiduduigs
dmdugpduindeumenufungy

9. wunined iwihil Wuundsfuuaznendanuliinielddmivunasaneliidy
YAAIUA

10. Controller (myRIO) iwthillfuasedniumuaudsnisvesnisniuaumes
gUNINULSMLUIR

4.10.2 vinmsuaglassasiesiiniuauilen
lassaemmuguitlofidenldesdsuuvuruudoanddugui 3.1 mszd Ussansamly
msmuauldluninasilassaireilidudou ilraunsoeenuuudnenesnunuls
vanma1sisaugaUszasdveanisaruay ualilounluldlumslfURdnJuiiazfosinng
daudaslassairanionafindanuannsoliidauauiiled Wesessunisldanlums
UFtRnuqauszasdvesnsnua fMeuauiileffiugiuanasauansldfannisi (4-33)

uay (4-34) uazuanaduvdenlaesunsudsgy 4.26

k d, (t
u(t) = k,e(t) +k; { e(t)dt +k, df() (4.32)
U(s) K,

et) =S, () - y(t) (4.35)
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e Sy (t) Ao dayey1eudn98aueInITAIUAY, y(b) AL WINAYRITEUUTIQNATUAN WAy
e(t) AoA1A HANaIAUsEAINaA19TBINITAIUANTUTUBUNATDIFIAIUANLUUR LA Lne
mmmuﬂaéﬁLLﬂsmaaﬁ’JMUQuaamﬂu 3 LU éﬁ’qgﬂﬁ 4.28 f4il K, Wudnsveevadsa

= <3 [ LY [~ (v LY a d!
AuAudl, K Wudnsiverevessinivaule war K, 1Tudns19818v09f9AUANRA 3
AUNNIBUDIFT  LUIVI 3 WUUAD AwUsh (P) unsfisdndiu (Proportional) Toefiansan
ArruAanatniiinduluvasidu dauwdslo (1) wuneis dufinda (Integral) azansadn
HATINYBIANAINRANA A LULAAZEIIAT WazAIwUsh (D) nuneds ayus (Derivative) g

NITUINTHUALULUAIVDIAIANURANAINADIATNINTUINIANNITA 4.33

Plx,y] P(x.y)

Get data from Camera visual

Pinhole camera
image ! ™ localization by
. model
processing. mapping model|

Camera

5UT 4.26 famuau PID Luuawudniun1smuANg Ui 8nluln

= s

dmiunisuiuaimsiitnesvesiintunuussianitlefgnuuziilaeizdinass-dlaad
(Ziegler-Nichols Method) 1ilasanniduisiumungdmsussuuiiinisnovaussiineudnedi

Y Aa A Ao ' & @ aa ! a &
LLaﬂimﬂﬂUigUUmﬂJLﬁﬂUﬁﬂqwsﬂmgﬂﬂﬂlﬂﬂﬂqiﬂalﬂuLWWUULUU?ﬁﬂWiﬁW@WW’]ﬁ’]ﬂJLfﬂ@ﬂ;@ﬂ

[ a

MN150U1NNANBUANDIVRITEUUADd Y B unmuuuileandutudule asld38n150ou

[ Ag]

a v o

Foyeurauduneuuududulalyiunszuiunts wastufinNanauaueIuBINITEUIUNITAILA

% v

SUALIUNANDUAUBIUIGAN 1A

iduduAaRda U e

y0

‘ Time sec

E‘Uﬁ 4.27 HNanUaUNYBINTTUIUNIT
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anansadu R A91naunts 4.36 Buanianumvsnemnuenesasgun 4.27

1-y0
R= = It (4.34)
control signal value

v
ada s

N1399NLUUEATIVE18A875TNINB5-1lAa (Ziegler-Nichols’s Method) 35Hagiansanay

£
= [y a

NARDUAUDILUUTUY 1AAI9AIIVE18N aRFITUAUNITINNDSUDI 55UV DILALAAILIAN

U539 L hazaAnuduvamanauausdfanisiines R Aan1s1en 4.2

M1319% 4.2 MIANITRDTVBIIAIUANMIEISTNART-LlAad (Ziegler-Nichols Method)

AAUAY Ke Ki Ky
P 1/RL - -
Pl 0.9/RL K, /3.3L -
PID 1.2/RL Kp /2L 05K, L

ludiuresnisnaassiazeaniuulienagoulsed@nsnInaeenis ﬂ?UﬂNi%EJSSUENW’]iWﬁLG]@%
aada 1

S, wuteanidu 2 diu Ae NMsvaaemATRmesveiAIUALLULTlERMEITTINaeS-

ilmad (Ziegler-Nichols Method) kaN13NARBIAIUANTEUUAIEAIAIUALLUUNLDR

M13199 4.3 MdiwesvesianuANLUUte (PID)

AIAIUAY K, K, K,

PID 0.32 - -

4.10.3 nseanukuulusunsudmiunagou
nseanuuulusunsudmsunaaaulagldlusinsy LabVIEW LieniuussuutulAaouds
nsneasIfenaldssuunsiuaun iiaudulaeyaiuluinisndeunluwuinsslunis

= = = = A a ) =
LARDUNIUAINYIINTTIDIFULUUNITARBUNTNNTALAAIAIUKUAINTUT 4.29 Laenns
ponuuulysunsuieldlunnaaeuiidosdiufodrunnis Front panel tieldlunistiou
AMNNTILLADTIEY TINDINTUAAIAN UL ANREE dIUTIED9AD Block diagram teldd1miunis

WeulUshASUUTEUIANANIN AL ldaduNITUBINITYNLHUNDUTZU MA@ NS UNISUINNG
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Particle Measurements (Pixels)

DLl
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izl

132 i
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1o True t-

| ——
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e
=

Vpixel
Vpixel=y2-y1;
Kpixel=x2+x;

A=AngleSetCamers;

Ttarget = abs{((focallength * Ocfset) / (Ypixel)));
Ntarget = abs(((((Xpixel) / 2) - (Rmax / 2)) * Ztarget] / focallength];

Ypixelfar=yd-y3;
Xpixefar=x3+xd;

Ztargetfar=((focallength* Oofset )/ (Ypixelfar));
Ntargetfar=abs({({(Xpixelfar) /2)- (Rmax/2)) Ztargetfar) focallength];

CameraActual=asin(abs(Xtargetfar-Xtarget)/3000);
zetal=CameraActual*(57.2957795);

zeta = (zetal” pi) / 180

Htarget

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

lengthtarget] = Ztarget
5 = abs((((Xtarget #2 + 2% A2)- “tan(zeta)) - Xtarget) "2 +
p = sqri(Xtarget *2 « Ztarget)

O = abs(sqrt(abs(p*2 - § ~2)))

ZataCAR=AngleSetCamera-zetal;

Zeta of CAM

1 Actual pesition(mm.) 1
& #@ = I
b e ey
feomn e Ty 0
I I s 'l I
1. | Fif(F==1) AT
| I {A00=2; (L sample) I
| | e A0L=2} | [P a/A00 in2 1
B £ s
| [ oy l
1 Reference(mm.) 2 i :l 5;01:3;3 1
o

I , Reference(mm.) II else ifL==1) "‘j’ I
| [ HAOOZZ. (01| Analog output |
= Il = AO1=3:} aasg?" t;luejp; I

e o e o o o e e e e e e e - o
I ?Kgéf_(?::u P A/AG (Pind I
1 r]Acn:z;S 1
I e vl 1
g I @ ...... ..... E;, AOl:z.S;'} I
Stop Button-ontrol My ————————————————————.I

A

time(s)-control My 2

U 4.30 Block diagram veslusunsumaaey (se)

91n3U# 4.30 Ieudaludruveanisimurlusunsulagld LabviEw Fadpuiduguuuy
Block diagram @auvaustadostsil

A #lo Vision Acquisition Tdmsunisienndeaiusaudisiedniu controller

B i@ IMAQ Color Threshold VI M3uUain1muasgunin RGB vive HSL

C fio Arrays and Clusters 18un15uta Arrays 9095auUs71Re08n9InAWwUU real time

D 9 IMAQ Overlay Rectangle VI aa3dunus (xy) naradvuneduns P1 ﬁagﬂﬁ 4.8

E A9 IMAQ Overlay Rectangle VI Ua9@nunis (xy) naradimuneduag P3 ﬁagﬂﬁ 4.8

F A9 IMAQ Overlay Rectangle VI U89auus (xy) naradnuneduns Pa éfﬂgﬂﬁ 4.8



G fio IMAQ Overlay Rectangle VI U098L#ts (x,y) nansilvnedung P2 é’qgﬂﬁ 4.8
H A @uUs input

| Ao MathScript Node Tdd@msuiseinanavasluma mapping

J A9 @uUs output

K fi@ PID controller

L fi® Manual control dwsuaruANeueudsnlulia
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HansVRRBLaEINIinanmeaedtasuatuitenudunoulunside deludl

5.1 wan1svaasdvesauwsiuglunsseyuveandes Tunsviusuilaglinng
Uszanananisnimiisuiunisiadaoiduldaines (Encoden) nagaunainadoues
WIRDS X, WAz L, ﬁé’uﬁuéﬁuguﬂﬁaqﬁaﬂﬁy’q

5.2 Wan13nnaeIUszsiiuadiuniug1veanisiiines X, waz L tagldnis
Uszananan1anmsuiungusdu (Pinhole model)

5.3 wan1inaaedusziiiuauuiudivesmsidnes s, uaz S lagldnns
Usga3anan 19 meIuiunguisdu (Pinhole model) Lﬁ'aagmﬂé’aqﬁmsm?{auuﬂaqsﬁum

5.4 wanmsnaaesmLduTuSTeITlmes S, uay s, vuituiieaeu Tagldns
Uszaananunmsiuiung ey (Pinhole model) lutesufiRnisuagluaiugnansn

5.5 HamInAaeuUsEANSAM (performance) va3nsviunui Turfes§oAns waz
AIULNNIT

5.6 N15MARRIMIAIAINLNLENAUYBINITIEYTYELUDIMNITTNDS L uas X, LU
Vol uRng

5.7 mssvesasulvunediasnoianaindinasonsiinos X,
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v aa 1

5.8 AnuduiusvesnsisnsBsmesundes o iRanefiianaIndwanonI
wiugvemnsinesflddmsunisting s, uae s,

5.9 AMUAUNUSV0ITEEEN1TUGNAINLUILGT (D,) kagn151dinesseyal
28958 (9)

5.1 nan1MaavaInuwiug lun1sszyyuvandas lun1svitunuinlagly
= [ v Yy < 1% 4
N15UTZUIANANINNINNBUAUNITINAYLIULAALAD S (Encoder) wazA31dAan
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ANNNBIVBINADITLMINTANLARNIAIFUT 5.1(n) iielianunsansaiuddusanisldlng
Ngnogi 6-10 wns IneiduyuneiagaunsaUusingnInaRue1 NI SIUILNTIAIN TIN5
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g‘l.l‘ﬁ 5.1 (n)Horizontal vision mapping (V)Vertical vision mapping
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-

de Edt View Inset Tools Desktop Window Help

1gde| kN

STOP SYSTEM

etinfo (X, ) Pocel Valoe

L09R4-a/08(=0

image RGB

~

Fle Edt View Projct Openste T =
200 1

Reset Counter

Length Target Ypixel(pixgl):181
Length Target Xpixel(pixgl.):486
Ang?ec '-gn.ofl g )
S(mm 8

o

Simm,) Ofmm) Frame Rate of Camera
I 200546

YAW2 = ‘ J LJ
4050z | Cmacimege  Rmavimage focallength Oofset
3750-] g0 g0 g63 970
3500~ |
3250~ time(s)-Compass Yaw Cal
3000 112.86 140
2750+ ‘ .
]| ale) Gjronceps E ‘A;gk(lmﬂrManwl Set
250 112.86 v
2000~ |
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1000 time(s)-control My 2 A: ~ S
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| 112.995
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3794 |
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seom) [~ |

ommy [~ I

e

UMl 5.2 11n1snaaeulagnSaaULTg ULHYBINTUTEINMMENTUTELIANANNAN
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A13199 5.1 WAAIHANITNAFBULAYNTADULNEULNVRINTITUTEUIUMENITUTEUIARANS

neuiudulaaaas (Encoder)

ENCODER CAM ERROR
%ERROR
(DEGREE) (DEGREE) (DEGREE)
1 1.13 0.13 13.00
2 2.34 0.34 17.00
3 3.21 0.21 7.00
a4 4.21 0.21 5.25
5 5.04 0.04 0.80
6 6.34 0.34 5.67
7 8.26 1.26 18.00
8 8.30 0.30 3.75
9 9.36 0.36 4.00
10 10.42 0.42 4.20
11 12.79 1.79 16.27
12 13.52 1.52 12.67
13 13.52 0.52 4.00
14 14.84 0.84 6.00
15 15.78 0.78 5.20
16 16.88 0.88 5.50
17 17.80 0.80 471
18 19.13 1.13 6.28
19 20.77 177 9.32
20 21.34 1.34 6.70
21 22.72 1.72 8.19
22 23.53 1.53 6.95
23 24.15 1.15 5.00
24 25.39 1.39 5.79
25 25.53 0.53 2.12
26 25.87 -0.13 -0.50
27 27.96 0.96 3.56
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ENCODER CAM ERROR
%ERROR
(DEGREE) (DEGREE) (DEGREE)
28 29.25 1.25 4.46
29 31.77 277 9.55
30 32.11 2.11 7.03
35
30
T 2
3
% 20
8 15 — — ENCODER(DEGREE)
&=
g_ 0 — CAM(DEGREE)
®

0 2 4 6 8 10 12 14 16 1B 20 22 24 26 28 30 32 34 36

uuADULIILU (24A7)

5U# 5.3 nsrinsvaaeulagnsaeuLiieusaeInsUTEINMMENTUTEINANaN I NIEY

futdulaaiaas (Encoder)

nnmsiivdeyadsnseil 5.1 mafuAgudmiunaaeuauustiugvesnsUszanalasld
ﬂé’mLﬁanzmmgmmﬂé’m (0)LﬁﬂUﬂé’ULLmLLmﬁuadmumqumé’ﬂgﬂﬁ 5.1 (n) %ﬂym
fananduyaitedeanduuiieluusesesndesansonondiuddusanldivanzas
Fayuweandesananidiesorunmusiinsiadeufinnuuuinn fagiliyweandes o, 3
maAsuudasluidlefsusugundesiidsly (o) Tnsnsmaaoudsmsns 5.1 iunsveaen
anuwsiudlumsszyindewhuufuuuiuadsnuddeliinsldnudueeslunsszyns
myurasfsaldnmsUszanaanisnisUssinanannanin nisaassldvagouyuTIaLe 1
fl9 30 91 BawanismaassszUUNMTUTTINAlagldNTUTTINaNaN A AN TAUSE AL
yosndesiiAndedidudvesauiianarnaduegi 6.92 % weweuiuiduldnnes (Encoder)
TnoilAnnnuiianaingean 2.77 esm wazAmANMRaNantosdign 0.04 oern lasiyuves
msvgundessanarnfumsfmeiidifydeanauideneuntiinisindinisvyuves
grunmugliiduges vaduiadmiunTInNISUYUTEIUNINUE NAIINNITNABBINTS

Uszunalaenisuseunananisninaziiulainaianuianaiaties atuisauilulalunis

Usgananintinnisveseuniviugle
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5.2 Han15NnaaUssIiuAuLdUg1vDINIsIANeS X, waz L lagldnns

UsZ8RAN1NINIWAUNG 83103 (Pinhole model)

——Target length 0.7 m.(Z-direction) —=Target length 0.5 m.(Z-direction) —~Target length 0.3 m.(Z-direction)
Target length 0.7 m.(X-direction)—-Target length 0.5 m.(X-direction)—e-Target length 0.3 m.(X-direction)

n N w
o [$3] o

Uncertainty (mm.)
5 &

5000 4500 4000 3500 3000 2500 2000 1500 1000
Distance (mm.)

JUN 5.4 nsuansadliuiueu (uncertainty) 89 X, -direction uag L, -direction

Jeuyyavonl1ning (target length) 0.7, 0.5 and 0.3 LUAS

3n3U9N 5.4 n15UsEUIMA1IAN UL YLD Y (uncertainty) UBNTIAIUNARUYD S
AUANNNTO I UNITVINTIVBINITIN Imamiﬁ’uﬁﬂmmﬁmwiqaqmLLazﬁwqmm%amwmﬂu
miizqmmmhmﬁuau NINARBININAILANAZOUN Seuzritsvatlnnunedung (target
length) 917U 3 Srurdeseurilldonyinnsnaae UtUldan walgpINISNIALIINISIUSIIONEN
P a o a v ! ) a a Vo &
fuanisinsadrdnnazfaalilunsenuiunisnsnennisnasaesladenssesnaaaude 0.7,
0.5 war 0.3 a3 nuaAtAndliwiveugluszeenenlnangaanidvung Wendeadilng
e enwldudueumaniifanas Wesninmssuivesndesluszegnailnaninazdma
Trvuran it rungdnas dnd1uv9TaRANaIAYRININTIdINanDN1sUTEIUAINa1 LA

a ' a a a | ' P al
YINRANITNAADINTTE L1Vt lmunedunin 0.3 wnsiiaiauliiuueuuinfigaiiie

1a ¥
Wwnegegfissezlnaainndes
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% ERROR OF L,

5.00
4.00
3.00

2.00

ERROR(%)

1.00

0.00
5000.00 4500.00 4000.00 3500.00 3000.00 2500.00 2000.00 1500.00 1000.00

Distance (mm.)
—Target length 0.7 m.(Z-direction) Target length 0.5 m.(Z-direction) Target length 0.3 m.(Z-direction)

JUN 5.5 nsmluanalesidudiauiianain (percent error) 489 L, -direction 1 s¥g¥ing

YoaLU1918 (target length) 0.7, 0.5 and 0.3 LUAS

% ERROR OF X,

80.00
70.00
60.00
50.00
40.00
30.00

20.00 /

10.00

ERROR(%)

0.00
5000.00 4500.00 4000.00 3500.00 3000.00 2500.00 2000.00 1500.00 1000.00

Distance (mm.)
—-Target length 0.7 m.(X-direction) - Target length 0.5 m.(X-direction) ——Target length 0.3 m.(X-direction)

JUN 5.6 nyvuanaUasidudmnuRanaln (percent error) Y89 X, -direction 91 S8z

YoaU19ne (target length) 0.7, 0.5 and 0.3 LUAS

91n3U7 5.5 Uag 5.6 wanans1losiduRmuRianain (percent error) U89 X, -direction
. . A a ¢ o ' < a sl
wag L, -direction lngimsfiweiminarinlunsilnesngnuszanaainnsuszaiananis

mWLLazLLUaaImsﬂsi’fmeTﬁamgL%u (Pinhole camera model) wanuUasiuRTaRANaIAUD
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X, wag L, Alesuainnsvaassnsyiunud agiulaindeiianatn L dutesuin wazl
AMUAGIEARITUNADATWNITNAADU LUBIINTIY X, haz L, Aialagauinnmidaiiy

Y a

g1 U1Me h SEuziieTEnIenassiuLliming FodudeRananndenainssnudadou
yosnmRanaald egglsinm dwsuan X, Wesifuddefianainazainninuin lnglams
ogsBailoszavvinsvesndeseysous Yrananauaninanndumadmneluniw endes
wdoudlndidmnennty sumiwendmngazirennduniwewsuludidndunis
s9UTanas suvisveatmnegeglndfugud nanasudadugndnedavesnsin x, e
i X, frwadnasdwaliivesidudvesdefianainiiutunazdnuszn1sdenmiliindu
L{]'mmaﬁLLmﬁgqaaaagju‘%L’;mﬂuawaaLWiumws‘fiqLﬁmé’ﬂwmzmaqqua‘lﬁﬁa (distortion)
Weswnwfinvevaudndeuatdgmsenandiasansadululdannanisnaasiding
ansaih s lunmsahausuildgansvhanusidumusmingesnuuvaunsavaivedd

Ranatndleuse nsvimslunuinaidanunsarduldle

image RGB

Length Target Ypixel(pixel):568
Length Target Xpixel(pixel.):1265|4
AngleCam:30.02
S(mm.):788
O(mm.):448

sUN 5.7 nmmimveasadlendesdninaidvne
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5.3 Wan1snaassussifiuanunidugivasnisdnes s, waz s, lagldnns
UT2UHNANINNINIINAUNGB] 3104 (Pinhole model) tiiayunaaidinis

WasuUasduag

- P

1} ~ -
L e s

.3 AT~

A
- TN

o '—"rta‘a--o:-
- 4 .

g A
' e aiesd
¢ o " R TR 1‘
X, -~ AETe T
P - o
[ A Bas
. “,. 2 »

>

JUM 5.9 N 1F79E19N15NAGRINNREDY -5 B3FN
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A15199 5.2 LAAINANISNAADIY 1 aB9USEANTAINUDINITHILNUTLLDNABD LAY

AANALAARULUNANIITUAY O BIAN

- Maximum | Average
FYALLIYANIT - . RMS error Standard
NIIULRDI error error
NAHaU (mm.) deviation
(mm.) (mm.)
The angle error
is 0 degree and S, 31.00 6.19 13.76 2.52
separate targets
's 700 mm. s, 20.00 0.71 18.14 0.71

(Orchard testing)

a Ql' a a o A Yy dll
A1919N 5.3 LEAINANITNAQDIN 2 ‘Uigﬁmﬁﬂqw%@ﬂﬂqimquwuwLﬂJaﬂﬁ@ﬂﬂJﬂ’ﬂﬂﬂaqﬂLﬂa@iﬂu

a g
NANNYU +5 BIFAN

o Maximum | Average
JNYALLBYANIT - o RMS error Standard
NIFULADI error error
NAFaU (mm.) deviation
(mm.) (mm.)
The positive
angle error is 5 So 83.00 7.90 29.43 5.81
degree and
separate targets
is 700 mm. S, 16.00 -10.52 22.26 0.76

(Orchard testing)
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A15199 5.4 LEAAINANISNAADIN 3 UTEANSAINUDINISYIBEUAEIaNaaIdlaNuAaInLAZ DUl

YEANINAY -5 BIFN

- Maximum Average
FYALLDYANIT - . RMS error Standard
WIIULNDI error error
NAHaU (mm.) deviation
(mm.) (mm.)

The negative
angle error is 5 So 38.00 243 20.95 4.26

degree and

separate targets

< 700 mm. S, 21.00 -10.19 20.36 0.54

(Orchard testing)

1nN1SNABBINTITUTELIUAIUUU UG 1Y IN51TN DS So e ST Taglan1sUsyananania

Ansauiungudsidu (Pinhole model) Inensnaassdenaiifie llseruninueiinis

[
a A a

LARDUNANULUILAD LAULADNVNAFBUSLELAILA 1 D9 5 bUAT TI8NWULNUNDTINUAWluaIY
' a o & Y a =~ 8 v a ¢ A W a a
g19n151bs1US8U N1sneaeedludesiinisneasualdnisnimasiiainussansninuea
° a oA Y & % A ) a a P
nMsvhukueyundasdinsiafeuivuasiloneanvuzg dussnaluaiug19mnsass lagls

o o

MN1INARBIN 1 AByUABWILY 0 BIANTUIUAUTUFAY N1TNARBIN 2 ADNFDIVIYNWY +5

)

(% '
& a =

BIFNAULIVUUAUNUAY WaEN1TNAAIT 3 Aandeevinyuny 5 asrnfunuTiuiuAy
Tnem15197 5.2 %agmné’mﬁmuﬁ’uﬁu 0 93A1 lagnrsnadauldatinung (separate
targets) 700 fiadwns dududmnefifinnuaansowenuegluszeylnaldffigaanuanis
NARBINBUNTIRINGT HAYBINITANYIANURANAIAVBINITITINEBS S, Tun1sMaaesf 1
lonan1smeassfe daruAuRANAINgEn (Maximum Error) iU 31 fadluns uagen
ANAANALARE RS @0 0aaE (Root mean square error, RMS) 111AU 13.76 Hadluns N3
naaeed 2 ldnanisnaassfe 1AUANURANAIAFIEA (Maximum Error) 111y 83
fadluns wazAIPINARIALAARURNSI@0 Al (Root mean square error, RMS) 111U
29.43 fadun uazmInaaesd 3 ldnanmmnassfe fnnunruRanaIngsan (Maximum
Error) winfiu 38 fadluns wazArruAaInwmAsuiddenads (Root mean square error,
RMS) t11AU 20.95 Haaiuns maﬂ'ﬁmaaqﬁaaﬁumﬁmaaqLLamﬁlﬁLﬁu'jmmamé’aaﬁlﬁ
suutuilanvesnsvaassii 2 uay nsneaesd 3 deufianain RMS dawfieufunded

aaa

- 1A = a
A1INATDIN 1 E)%'V]‘Ui%ll']m 11.43 UAALUAT AT NAYDINITANEIAITUNANRINUD
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wsfees s lunismaaesd 1 lenanisveassie fimnuanuRanaingega (Maximum
Error) Wi 20 Sadluns wazAImuAaInnaouinddeuads (Root mean square error,
RMS) Wity 18.14 fiadluns nsvnaesil 2 lénanismaassie finnuanuianaingsgn
(Maximum Error) WU 16 fadmns wagAnuaainLadeuidsaediade (Root mean
square error, RMS) iU 22.26 Taduns warn1svaaesi 3 linanisveassde fau
ANuAamaIngega (Maximum Error) Winfu 21 fadiums wazAauaanadeuiidsass
Wit (Root mean square error, RMS) 111U 20.36 Ja8kuns mamimamﬁ%ammimam
wandlidiuinuueandesilivuufuiiulanveanisnnaesd 2 uay nsnaaesd 3 A
Aevann RMS Wewfleuiundesiinismeaesd 1 egiuszann 3.17 fadiuns JuiflevAini

a 1 a e v ) Y o [y o Y o [ o a 1%
wmwmmumamemmwaL‘Uulﬂlmmmumimlﬂ‘lsummuﬂwsmmﬂumumqumsﬂm

5.4 NAN1SNINABIANUGUNUSYDS S, waz S, wWisdnasuuiuinagay 1aaly
N3UTLUIDNANINNINIINAUNG B30 (Pinhole model) Tuiasufjifin1suas

FUYININIT

The error of laboratory testing
(The Separated red targets are high (hT) 500 mm.)

mm.

Navigation
I
S
)

Magnitude

“"**<'~TT.-4X4.—;>00
,ﬁ(-~1r";}oa 3}00 3600 3800
g 92

2800 300

\
Yo 2600
1600 1800 29%° 2200 2400
1200 1400

1000 Ky T(m m.)

(N) The two red targets (h, ) separated by 500 mm.
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The error of laboratory testing
(The Separated red targets are high (hT) 700 mm.)

mm.

100 100

Navigation Error(mm.)

Magnitude

2800 4000
oo 3400 3600

3
2800 3000

2400 2600

2000 2200

ST (mm.)

1600 1800
1000 1200 14600

(9) The two red targets (h. ) separated by 700 mm.

gﬂﬁ 5.10 The magnitude of error in area testing for controlled environment

(Laboratory testing) (s19)

[ !
= = |4

PNAUNINITENTUNITH MR UANRAUITY F99NFS19INLIVIALAVDIFIUIINITT AT

Y

= = 1 1% a ¢ v a dogva v a o v v v sw
Wisuiileudielvianunsaiiasentaduasaiviliindeianainvesnsiunuila naawsas
wanglugu 5.10 uazgu? 5.11 wanslsganiamvesdaneisunisuseanananinlun1si
WHUNAIUE1INITY TnenisiUSeuiisuysganininvesssuuluiesufiiniswasluaiu
8139N151934 iuldagdnlauindeianainvesszuudanassunisuszauiananindaiy
v o o &4 ° 2 & A P a a |
wanA1IA U UANAaeu taen1smuuaduiunnagauiiiayssiiuianainlneniswus

<

Nunnaaausanduiiansa (Grid Coordinates) TUNUNAIDE1Y WALTORANAINUDILAAY

a

Aunaiuiideianatauanslugun 510 wazgud 511 wandliiiuwuilduvesainiiy
N & A v Y a & v oA

Anataluiiuinagey Lazsiuteyaaingadelianain 46 yaluiiunnaauniegeme 4.4
M1319405 FUIRTesAIAURanaInaziandunsandflaelinisdimesunu S, S,
wazunuteRANa1IAgUT 5.10 wansuuInvesdeRananluntsnageudsuundunuiidmsu
anmuIndenninisauay (Maaeuluviesujiinig anuaswesdmvung (The two red
targets separated (h, )) A9 500 ladluns way 700 Haawas ANEIFUNTINNUNTIRANAIR

[y

Aa a I Ay a a al'
NUANYUSLIYULLERIINUVDNANEINNAIN
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The error of orchard testing
(The Separated red targets are high (hT) 500 mm.)

S mm.
§ 250
E 250
.
L
L‘q 150
g 50 200
illﬂﬂ
.E 150
=
= E
200 5,
=]
100 =
50
S _ (mm,
0( ) . vw 2e00 2800 3000 3200 3400 3sop 3800 4000 0
) 1000 1200 1400 1600 1800 2000 3200 < -
S, (mm.)
T
(n) The two red targets (h, ) at a height of 500 mm.
The error of orchard testing
-~ (The Separated red targets are high (hT) 700 mm.) mm.
g 250
E 150
g
-
E 150 200
2
_Eo 1100
§ 150 .2
- E
‘s
&0
=
100 =
50
S (mm,
0( g sop 2800 3000 3200 400 3600 3300 S 0

500 2200 2400
1600 1800 2000
1000 1200 1460
ST (mm.)

(¥) The two red targets (h, ) separated by 700 mm.
gﬂ‘ﬁ 5.11 The magnitude of error in area testing for controlled environment

(Orchard testing)

yuavasdeianataunnanafulumusudinsainsiuau 46 dumis Tuftuiinaaeu e
pugsvetdmunedu 700 Sadwns ﬂ'wmfmﬁmwmmﬁﬁaﬂﬂ'j'u,ﬁaﬂ'amajwaaLﬂmmalﬁu
500 fadiuns fauansluguil 5.10n) way 5.10) ANEIRU n1snaaesLandlsiiuinly
anmundendisinngmunu (Minaaeuluiesfiinng) ddnvaurvesdmnuianain
vousulddmsunslddmsunsvunud Tnensmeassuiouiisuiunismeassluaiuens

PFaieuansiladesine dwadeszuunmshunuiningn lngn1smeassdsgui 5.11 uana
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4 1
A A

NuidoRanandmivanmuadeuiliamsaniuauld (Msvadeuaiuemng) daaanu
HANSIAT1UIY 46 A1UNUe TYUIAYBIAIAIUHANAIAKANAIIIINVBINITNARDI LY
vieaufiAnng fauandluzuil 5.11(n) uaz 5.11() AanuAawarauaniaiululuusiazqedn
Tuanmwandouitlisiniseunn Jafendniliiudeianarnfeaninuasiliiadosludisoa

7199 HaansaenAdesiunITaaesluiesuUiinis defianainedunnTuilionInugaved

a

Wmanefie 500 fadwns wazlivwiadnaudeniiugesdimunefa 700 daduns iy
TaRana1nd 1 nsunisiinielesldszuuuszutanan nuwanalmiuin NSy wNunndl
Usrangam iasandan muasnunneneiuilaiguiuan mkinaeunidnIsAIuAL AueN
a d‘ Q’.JI 1 d‘ % v v d! 1 v dl v
eiuldnsafiesndnvaenenenmvesiuliivasdslianuisaavaula Tuvaenauy
g19n15 179180 luiesUjuiRn s tuiaunsadesainlagnasisunainvenaiadn
W58 ST LARIUTEANTAIMVBIITNTIUHUNADAILARIAATEUEIGAKA AIATY

AANALAADUNAIADIRRY

5.5 NaN1MAaaUUsEANSAIN (performance) Yaen159HUNTuRU URNS

AT IUYIININ

A159991 5.5 uansnani1snaaedlunaslfuinisvesenanuiananlugEaia

Minimu Standard
Maximum RMS Mean of
N | m error deviation
error (mm.) | (mm.) error(mm.)
(mm.) of error
The separate
targets is 500 mm.
64 5.73 100.26 43.06 38.34 19.75
(Laboratory
testing)
The separate
targets is 700 mm.
64 3.86 55.55 32.42 29.77 12.93
(Laboratory
testing)
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120.00
100.26
100.00
g 80.00
g ® The separate targets is 500 mm.
2 60.00 (Laboratory testing)
o 43.06 ® The separate targets is 700 mm.
‘g 40.00 32.42 (Laboratory testing)
(%]
20.00
0.00

Maximum error (mm.) RMS (mm.)

g‘d‘ﬁ 5.12 Mapping performance results in laboratory testing.

UszAnSamvesssuuikuiinandlugun 5.12 ssydndlendesedlnaanidmunenaaauiia
PaRana1uInTuilaseuiiisuiudlienaeseglnalimineg luaninuindeuniinisaiuny
Woaufuinistetianatnlunisiiunuiuulosnintuanimuwindeuilidiinisaiunun doq

44' | a a o = o Y Aa
waeulUnuLAY azA1 RMS vaslszdnSninnisyiunuiilagldnisnaaeuaninwindound
N15AUAN ANE1ITENIINTIMNENIEDN 500 Tadiuns waz 700 Tadiuns TaAy
LANFEI9 RMS 910 43.06 dafluns uag 3242 Tadiuns AUa10U 4andi13sn1sid
UszAnsnmidlaiUIeuiisud munensaesilnnue1 36 19 ugaEl Han1sMAae A ULANAS

1 | i o - & Ny a =i
9g7l 1.33 Wi Areanandeugean luvaeiinnueniveudmnegisassiideranaingeand

100.26 §adLUAT WAT 55.55 HAALUAT MINAINU

A1519% 5.6 LAAINANITNAADIUAIUENINITIVBIAIANURANAIA LLLTIAD R

Mini
Maximum Mean of | Standard
mum RMS
N error error deviation
error (mm.)
(mm.) (mm.) of error
(mm.)
The separate
targets is 500 mm. 64 | 20.92 258.62 114.57 103.52 49.48
(Orchard testing)
The separate
targets is 700 mm. 64 9.33 198.82 99.82 87.05 49.23
(Orchard testing)
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300.00
258.62
250.00
E 200.00
= ® The separate targets is 500 mm.
2 150.00 1457 (Orchard testing)
o “ 9982 B The separate targets is 700 mm.
"% 100.00 (Orchard testing)
w
50.00
0.00

Maximum error (mm.) RMS (mm.)

g‘d‘ﬁ 5.13 Mapping performance results in orchard testing.

Tugﬂﬁ 5.13 d1USUNTUNAGBUAIUYNNITIAT RMS gﬂﬁﬁmmmmﬂmmaﬁLmﬂsmﬁ’uaaq
WUUABAIINENISERINRdNMI1e 500 Hadwns way 700 Jadluns lagnan1snaasdlani
RMS fia 114.57 TadLuns wag 99.82 Tadiuns audsu uldindeRanainainseey
Whmnedidnnin Ao 500 Sadwns dewaliimvesnnuRanainedsiinninfiszeziting
7l 700 fiadiuns Lﬁaﬁmsm%’aﬁmwmmqaqmﬁaﬁgﬂﬁuﬁmaau Fauansluguil 5.13 soz
e 500 Sadwng iliaadeRianaind 258.62 fadwns Tuvaziissezitivang 700
fiadns Iédefiananngsgn 198.82 fadiums luanmundendifinisnuaudeiianainazdl
aunUsiutiesnitnasniissuiuvensinanisnagey Tuvaeiluanimundouilafinng
AuANAIEuN IR UeeTlTed Ay udreufianaiaiedwensuldvesdefianaialy
Arstadunin 2 38 Feazviliisnaiuisasaweauianainlusuianlaluvusi

YIUNNULTULADDUDA LULIR MIAI U1

1 1 1 4
5.6 ﬂ']ﬁ‘l/lﬂﬁ@\‘i‘lﬂ']ﬂ']ﬂ?']ulﬂLluuau"lla\‘iﬂ"lﬁﬁg‘l.!3383‘09\17\]']5']3?]!,6]@5 L, L8 X,
t% a wa
luasugunnis
a I Y] P v a P! 9
PMMIITRNDT L uaz X, fegun 5.14 lumsmegeunmelaanizuasiasiluiemageuuas
suadulinanaNunse Ineinsdneiiina1lagnussunauina NN sUTELIaNaN1n W
1 [y v < . = a o‘dyd 1 - a 3
$AUANNIINAB3 TN (Pinhole model) Famnsmesiiiaudoulmireanuuenisilnes
WU ANIWLAY ANPAUEAUNSTIU ANATIVRIE1AUEINITINAaT T udeRnwnazitnluy
dl 1 ¥ 1 d‘ v a a 1 1 dl o
N5asuUaIAIRINaI e WaIu1saNIIuUSEANS NNInN1sUS U MA N auUN Azt LU
JoulAiuaun1sN19AmAAIAASUDIAIULIINISUNDNIAILUSNLTA1NTUNITUINAD

WSR3 S, way S, AIgUN 5.15



Pinhole

L,

image plane focal plane object plane

g‘dﬁ 5.14 Pinhole camera model for target position estimation

=
]QM L
s
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31]17; 5.15 Horizontal vision mapping object plane of the orchard geometry model.

A1919% 5.7 wansnanisnaaaslureslfuinislunisussanuen L way X,

The separate
targets is 700

mm., and S, is S \ Minimum | Maximum | Mean | Standard
500 mm. (mm.) (mm.) (mm.) (mm.) | deviation
(Laboratory
testing)
1,000 | 50 1,101.85 1,102.33 | 1,102.06 0.10
2,000 | 50 1,871.31 1,873.24 1,872.24 0.43
3,000 | 50 2,799.81 2,807.73 | 2,803.25 1.99
L 4,000 | 50 3,632.99 3,643.06 | 3,638.16 2.72
5,000 | 50 4,464.51 4,483.21 4,475.04 3.96
6,000 | 50 5,360.64 5,398.20 | 5,379.85 8.29
1,000 | 50 178.36 178.60 178.51 0.04
2,000 | 50 649.48 650.23 649.79 0.17
3,000 | 50 1,205.35 1,209.60 | 1,206.83 0.91
% 4,000 | 50 1,731.93 1,737.11 1,734.40 1.36
5,000 | 50 2,239.95 2,249.73 | 2,245.33 2.09
6,000 | 50 2,670.48 2,688.65 | 2,679.73 4.08
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Taefimsiiwes L wag X, Idgnnaaeutagiiuammeassuresl foanmstimaifudeya
1819 50 AfignAsanlusunsuUszinadinaalasfimueulinanaduiomeaos
Wity 360-370 Luinsnisvnaeuldifusadmaasslisiuiu 6 nsmaass n1sneaesi 1 Ao
MUUATZEZNITINNDS S, AU 500 Jadwas, S, WA 1,000 Jadwns wag D, WAy
3,000 §adns N1sMAResdl 2 Aetivuasseznnsfiwes s, Wiy 500 Gadunsg, s,
WU 2,000 aduns wag D, WU 3,000 Jadiuns n15NRansdl 3 AoRIuATTEY
WIROS S, WiAU 500 faduag, S, AU 3,000 Jadwns way D, ¥1AU 3,000
faduns n1smeaesil 4 Aedmuaszesmisndnes s, Wiy 500 fadwng, s, Wy
4,000 fiadwuAs wag D, WU 3,000 fadmns N1snAaesd 5 Aefvunsreznisfines
S, WU 500 Hadums, S Wiy 5,000 Hadlns waz D, AU 3,000 Hadluns wag
NSRRI 6 AorMUATEETWISITLADS S, WU 500 faawag, S, 1iAY 6,000 HaalnT
WAy D, WNAU 3,000 fadluns LileAruANaNMzANleNazaIsaAnYINITISInDS
sananlalaefinademisnsd 5.7 lnonanisnaassfinisisazidiulainiefiszezifiondes

wasuilnaanitmuneazdwmalianlesuuninsgiu (standard deviation) faiuvulaes]

AdBRUUNINIgINGIEn 8.29 Fuduiliosinandlendeseglnaidmuneasiilisses h, 9

Unnguumsunmduasdadinisudsunasesauenfdnhsdufiwadniosdmalinig
Uszanaan L Wag X, dmswdsuwlasiunnegrslsimuazdunainfiondeadnlndnsvey

1,000 fiadwas duandosuuainggiudan 0.1 wag 0.04 muasu

5.7 N15Rgvasanfut vunedinanaRanatndinasanisiwas X,

P}nhole

En

image plane focal plane object plane

;J‘U‘Ia/'i 5.16 Pinhole camera model for target position estimation
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JUN 5.17 amamdi(binary image frame) ¥osn1sMaaesn Sg Wiy 500 dadwns,

S Wiy 1,000 faduims wag 0 Wiy 30 99en

Reference line

Normal Error

e

5UN 5.18 dNugn1TUTENAHARANAIAIINAN TNUAILAY NSRBI YRR UEWNNIT

INA8E19NITNARDIAIFUN 5.17 Lanaeaadauiid1nananug1ansdnaesisyee
1,000 fiadwns lnen1snaaseiinanustiieNnazsnaasslnglunisujuanuetsnisily

aunsaasyiiulansdukuifuaznisussiiananmiianaindaguin 5.18 lalaelam
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[ '

Aananndndudemsuislodninding119n3uil 5.16 fie Pinhole camera model lagil

W dwesfidmason1sumavesszuudaluliffe X, Jwvzgnudatdumsfwesdmnsy
MM S, Uag S lAgNTLUAIINENNITNIANAAM AR SYBIEIUL N T IR
laensdieed X, gnUTEIANIINANTUTEUIANANNATNLAINAIIN U UNUIYA

Audnansluiiamanny X vuwsunmweadhdussuuaravisgesiviinmsulaadunimeine

= v

Aaguil 5.17 wwhnsmaAnadendinaannuuldaunissidu ( Pinhole camera model) &3t

aa o v )~ = | 1 I a = P
nIfNaIRUEIINITIEnI S8Rz dINalinITUsTIN A RANA A LlAEN TN Aa LN U TEII A
ANIBNITUTENI X, FILUUIAINa131aa1NN15UsEUIaNAaNINNIITNARBIN Sy 1Y
500 fiadlums, S, M1AU 1,000 fadlums waz ¢ wiu 30 e Gadudwanefilndnass
WnAignd1mun15v1n13A9699 39 Ua AU 1IN TUeE 1IN TRz ABInTIaEeUAINY
AANAIALAAININ1T199 5.8 Tapn1sesuismnduiusvasnnuidanainde X, lagldvnass
91NAINTUTENINVDIRIDE 1IN TVAABIlAENTANYIANENTUS fana 1 laelaudsuliie
X, SpuRanainiun 5 wWesius Inedmualiainuianataintuiiay 5 Weosidun
Juivuagaandl 50 Woesidudnisnaasuanslidiiuindedinnuianainvesnsdines

A & = & ¢ \ o a ¢ =2 & a ¢l =

X, Winduitag 5 wWesiduiavdwalvnisidines x; Fulumniwesngnuszunniuuy

SYYLASIVUNULARANANS 8 UABLUAT FINITI

A1319% 5.8 wansnuduiusuasnuianatadlainisuszanial X, 91nn1sUssulana

ARanaIndINaRemlwesTldlunsussnaRInaunsdy X,

Error(%) X, error(pixel) X; (mm.) error of Xy
(mm.)
50 79.40 84.40
a5 87.34 92.84 8
40 95.28 101.27
35 103.22 109.71 8
30 111.16 118.15
25 119.10 126.59 8
20 127.04 135.03
15 134.98 143.47 8
10 142.92 151.91
5 150.86 160.35 5
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b4 1
1 = v A

5.8 ANFUNUTVINITANAINITLALVDIYUNGDY O NAARITIRANAINEINAGD

ANINE VIR TS Idd WS UNSTNe S, waz s,
nnseenuUUNIRnRIndasuLsEULSRlLITRs I duTlasfeudeaundoadimuun
107 30 09 LlelviannTaupuiudmFug N TlF s amngaNFad RN T TIde s
ogflnagauiisunndagui 519 duaregueudregavesnmuanondesiindeuiiniuuu
oI nildlndudnudueannilndndesigalaonseenuuunisvgavesszuy
SoluifFlunmsviamshady niathesmns mslade wie nsdetigsuinaseudugnam
tussnuuulvogsouquinuaduluiad 1 wes lnadondonadouiidnlulndaziinimves
'Tmaﬁé’wéfumquswﬁﬂmngumﬂwmwﬁu%Lﬂﬁlauﬁagju‘%L’;m‘f‘ﬁﬂmwaamwﬁqgﬂﬁ 5.20 &4
nsuenAMIBearesIndetiugnUszanananNTEUUNTUsEIaran iRauTulag
mseenuuuluvemaaniaziadiduensnsiissesiiaringfufie 3 weswazanduwuif

W ATUANANTIZIEIAST

image RGB

Length Target Ypixel(pixel):181
Length Target Xpixel(pixel.):494
AngleCam:30.19

$(mm.):3009

O(mm.):492

Length Target Ypixel(pixel):568
Length Target Xpixel(pixel.): 12654

AngleCam:30.02
S(mm.):788
O(mm.):448

UM 5.20 wsunmillenugnamnsieglndgauaindes
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Tnefinisuszananadedddadusnmnssivugassuiionndunaiindasienaii
yufuuuualaglumanisaasadeyundosianaindiuiu 1 ssmlaefiyuveandosazgn
UﬁzmamammzwmiﬂszmamamamwLﬁaszwﬁmmas@msuaqmsssqagmﬁqﬂa'nﬁ
anuaziBeatosnin 1 ssrviliiAneuRanain dwasemsidwmesilddmsunistims

S, HAT S, A9R13199 5.9

A13199 5.9 LanAUENiusveInulANaIATeINTIEYLL ¢ WguiumsIEnesumnag

WmeslddamsunIsuInIg S, wag s,

Zeta zeta
step size SO ST step size SO ST

29.0 464 1,963 30.1 504 1,953

29.1 468 1,962 30.2 508 1,952

29.2 472 1,961 30.3 512 1,951

29.3 472 1,960 30.4 512 1,951

29.4 481 1,959 30.5 516 1,950

29.5 485 1,958 30.6 520 1,949

29.6 485 1,958 30.7 523 1,948

29.7 489 1,957 30.8 527 1,947

29.8 493 1,956 30.9 531 1,946

29.9 a97 1,955 31.0 534 1,945

N 10 10 10 10 10 10

AVG(mm.) 480.60 | 1,958.90 518.70 | 1,949.20

S.D. 11.13 2.60 10.01 2.66
Maximum
error of 1

33 8 30 8

degree
(mm.)

31NN1INAABIAINa1TeTTULIAURANa IAYRILY 0 USuia 1 o3en lnglavnass
YSuivasuaiuazidenvesyuilanainn1sussunalaenssuiun1sussuIananiIanIn
WasuuUasaseay 0.1 asANan1Ivaasuileiinisnaaay ey ¢ dn1sideuudas 9

29.0-29.9 83F NAANRABVDINITINOT S, WAz S, WU 480.60 Haduns waz 1958.90
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Tafiwns m1ua1du wazsyy ¢ In15Wdsunyas 910 30.1-31.0 93A1 NAANLAAEUBY
WISRBS S, war S Wiy 518.70 Fadwns wag 1,949.20 dadiuns mua1su Inewdleyy
6 fnsiUdagunyas 1 aea1 dawaliinnsiudsunuasAnisdnes s, way s, gean

33 UaALAT kay 8 LadLUns MINAIAU

5.9 AMUFNIUSVRIITELN1TURNANILUILAY (D,) Uasn19dilnesszyasr1vassa (6)

dmfumeassianarfielimsuiedinvesnsssysuiilodisufuiuiuaids
MsUsznaaiinszyhAuLwLnaIRIna UL SR T UUSAUTRlAs N SU T U
o fananazgnuszanana dsdnvarnsAdouivesszuusmlusiRasiadeuiinuuuiundly
psaudlunisnimaaesfinariielinsuisiedinvesaianuiianaiavesnisuszanay
yosszuudnludRifisuiuuuiunilosseznnsugn b, lividuluuvasgnasslaeiinnsdgn

Y] | ] 9 =i a -
AULLILIT MY LT dIRanaNSUSE UM BY Xp bhel® XNC’NE‘UVI 5.21 NANAINLUDIAN

:
mfwesdinanlignuszinananamdsnmiufaggnifuainnisdienindug1ans
FuLuy Wiethmsfwesindunamiay 0 inssyiduiualeonsldsezvesmaiines
X, Wag X, NMsUsTIRaNavnanmsntunguindessidudsnsusaiuganandlaviing
UsssnamnuiiawanaSeuiisusseriindeseglnaissneunniigavinfu 6,000 fadiuns
LLazﬂé’aaagJJ’Lﬂé’Li’]mmamnﬁqmLﬂ/iﬂﬁ’u 1,000 fiaduns Fsn1sUseuiioulsmaansaiy
AAnaIANas1swesnIines x, uwar x, #1915 5.10 lnedmualidaanufiawaia

LN 5-50 1Wosidua

gﬂﬁ 5.21 Horizontal vision mapping object plane of the orchard for orientation



(n) ()

(?) (@)

5UN 5.22 (1) 01mMmAaed S, WU 500 mm. uag S, Wity 1,000 mm. (¥) A1%A13
NABDY Sy WINAU 500 mm. kA s, MU 2,000 mm. (A) AINAITNAGBI S, LU 500
mm. wag s, WU 3,000 mm. (3) AIWNITNABDI S, WU 500 mm. kag s, Wiy 4,000

mm. (3) AINNITNAABY S, MINU 500 mm. kag s, 111AU 5,000 mm. (8) NINA1TNABD

T

S, WU 500 mm. wag s, WU 6,000 mm.

T
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A13197 5.10 KaAIANUFURUSVRIAIURANAINTDINITILUYY 0 Weudumsdiwasun

NINTeesTgnUszaanInNTUsTINaNan 1IN WIINAuguindegin X, waz X,

The separate

targets is 700 mm.,

and Sg is 500 S, Minimum | Maximum Standard
N Mean
mm. (mm.) (mm.) (mm.) deviation
(mm.)
(Laboratory
testing)
1,000 11 178.56 267.84 223.20 29.61
2,000 11 649.62 974.43 812.03 107.73
XN 3,000 11 1,085.32 1,627.98 1,356.65 179.98
4,000 11 1,734.23 2,601.35 2,167.79 287.59
5,000 11 2,246.68 3,370.02 2,808.35 372.57
6,000 11 2,675.86 4,013.79 3,344.83 443,74
1,000 11 1,690.56 2,535.84 2,113.20 280.35
2,000 11 2,179.40 3,269.10 2,724.25 361.41
X,: 3,000 11 2,565.61 3,848.42 3,207.01 425.46
4,000 11 3,247.83 4.871.75 4,059.79 538.59
5,000 11 3,745.01 5,617.52 4,681.26 621.04
6,000 11 4,169.77 6,254.66 5,212.21 691.48
1,000 11 30.27 49.11 39.30 6.23
2,000 11 30.00 49.90 39.81 6.46
3,000 11 29.57 4av7.74 38.31 6.01
0 4,000 11 30.30 49.18 39.35 6.24
5,000 11 29.96 48.52 38.87 6.13
6,000 11 29.87 48.33 38.73 6.10

INHANIINAADULAAIAIAITI 5.10 mmé’mﬁuﬁ‘maqmmﬁﬂwmmaamﬁzqgm 0 gy

AU fiwe N1 lnesignUssanamInnsUssaIanan I msuiung vinaeegidy

X, war X, logdionisndiinesainanianainlugag 5-50 wWosidus azdwmali n1g

UT8UulANAIAYINITIEULY 0 (HallAUAANaIAYeINITIHAeT X, wag X

N

f @ & 1 4 a 1a = = Y1 1
N 5 Wesidud dewalinisussunayuiianainlidiiy 3 a3 Fan1snageuaziiulaine

Jesuuiasgiuiiainisnsgageglugiiindlfesiuduandiiiuainuianainvenis

Uszanuyy ¢ dasnlagnismaaeudanariivelinsiuilenisygnauetanisilaivindumiy

wua9zaAslAANAIMLRANAIAYRINITUTEINAL X, Wag X A9na1 wazdanalinnig

UILUNUNANIIVDITEUUI AL UL ARANAINA2E
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d3UNaN13IBuasUaLEUB UL

Tuinerdinusuniinanis deaguarnuanismaassvesnaiauduuuuisnniseduany
g1 IRemAlansUsznanan nsanfunsingadianasuuddulisslewdilasulunis
Ul saudsnsisuidisufumeluladeneg ihunlddmsunsimedmsunisiinisinems
sUuuvau sudseiausuuziilevinnndesenlusunan

6.1 Wsuguanwaznisuiimasazmalulagnieldnisiinievesssuuanlusii
a av a AV vee = ) v N oA v 'y} P !
fnidevaneisesnlafneiigitunsldmaluladiiorumingluanimwindeuvesaiy Tuud
azguuuuiiannmanienissiugdenans dnisldmaluladeingg Wy tesesaunuiaiges Wuwes
LIDAR, GPS, n1sUssanananin wazlayuseivg (A) lagdsnuiugingarenisidssuumalulad
Wulwes waszuudinandailtdinelunisadiessuuiineudiegs ndeyalunisduduludiuves
FHINUIINUNEUTEUI 90-13,000 USD 51A1Ma1191999ba8kUsUR SICK's Sensor Solutions @4

a

Judidiuduesdaniosuazlogiuneundndusigg wazdnisldiuegaunsvanglugnamnssy
i’]ﬂ’lggu’ejgjﬁJ‘ULLﬂu&TW‘M%E}ﬂ’Mmam‘WﬁWG]‘Uafli%“U‘U ANEINTavessruulunsAunting uag
auaansanemaiadugidududmiussuutim detldiueunivugiiensinuasuuy
Fuindousnlu@ Jedanaliidrldsregedmiunisesnuuunasimurszuudaluf®@ ludiuves
weluladmsusznananmitiiduyulunisesnuuuuasimnszuuiignninduiinmai lUldiuTegdu
mMadenssufivainvaty Saudssuulssanananmianuwiusesniinaluladiduives agnlsh
aumeluladnisuszananannifidadednusenismils Wewean nuasiilindiavdmalaonsee
nsUsTananamansAnteuntiUSs e una el

1. Wisuisuaddeimiousufontsimuissuudaludfluaiuenanisives Chunlong
Zhang i College of Engineering China Agricultural University FanrsWaurszuusenald 20
LIDAR and a Gyroscope Tun1358yf141ua098 N INUEL g UAuRLILAIVDIRULIINITT UITE
409 Jinlin Xue 7 College of Engineering, Nanjing Agricultural University, Nanjing ,China lainiaue
mmmﬁﬂwamﬁwqﬂﬁa Maximum error 29 cm., Average error 2.25 cm. RMS error 10.31 cm.
ae Standard deviation 10.07 cm.

2. Wisufleuanuidefindrendetuauideves Jinlin Xue 7 College of Engineering, Nanjing
Agricultural University, Nanjing ,China fiefinisindeudinnuuuinaidddndosiiosduien dinaue
nsoenuuuszUUsmlutATlflusosarudalnadeszuufnandosnsmuaulfszuusnlu@ oy
Asnansvestesauiminadsmidednanlimiausaiuianaindigade Maximum eror 13.9
mm., Average error 3.5 mm., RMS error 31.2 mm. &g Standard deviation 7.5 mm.

3. MmasuifieuivanuddefivantudndniluiesUfifinismanuianainsdianie

Maximum error 100.26 mm., Average error 38.34 mm., RMS error 43.06 mm. ag Standard
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deviation 19.75 mm. mumquw%qﬁﬂmmﬁmwamﬁwqmﬁa Maximum error 258.62 mm.,
Average error 103.52 mm., RMS error 114.57 mm. uag Standard deviation 49.48 mm.

Hagtunonfinnesilsiagnasuariivssavsnmuiniu Fuduamaiivilfivalulad Al gn
tharldifteduvninglunin Sdefvansuszns mudanmsadadorinusdmivtuneunsussuona
ogslsAmudoidefededdsunmiiumnifieolnluaalivihauluanwwandendidimunogns
wangzaslaenslitygnuseRviiideditamaregnaudetnldfuanmauiinisasuases
anwandeuognanaa wunadudnvzvesiundiednuurvesiuduilulifinsvauddly
é’ﬂwmsmumm5aé’ﬂwmzmaqﬁumawwmﬁﬁﬂ’mﬂﬁﬂmwaammqamaﬁas

uATeitinnuudanlminisldnisussanananenmlngmsdadatiiansuudusrmisiile
fumdduvesiuliifielidesnisldiduwestedmsudumaduldlunwnailag Faideneu
winazfinisldiduigosidu LIDAR nie Laser scanner Wiadumaduvassulduazlifinisiinisia
ﬁ%wqmw’mﬂmﬂ?{auﬁmmLLmu,m WAZNANTITNARDILAASILIALINTAIANURANAIAVDITTUY
Funuuisnisihsesduaugansdemedanisussananan msaniunisinaadhonsuudduls
ArrnuRenaadieUisudisuiunAsuneuninfldweluladiduwes 9nansvnasuandliiiu
MsTUURuLUUSInaiinavesaanuRanatndilndidsstuiunisldmealuladiduess 1uised
ﬁmuﬂﬁuﬁﬂaaﬁaﬁi'flsi’ffd']aﬁm%’uizwé’miuﬁmumuﬁmmgﬂ wazldgnsauaslunisuseuianavuin
d@nnindlossuiisutumaluladiduees Sasaanuianainazuinnineuisenountdiiily
weluladifugosuanisiadeuiilusuinamesaiussuudaluifazldauiia dededessuud
fiautudiauseulmfiuanmuas faanmuadluaugisnsluusazgeiiusuauasilduiiuu
nansnadouLansliiiuiiansaldnussuulssanananisnmdinauntuiieldlunisinsewes
SLUUSRLUAR LR

6.2 9AUS1NANISNNADY

3U% 6.1 (n) Horizontal vision mapping (¥) Vertical vision mapping
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CACHTSY S sl

JUN 6.2 fMpgreiuivaaasasaluainganis

B shunuiaIng 19w sIInnuIdellauszanuiuiveindes Ineduiusiuszeenis
£ o/ < = £ 4 [ A - LY v
Wvane (5,) anuuuaduldl wazszezaanidn (s,) Aanduld wanadagui 6.1 ssegneinsiainla
Maendweilannsaldiietmduamugrmismessuudnlufifuunuimizugnaslanans
v a{' Y a a X < ' o = = v 4 a wva a
Aa3UN 6.2 TeranaatiuIuduassriniioldseuiisuiunimmaaedduriesudinas tinain
annuindeudldatunsaniuaule Wy QiusmansuSsuvuiuAuluaIue1anIs drunls
Winuensesserlunisugnluadiaues wasainddasiinaeaiuiinisnagauiaztaranainain
WneiuUasdiauduiusiuduiasuadinluaiug1amis uinsihUukuunITinuRuiLie
Tdlunshnawesseummurdundeudaluiflusueamsmdmadulildannmeass
1. nsneaesivanmwndeuniinisauanluiomaass AUe135ENINL U NNeTE099

a

500 fadiuns wag 700 Jadluns T0ANULANA RMS 910 43.06 Tafluns uay 32.42 afiuns
PEFU wanedEnsEdvsE A amdeUFeuiiisutmaneiaesiid ety wanis
naaosdinuuandIsegil 1.33 i Aaatandougean lusueiinnueniveadivaievisassd
Yofiawaingeaail 100.26 fadluns uag 55.55 fadmng Mudfunismaass fuaninuiadesilsid
nsmuANluaues Anuenseihadmaneisassdl 500 Sadwas wag 700 fadiwas Tn
ATAANGNY RMS 911 114.57 fadiuns ua 99.82 fofluns muddu uansiiBnsdiivssansam
dewdsuiteuitmnefsaosiifianueniatu nanimaassdanuunndisegil 1.15 w1 a1
AarALAADugIan Turneiinnusvoatvaeiaosddefianaingeand 258.62 faduns uay
198.82 fadluns suddunseaessiiuldieruuandsisassmvaassdian RMS IndiAesiy
usirARismaaluanzwIndenTlsinuauazdim sRanainuninegi 6 i

2. wamsnaaesszuulaglfidmneassdifuiiensuszananmvosndeniisuiuuaivessiu
g1ann37ivgn TasldnsuszadanamsnimanunsatssanayuvendesidnUesifudvesniig
Anvanniadeegil 6.92 % eiisuiuiduldniaes (Encoden) Tnefiimnuiiomaingan 2.77 o

a Y A
LLagﬂ’JqﬂJﬂfﬂﬂJNﬂwaqﬂu@ﬂwq@ 0.04 9361
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3. MInAaamAIALliLUNeUTeINITIEYITEEYRINSITWeS | war X turesUfudRnig
Tefimsnfimes 1 uay x, Iignveaeuuasiiuamanaseduios fiRinsdnafiuieyadisiuam
50 fignAsannlusunsudszanafingn I@ammmmﬂimmLLaﬂwaamamm’mU 360-370 Lux
fvuaszersives s, Wity 500 fAAsT uaz 5, daus 1,000 Tadas §1 6,000 fadiuns e
ndesfimaiadeuiilnaandsalirndosvuinnsguastu fesniflendesedlnatimunedmali
yunaueveniifivsznaannisssinananianmuuilsunwiuduas uavdanalinng
Waguulasmesnnuenineaiisadndesvinlinimfines L way X finsasunuasmuuinis
naassuandliifiuitdndosuuninsgiugsaavesnines L Wiy 8.29 fadluns uaz A
Desvunnsgugsgavesnsiwes x, Wiy 4.08 faduwns Jadululddmiunmaihmnimesss
nslummamniwesilddnsunishseduauesmnns, ua s, 1d

a. maBeavesdrdudvunedmadefanaindmasenindnes x, lnsfinsdnesid
mnuddyetnsduioninldnmsussnanamanimsmiunguindesgidulunisussanmaidsnan
Tnetmualdifsaufianaraifiuduiios 5 wWeddus funungaanil 50 Wosidud mvaassuans
Tiduindermanuinnannvesmnsfiwes x, Wstuflay 5 Wedidudasdmalinimes x, 39
Lﬁ“flumiﬂﬁma%ﬁgﬂﬂszmmsﬁuwizazﬁwuﬁuﬁﬁwﬁmwmm 8 fiadiums Famsdwed x, Hanamn
IsgnuszanasnanmsUszanananm aglddwniwsathaunwumsuamdadunsmeaeuided
fugransliannsamuaulinsld wsdiwes x, T¥nsedevesiunisgaguinansveatiuuais
pulAeduuusIA M mfanaaiielvinuidediiavesiauiianaiavesnniines
x, thlldlumsdnavesaunisneadinaanivosaiu uagUssanme s, uag s, Alddmiuih
$99095T VU LULR

5. anuduiudvneniseanindeswosundas ¢ ARndsRanaIadmadonILLLuE DS
s dmesflddmiunsiime s, uag s, nMIneassisnafloszuulinnuRawainves
0 Uiunw 1 03 Tagldnaassduiuasunnuazideavosmildainnisuszunnlaenssuiunis
UszanawavannlsfimauAsuuanfintuadsas 0.1 esm wansmaaeiiofinismaaeulaeyy ¢
Wasuwlas 1 osen dawaliiAnnisiudsuutasiimsiives s, uag s, g9en 33 daduns uay 8
fiodiuns audduiioningy 0 dinandesiinmaisalindeudsshynfuuuumlnefugundos
LUIMIAULIINI T yméjmé’aﬂén%ﬁaaﬁﬂmi{?]’jamL‘%mﬁuiﬁgﬂﬁmmﬁu 30 83A1 N1INAADY
mnuduiusdsnanufielimsufensduundesdimnuiianaauddsadensinesilddmiunisi
399 S, WAY S

6. ANUFNRUTNITVDIT2EENITUGNAULLILAY (D,) warn19dineTseyesaedsn  (4)
dleszuznisugn b, liviiulundasgnasa Tasiinnsugnmuuuinasfiliviiiuszdsnasients
Usganausses X wag x, ANNANRUSURIAURANAINT0INITIEUNY @ Weudunsdinesin
e dineifignuszanaainnisuszatananianm Saufunquindesgidy x, waz x, e
W13me3AINa1IRANAIRNLUYIN 5-50 Wosidud azdwmnali MIUTEuINRANaInTaINITIZYRY 0
Woflmnuiianatavessdives X, uaz x, wn 5 Wesidud dsmalinsuszanuaspiianannlsl
Ay 3 83 lunsugndusiamsmuuuiuadsliaunsaugnlfszosdidmuamiifunadu nsm
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\NuRINTURNTEIEiIYRIiULIINTIogliiAy 200 Tadwns WelsuiduUefidudusanisugnii
Aawannegil 6.67 Wesliud Jadlevivesidumnuiianainueszezlgn Wisuiuesidudvesns
AANAIAYDINTTINDT X, Uay xNﬁuﬁﬂﬁmsﬂizmmﬂmwmmmmiizqagu 6 ogliiifiu 3 aeen
FadutohinfnAteiifossuudnanilvlfnueiduauemis

6.3 Torauauuzdmiunuiseanazasidosimunlusunan
msAnunlusurAnansasenuuUsusuAsalusAlneldsz il anunsaindouilunis
andu videfiufivguse eAnvinaresanudilunmsiadeuiienmutuswostumisuudealn
sruUdImIedndudesairenuliniuouleItaiana1n U0 iU s nATULUUAIUE 19N
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Development of a vision based mapping

in rubber tree orchard

Worawut Kunghun
Mechanical Engineering Department
Faculty of Engineering, King Mongkut’s Institute
of Technology Ladkrabang
Bangkok, Thailand
59601321 @kmitl.ac.th

Abstract— A mapping method for rubber tree orchard was
developed using an image processing. Because of high labor cost
and continuous dropped price of natural rubber in the past
vears, the rubber tree farmers are struggled to maintain profit
and their productions. Automation technology in agriculture can
be a solution to cut down the production cost which comprises of
a large share in harvesting labor expense. To create such

t ion, the and orchard mapping are the first
challenges. Due to the natural rubber industry is popular in
particular part of the world, mostly in South East Asia, the vision

pping and on rubber tree orchards have not been
done widely. This research aims to develop a model of vision
mapping system which is suitable to the rubber tree plantations
based on the common farming platform in Thailand. The vision
model was designed to use single camera capturing calibrated
targets which were placed on the rubber tree trunks. The length
of the target from the captured image was then calculated in
order to estimate the distance and position of the camera in
relation to the orchard geometry. Because the larger size of the
targets results in higher accuracy, however one large single target
is not practical for installation on the trees, two separated targets
technique was created. Three different lengths, 0.3, 0.5, and 0.7
meters, of separated targets were examined during the
experiments. Percent error distances of target to camera, Z-
direction, and target to center of camera, X-direction, were
evaluated and also their uncertainties. The results have shown
that largest target gave small error uncertainties, but the
percentages of errors are quite similar among all sizes of targets.
Because the sizes of the errors are proportion to the sizes of the
targets, the percentage errors therefore adapt to the sizes of the
targets. The experiments were carried out at 1-5 meter distances
between target and camera that were set to cover the normal 3
meter distance between tree rows. It showed that the vision
mapping can perform at about 8 cm repeatability in z-direction
and about 13 ¢m in x-direction. This magnitude of errors seems
to be large but it is actually practical for the orchard autonomous
which is usually designed for low speed vehicle working on a
large area.

Keywords—Computer vision; Tree detection; Mapping: Rubber
tree orchard
I. INTRODUCTION

According to statistics from the Thailand Trading Market of
agricultural products in 1999-2014, natural rubber was one of
the main agricultural products that generates high revenue for

978-1-5386-4956-5/18/$31.00 ©2018 IEEE
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the South East Asia, especially Thailand and Malaysia. In
2015, the quantity of the production was more than 3,749,456
metric tons. Based on movements in the rubber price at The
Hat Yai Central Rubber Market in the southern of Thailand, the
average price of Rib Smoked Sheet-3 (RSS3) was THB 86.19-
46.41/kg in 2017 [1-3], and it tends to be decreased because of
the over production. The rubber industry has been struggled
due to low profit and high labor cost. In the process of the
production, harvesting latex sap is a tedious work and uses a lot
of labors. To minimize the production cost, automation in
rubber tree orchard is the most promising technology.

Automation and orchard mapping have been studied and
experimented for many applications. Y.R. Chen et al. had used
machine vision applications in agriculture can be categorized
nto three main areas which are nondestructive measurement,
visual for navigation, and behavioral surveillance [4]. N, Shalal
et al. developed the recent research on novel tree trunk
detection algorithm using a camera and laser scanner data
fusion which had been conducted in order to enhance the
detection capability. The laser scanner was used to detect the
edge points, determining the width of the tree trunks and non-
tree objects, while the camera images were used to verify the
colour and the parallel edges of the tree trunk and non-tree
objects [5]. J. Xue et al. had developed a novel variable field-
of-view machine vision method allowing an agricultural robot
to navigate between rows in cornfields. Guidance lines were
detected using an image-processing algorithm. employing
morphological features in a far, near and lateral field of view,
and the robot was guided along these lines using fuzzy logic
control [6]. W. Ali et al. were developed a classification based
tree trunk detection method for autonomous navigation of
forest vehicles in forest environments. They used integration of
colour and texture to segment the images into tree trunks and
background objects [7]. B. He ¢t al. did show an algorithm to
generate a navigation path in an orchard for a harvesting robot
based on machine vision. A horizontal projection method
adopted to dynamically recognize the main tree trunk’s arca
from orchard images. Border crossing points between the tree
trunks and the ground were detected by scanning the trunks
areas and these points were divided into two clusters on both
sides [8]. The prior works, cited above, paid considerably
less attention to mission between the trees. The
mapping use for navigation only in the tree rows in the orchard.
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These techniques were suitable for orchards with consistent
maintenance of the path between tree rows. For the rubber tree
orchard, it is possible to permanently mount targets on the tree
trunks and use them as the guidance for the autonomous
system. This method reduces the complication of terrain image
processing and allows the mapping occurred right at the trees.
When this vision mapping is applied to an automatic operation
such as latex collecting robot, it can guide the robot
approaching the targets directly. With this configuration, a
vision mapping technique for rubber tree orchard was created.

In this rescarch, the vision model was developed according
to the controlled parameters such as flat terrain, consistent
target position, bright and constant light source. Although the
actual rubber tree orchards and working conditions can be
very different from one to another, it is best to explore all
basic parameters and geometries before taking them to the
realistic environments. To understand important factors which
define the orchard mapping, typical orchard configurations
were investigated, and a simple vision model was developed,

II. ORCHARD CONFIGURATION AND VISION MODEL

Orchard Configuration

Typical rubber tree orchard is planted in row and column
pattern which is suitable for farming operation. The distance
between rows is usually 3 meters and 6-7 meters for the
columns. With this density, there are about 80 trees in one Rai,
a usual land size measurement in Thailand that is equivalent
101600 square meters. Normally the former would work in the
orchard by walking between the tree rows and changing to
another column at the end of the rows. The autonomous
mapping path therefore was designed to fit for such trail. Fig.1
shows the layout of rubber tree orchard and the planning trail.

Fig. 1. Orchard configuration.

Based on the orchard operating trail, the mapping
should be able to locate trees at a greater distance between the
rows. Consider the autonomous path is started where the
camera is placed at | meter away from the first tree, the
second tree, which is 4 meters away by the row offSet, must be
now in the frame of the camera. After the camera moves
closer to the first tree, portions of the target on the first tree
may alrcady stay out of the camera frame perception, and the
target size now cannot be correctly evaluated. At this point the
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mapping position relies on the second tree target. When the
camera continues to move toward the second tree, at certain
point, the third tree target must be captured until the camera
approaches the last meter away from the second tree. Then the
process repeats again as the second tree now becomes the first
tree. This processing loop works like mapping next target then
letting go the current one. To make sure that the loop is
secure, the next target should be located for a distance before
the current one is dismissed. In this rescarch the vision
mapping was designed for 1-5 meter distance detection.

\\
4X
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image facal object
plane plane plane
Fig. 2. Pinhole model for target position estimations.
Vision Model

The vision model used for mapping the rubber trees was
developed based on the common pinhole model [9-10] as
shown in Fig.2. By capturing a known size target the image
position and size, which were measured by the number of
pixels, can be used to determine the position of the target. In
this setup, the vertical axis on the image plane is assigned to y-
axis, and it placed at the direction parallel to the tree trunk. The
x-axis is the horizontal direction of the image frame. These
make the z-axis perpendicular to the image frame. By capturing
known target length on the y-axis, the distance Z from target to
the pinhole, which usually located at the front lens of the
camera, can be determined by:

z=7~ (M

where / is the focal length of the camera, Y is the calibrated
length of the target, and ¥, is the size of the target image in y-
direction. In x-direction, the same principle was applied, and
the distance between target and a reference point, which was
set at the center of the camera projection, can be evaluated by:

X = x,l (2)

.Vl

where x, is the distance between target image and the center of
the frame in the horizontal direction. It can be seen that both X
and Z pose estimation depend greatly on the proportion of
target image and the actual target size. Therefore larger target
would result better distance estimation. However. placing one
large single target on the tree is not practical due to the latex
taping process has to be made on the tree trunk. To solve this,
two separated targets were placed at a distance to resemble a
large target.
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By positioning two separated targets on the tree trunk with
a distance equivalent to a large target size, higher accuracy of
the pose estimation can be achieved. Fig.3 shows the example
separated targets image that was tested on a tree trunk replica.
Based on the average rubber tree diameter, 20 centimeters,
three different target distances, 0.3, 0.5 and 0.7 meters, were
used to evaluate the mapping accuracy and performance.

LT ™=

[ il!ﬂ; B

Fig. 3. Separate targets on the test pole resembled rubber tree trunk,

Vision Mapping to Orchard Geometry

The target positions obtained from the pinhole vision model
can only tell the locations of the trees in relation to the camera.
To map the camera path, these positioning data must be
converted to the geometry of the orchard. Fig.4 shows the
horizontal plane of a rubber tree row which is mapped by the
camera on an autonomous vehicle. The target positioning data
obtained from the pinhole model can be converted to the
camera positioning on the orchard by the relationship of three
parameters which are target-camera distance parallel to the tree
row (), offset distance between camera and tree row (0), and
camera orientation relative to the tree row ().

The offset distance between camera and tree row is set for
continuous path alongside the tree row, while the distance of
camera to the target in parallel to the tree row tell how far away
from the target. It can be determined from the camera
oricntation and the camera posc cstimation: i.c.

_ X427 —(Ztan(0) - X)' +(Z tan(0))*

S
2J(Z an(d))* +Z°

(3)

From this equation, it can be seen that with a specific camera
orientation, the target distance, S, can be written in relation to
the camera pose estimation without the ofiset distance between
camera and tree row. It means that the target distance can be
first estimated by the pose estimation, and later the offset
distance can be found by:

O=Xx*+Z*-§* 4)

Note that the camera pose estimation, X and Z, provide two
correlations between three orchard mapping factors, S, O, and
@ . Therefore, to obtain the value of the remaining two
parameters, one must be identified. If this orchard mapping
method is applied to an autonomous system. an acceleration
sensor or electronic compass may be used for feeding in the
camera orientation, &. Then the position of the camera relative
to the orchard geometry can be mapped.

LELS
o

Fig. 4. Mapping orchard geometry in horizontal plane.

1. EXPERIMENT

Experimentation Setup

The vision mapping test was carried out on a replica of
rubber tree orchard in a controlled environment. By using
cylinder posts with 150 millimeter diameter as the tree trunk
mockup, two red color bands were strapped on each post with a
vertical distance defined as the target length. Three different
lengths, 0.3, 0.5, and 0.7 meters, of the separated targets were
used. The mockup posts were placed in a row with 3 meter
space between them, The test area was marked by a grid in
order to validate the actual location of the camera which was
placed on a trolley to maintain its altitude and orientation.

The camera used in this experiment has a horizontal field of
view angle (HFOV) at 70.42° and vertical ficld of view angle
(VFOV) at 43.30" with a resolution of 720x1280 pixels. The
target identifying method was made by first capturing the
image frame in RGB format. Then, the image input was pre-
processed by the unsharp-mask procedure. It is a technique
used for improving the edge of the images. After that, the
image was filtered out for the main three primary colors, Red,
Green, and Blue. Because the Red target color was selected to
be distinctive from the common orchard background. The Red
value from the image was then sorted out and converted into
the Gray-Scale format image. Lastly, the target areas in image
were classified by a threshold gain, and the image was set to
binary image that the target was presented in white on black
background.

Once all targets were found in the image, they were
calculated for their sizes and locations of their centers. These
information were used in order to pair them in the vertical
arrangement, Virtual lines were then created and linked
between centers of the targets. The number of pixels on ecach
line was the ¥, . which was used to determine all other mapping

parameters as what already described previously. By placing
camera on a known location assigned by the parallel distance to
the target (S) and the target row offset (Q), the image
processing program determined the average values of X and Z
for 10 samplings. The values were then compared to the actual
values of X and Z. These errors and their uncertainties were
monitored.
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Results and Discussion

Fig.5 has shown the percent cerrors of X and Z obtamed
from the mapping experiments. It can be seen that the Z errors
were minimal, and they were similar throughout the test ranges.
Because both X and Z were calculated by the image size of
target length, Y, the distance between the camera and the target
affected these values proportionally, and so the errors maintain
these proportions. However, for X value, the percent errors
were much greater, especially when the camera distances were
placed around the mid ranges. These performances were the
results from target positions in the image. When the camera
moved closer to the target, the location of target moved from
one side of the frame to another. Around the mid ranges, the
positions of target were close to the frame center which is the
reference point of the X measurement, As the X got smaller,
the percent of error in comparison to the X got bigger.
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Fig. 5. The percent error of X-direction and Z-direction at target length 0.7,
0.5 and 0.3 meter.

The uncertainty pose estimation tells the inversion of
repeatability of the measurement. By recording the maximum
and minimum variations of the errors in the reading, the
uncertainties can be evaluated. High values of the uncertainty
were found at the longest distance from the target. As the
camera approached the target, these uncertainties were reduced.
Because the camera perception at the greater distance would
result in smaller target image size, the fraction of image error
affected greater amount in the pose evaluation.
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Fig. 6. The uncertanty of X-direction and Z-direction at target length 0.7,
0.5 and 0.3 meter,

IV. CONCLUSIONS

The vision mapping for rubber tree orchard was
successfully evaluated. It has shown that the pinhole
methodology was effectively applied to estimate the position of

the camera using a known target size as the reference. The
experiment showed that different target sizes result in different
uncertainties of the measurements. However the percentages of
error had small differences throughout the test range. The
maximum errors of Z and X can be converted to the location
errors in the tree orchard geometry, and it has shown the
accuracy of 8 centimeters in z-direction and 13 centimeters in
x-direction, Although this amount of error seem to be large, the
mapping method is still feasible. Because the autonomous
system for agriculture can be designed for low speed
applications, the vast area of the orchard can give marginable
space for compensations. Moreover this mapping evaluation
was only done by a I-Megapixel camera, but the mapping
performance can be much improved by using higher resolution
camera.
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Navigation of autonomous vehicle for rubber tree orchard
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Abstract. This research has studied the navigation of autonomous vehicles in rubber tree orchards.
It was emphasised on the rubber tree plantation in Thailand, Duc to the high labour costs in the rubber
industry and the demand for natural rubber has continued to decline over the past several years, The farmer
were struggled to reduce the labour costs in producti The develop of
technology in rubber plantation can be a way to ease the production costs, such as reducing the amount of
labour in fresh latex harvesting. This work was aimed to develop algorithm of a vision system for
replacement of expensive sensors used in typical autonomous vehicles. The vision system model was
implemented using only one camera installed on the vehicle to search for calibrated targets which were put
on the rubber tree trunk. There were two important parameters, tree row offsct and target distance, which
were concerned when determining the performance of the autonomous vehicle in the rubber tree orchards.
In order to evaluate the accuracy of the system, a set of experiments was conducted at a distance of 1-5
meters between the target and the camera. The results were compared between the controlled environment

vehicle

in the laboratory and the uncontrollable environment in the real rubber plantation.

1 Introduction

Automatic vehicles in rough terrain are one of the
major trends in control research. Such vehicles can be
used widely in agriculture applications which lead to the
solutions of modern agriculture development. Less labor
and resource are required for the automation system in
agriculture. This technology can also replace human
limitations and reduce operating cost. This research
interests on the application of the ground vehicle
automatically for agriculture in the rubber plantation.
The rubber industry in Thailand has been struggled due
to low profit and high labour cost [1]. In the process of
the production, harvesting latex sap is a tedious work
and uses a lot of labour. To minimize the operating cost,
automation in the rubber tree orchard is one of the most
promising technologies to resolve the problem.

The autonomous vehicle and orchard navigation
system have been studying for many applications.
7. Wang et al. developed Machine vision assessment of
mango orchard in the current orchard and season, the
correlation  coefficient of determination between
machine vision estimates of panicle area and multi-view
panicle count and fruit yield per tree [2]. C. Pirat et al.
had developed vision Based navigation for the scalability
analysis of the ESA Autonomous Transfer Vehicle
Guidance, Navigation & Control (GNC) performances
and the Russian docking system. This paper used a
single monocular camera on the chaser satellite and
various sets of Light-Emitting Diodes (LEDs) on the
target vehicle ensure the observability of the system
throughout the approach trajectory [3]. G. Bayar et al.

3 Corresponding author: 5960132 | @kmitl.ac.th

had developed a model-based control method for an
autonomous agricultural vehicle that operates in tree
fruit orchards. In the paper, they proposed an either state
cstimation or path following, relying instead only on
data from a planar laser probability of a successful turn
from one row into another, while respecting the
maximum steering rate limits [4]. X. Zhang et al. did
show an algorithm to the crop row detection for
precision agriculture and automatic navigation, This
research used a crop row detection method which was
proposed for maize fields based on images acquired from
a vision system. During the procedure of crop row
detection, the position clustering algorithm and shortest
path method were applied successively to confirm the
final clustered feature point set [S]. W. Kunghun et al.
had developed the vision model to use a single camera
capturing calibrated targets based on the common
pinhole model which were placed on the rubber tree
trunks for study the errors and their uncertainties were
monitored [6].

The prior works cited above did not focus on the
operation between the trees rows. Most of the current
researches of autonomous vehicle navigation systems
had been using a laser scanner which is expensive and
not practical for farming applications. In the rubber tree
orchard, it is possible to permanently mount calibrated
targets on the tree trunks and use them as the guidance
for the autonomous vehicle system. The targets on the
tree trunks for guidance the autonomous vehicle system
will be easily searched by image processing technique.
This method reduces the complication of terrain image
processing and allows the mapping can be done with less
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performance  computer platform. The same  vision
mapping technique can also applies to automatic
navigation in other similar applications or other types of
tree orchards.

This paper is aimed at finding ways to develop and
implement vision system into the agriculture of natural
rubber tree farming. The goal of this rescarch is to
develop an algorithm to autonomously guide a robotic
vehicle platform along a rubber tree orchard row. There
are two parameters important for navigation in the
rubber tree orchard, target-camera distance parallel to the
tree row and an offset distance between camera and tree
row. This paper presents the test on real conditions in
rubber plantations, which variations in the uncontrollable
nature or the amount of light source that affects the
parameters for navigation in the rubber tree row.

2 Orchard configuration and vision
navigation to orchard geometry

2.1 Configuration of rubber tree orchard

The rubber tree orchard plantations usually have 3
meters row distance and 6-7 meters column distance. For
the typical area of the plantation, it will use about 1600
square meters for 80 trees [1]. Rubber plantation farmers
do harvest and rubber tree planting. etc. They work by
walking along columns. Each column requires regular
maintenance to facilitate daily work. The autonomous
vehicle should therefore replicate the running path same
as the work of the farmer,

The rubber tree orchard used in this rescarch is well
maintained and one of the rows was randomly selected
as a test row. This experiment was conducted on a real
rubber plantation located in Chachoengsao province,
castern of Thailand. The vision navigation was designed
for 1-5 meter distance between row to row in the tree
orchard. The sizes of rubber tree trunks were about 120-
millimeter in diameter. In the actual orchard, it was
found that there were several uncontrollable parameters
which can affect the navigation performance. These
include the straightness of rubber tree trunk, rough
plantation areas of rubber trees and the amount of
inconsistent light in each period. The effect of these
parameters was compared with the system performance
when working in controllable environment in laboratory.

2.2 Horizontal and vertical vision navigation to
orchard geometry

RY(2.8,)

e s >
image facal object
plane plane plane

Fig.1 Pinhole model for the target position estimations [7].

[

The vision model used for finding the rubber trees was
developed based on the common pinhole model [7] as
shown in Fig.1.

By capturing a known size target the image position
and pixel length between PI and P2, which were
measured by the number of pixels, can be used to
determine the position of the separated red target on the
image plane as shown in Fig.2.

{image (W

Fig.2 The position of binary plane (x, y) coordinate

syslems

image

The target positions obtained from the pinhole vision
model can only tell the positions of the trees in relation
to the camera. To plan the camera path, these positioning
data must be converted to the vertical vision navigation
to orchard geometry model. Fig.l shows the vertical
plane of a rubber tree which is the target for the camera
installed on an autonomous vehicle. The vertical vision
navigation is very important because finding the
separated red targets on the rubber tree to define as a
region of interest (ROI) on an image plane. The image
plane shown in Fig.2 is the picture retrieved from a
webcam, Two red dots are detected as the targets. Then
the center of both targets is identified as a position of
rubber tree on image plane. Pixel position column on
image plane x,, and x ., are the pixel coordinates in

a column of image plane, when y, are the

ipl and y.}'.. )

pixel coordinate in the row of image plane A pixel length

distance [ is calculated between pixel positions of y,

(ral

Y., and P(x.y) is the center of image plane. This
position data obtained from the pinhole model can be
converted to the camera positioning on the orchard by
the relationship of the vertical vision navigation on
object plane.

The vertical model as shown in Fig.3 in the world
coordinate is another significant angle for tracking
separated Red target at install to rubber tree trunk. By
estimate the optimum angles A and distance H . it
can be derived as shown in equation | and 2 where the
parameter of M =0.1 meters is the size of a single
target. The view angle vertical ficld of view (VFOV) of
the camera is y =43.30°, The distance between the
centers of red target to center of separated target is
T =035 meters. The distance between centers of
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separated target to high edge of red target is /=04
meters, and f is the focal length of the camera,
T+
e |
A=2tan (/ 2.7.) (1)
()

Fig.3 The vertical vision navigation object plane 1o orchard
geometry model.
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Fig.4 The horizontal vision navigation object plane to orchard
geometry model

From this position Pl and P2 on image plane as
shown in Fig.2, the target positioning data on the image
plane obtained from the pinhole model can be converted
10 the camera positioning on the real orchard by the

relationship of two parameters. It can be scen that it can
estimate target-camera distance parallel to the tree row
(S), offset distance between camera and tree row (O).

1 {2 T f-[j‘-cos(9)+|§|-sin(0)]}

- (3)
f()
S WIT 7 187 0s(26) + £ c0si26) 2- 1 |¢]-sin(26) @)
2.£(4)
When:
f=(xlr1|+".l;'-“-_ﬁ (5)
2 2 2

3 Experimentation Setup

In this research, the experiment was made to compare
between the controlled environment and the uncontrolled
environment. By using actual rubber tree posts with 120
millimeters diameter, the camera used in this experiment
has vertical field of view angle (VFOV) at 43.30" and a
horizontal field of view angle (HFOV) at 70.42° for
determining the region of Interest (ROI) on the image.
The webcam Logitech C920 captured the images of the
rubber tree with the size of 720x1280 pixels RGB image
resolution on the world coordinate system as shown in
figure 3. This dimension was based on the rubber tree
trunk at the diameter of 120 millimetres. Each rubber tree
was mounted with two red color bands with a vertical
distance defined by the target length 0.7 meters. The
target identifying method was made by capturing all
frame rate the image frame in RGB format. Then, the
image input was pre-processed by the kernel filter
procedure this method is to eliminate the high frequency
noise that 1s in the image or reduce the variance in the
mmage to make the image more detailed. Because the Red
target colour was selected to be distinctive from the
common rubber tree orchard background. After that, the
larget arcas in image were classified by a low level gain
and high level gain on HSV format. The Red value from
the image was then sorted out and the image was set to
binary image that the target was presented in white on
black background. The target distance is 0.7 meters, to
assess the accuracy and efficiency of parameter for
navigation.

Fig.5 Detection of separate targets on the rubber tree on the
uncontrolled environment of actual tree orchard
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4 Results

Fig.6 has shown the magnitude errors of O obtained
from the navigation experiments by comparison between
the controlled environment and  uncontrolled
environment. It can be seen that magnitude errors target
row offset (O) in the controlled environment were
minimal when comparing to uncontrolled environment
and they were small throughout the test ranges. Because
the arca of the rubber plantation is different from the
lighting conditions from the controlled environment, the
rubber tree is not straightened the surface of the rubber
plantation not flat terrain.

0 (Uncentreled Emvironment) + O (Contrabed Envirsnment)

|
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Fig.6 The magnitude error of the target row offset (O) for
uncontrolled and controlled environment.

The magnitude errors of the distance parallel to the
target (S) Fig.7 when the camera locates in the lolngest
distance from the target of the test is highly error
compared the camera near to the target. In a controlled
environment have the result of a constant magnitude
error throughout the distance for testing. But the
experiment for the uncontrolled environment throughout
the test distance by the average is considered to have an
error that is still acceptable.
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Fig.7 The magnitude error of the distance parallel to the target
(S) for uncontrolled and controlled environment.

5 Conclusions

In this research, the navigation of autonomous
vehicle for rubber tree orchard was successfully
evaluated for the magnitude of errors. It has shown that
the methodology was effectively applied to estimate the
distance parallel to the tree row (S) and offset distance
between camera and tree row (O) using a two separated
targets as the reference for estimating parameters in the
actual rubber tree orchard. The experiment showed that
different environment results in twice the accuracy of

S and O parameters. By the maximum crrors of O and S
can be converted to the location errors in the tree orchard
geometry, and it has shown the accuracy of 8.1
centimetres in the O - direction, 14.6 centimetres in
the S - direction for uncontrolled environment and 5.1
centimetres in the O - direction, 4.1 centimetres in the
S-direction  for controlled  environments.  Though
O-direction and S-direction of error seem to be large, the
Navigation of autonomous vehicle for rubber tree
orchard method is still feasible. The next step will be to
design an automatic car using a camera system for
navigation in the rubber plantation.
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ABSTRACT. This research was carried oul tn order to evaluale the performance of a
computer visual mapping method using permanent targets mounted on the tree trucks as
the distinctive marks fo the environment. Two targets per tree trunk were used to create
sufficient target perception from a distance. The computer vision uses the known distance
between these two targets Lo determine the location of the camera using pin-hole camera
principle. The system was designed based on confiqgurations of the rubber tree orchard
which is one of the main industrial crops in South Fast Asia. A set of experiment was
carried out on both laboratory and real plantation site. With different parameters and
setup, the mappng system was able to achieve the RMS mazimum error 43.06 mm n
laboratory control environment and 114.57 mm in actual site. This magnitude of error
was considered acceptable in low accuracy autonomous operation in automatic agricultur-
al tasks such as watering, fertilization and harvest. Several aspects regarding parameters
in the mapping method setup and the outcome were discussed and compared.
Keywords: Mapping, Navigation. Rubber tree orchard, Image processing

1. Introduction. Rubber tree is a perennial plant that can live for over two years,
making it a perfect cash crop. This particular plant plays a major role in generating
income and has a huge impact on the lifestyles of the population of rural areas in Thailand,
specifically in the southern part of the country. Moreover, since 1991, Thailand has been
the largest rubber producer in the world, and it plays a significant role as the main
exporter of rubber [1,2]. The demand for rubber has increased, which has affected the
price; based on movements in the rubber prices at the Hat Yai Central Rubber Market,
located in the southern part of Thailand, the average price of ribbed smoked sheets-3
(RSS3) in 2021 was 45-70 THB/kg. Over the past few decades, the price has increased
steadily, which led, in February 2009. to the highest average price for RSS3: 146 THB /kg.
The RSS3 price, from 2002-2011, grew by around 15 percent per year, In fact, rubber
prices depend considerably on the global market and futures markets such as the Tokyo
Commodity Exchange (TOCOM), the Singapore Commodity Exchange (SICOM). and
the Future Exchange of Thailand (AFET) [3]. Therefore, the Thai government does
not have the power to control or influence rubber prices. Even though Thailand is the
largest rubber producer in the world, it still has little or no bargaining power due to
variations in rubber prices and uncertainties about the income level of farmers and labor
cost trends. In addition, Thailand’s rubber industries are struggling due to low profits and
high labor costs. Moving on to the process of production, harvesting latex sap is tedious
work that requires large amounts of manpower, and the rubber trees must be maintained.

DOL: 10.24507 /ijicic.18.04.xxx
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To minimize these workloads and the costs associated with production, automation for the
rubber tree orchards will be increasingly involved in the agricultural system. The most
important part of designing an autonomic vehicle that can be used in rubber tree orchards
is designing a navigation system to allow the vehicle to move around. This is considered
one of the most important factors due to the complicated topography of the plantations
that the vehicle needs to traverse. Moreover, it is also challenging to design a low-cost
system that is affordable for farmers. Therefore, choosing the right navigation technology
is critical; this research will now describe the various navigation system technologies that
have been adopted to solve this problem.

In recent years, sensors, global positioning systems (GPSs), LIDAR, laser scanner-
s, and ultrasonic geometrical measurements have been employed in antomatic vehicles
for agricultural systems. These technologies have been improved to further study the au-
tonomous navigation of robots in rough topography. Autonomous navigation and orchard
mapping have been studied and tested for many applications. Bayar et al. developed a
novel model-based control strategy for a self-driving agricultural vehicle that works in fruit
tree orchards. The method relies on data from a planar laser scanner, as well as wheel and
steering encoders, for location estimation and path following, unlike other methods that
use data from GPS signals [4]. In a simulated tree plantation nursery, Khot et al. devel-
oped a sensor fusion technique for determining the navigational posture of a skid-steered
mobile robot. The robot’s location and orientation were determined using real-time kine-
matic GPS (RTK-GPS) and dynamic measurement unit (DMU) sensors [5]. Keicher and
Seufert also designed an agricultural vehicle gnidance system. Several sensors, inclnding
mechanical, global navigation satellite system (GNSS), machine vision, laser triangula-
tion, ultrasonic, and geomagnetic sensors, were used to generate position, attitude, and
direction-of-movement information for control algorithms [6]. For simpler terrain configu-
rations and using fewer sensors, Barawid Jr. et al. created an automatic guidance system
capable of gniding an antonomous vehicle between tree rows in real time. They used a
laser scanner as a navigation sensor and concentrated primarily on the straight-line detec-
tion of tree rows [7]. Liu et al. developed a tightly coupled integrated navigation system
for unmanned ground vehicles (UGVs) that integrates two-dimensional (2D) LiDAR, an
inertial navigation system (INS), and odometry. An eflicient LiDAR-based line-feature
detection/tracking technique is developed to assess the relative changes in the orienta-
tion and displacement of the vehicle [8]. Li et al. reviewed guidance technology research
for agricultural autonomons vehicles and mapping; GPS, machine vision, dead-reckoning
sensors, laser-based sensors, inertial sensors, and geomagnetic direction sensors are some
examples of the most commonly used techniques., To extract features and important da-
ta. they applied computational approaches to sensor information. The locations of the
sensors and their accuracy were used to control the actuators in the steering and driv-
ing system for navigation [9]. Other approaches have nsed modern camera and image
processing methods to perform mapping or to determine the location of a vehicle in an
orchard. Shalal et al. showed that a machine vision system can be used as an alternative
to navigation. However, the working environment or surroundings, including variations
in the precise locations of the objectives, have an impact on this system. Furthermore,
camera calibration, image analysis, and the feature extraction of navigation parameters
are used to compensate for factors such as the lack of bright, and constant light sources.
All of these factors make the implementation of autonomous vehicles in the agricultural
setting more complex. When it is time for autonomous vehicles to get to work, they can
easily move between tree rows. One of the most extensively used techniques for locating
trees in a row is the data fusion of vision systems and laser scanners or LIiDAR [10-12].
Benet and Lenain demonstrated that autonomous vehicles could recognize natural items
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blocking or surrounding them, such as tree trunks, grass, and leaves. When navigation
is performed using the fusion of sensor and camera data, detection is critical for safety
reasons. When the vehicles encounter barriers. they must either cross or avoid them,
with the exception of a large solid object; in this case, the vehicles must stop [13]. For
a specific type of plantation, Xue et al. developed a novel, variable-field-of-view machine
vision method that enables agricultural robots to travel between rows in cornfields. The
method uses an image processing algorithm to recognize directed lines and engaging mor-
phological characteristics in far, near, and lateral fields of view. Fuzzy logic control is
used by the mobile robot to allow it to maneuver along the guided lines [14]. For rub-
ber tree plantations, Zhang et al. developed a rubber-tapping robot with autonomous
navigation and a gyroscope to collect information on a rubber forest. The sparse point
cloud data of tree trunks are extracted using low-cost LIDAR and a gyroscope using the
clustering method. The autonomous automobile traverses a given lateral distance along
one row, stopping at fixed points, turning from one row to another, and gathering data
on plant spacing, row spacing, and tree diameters [15]. Pirat et al. developed a method
using a single monocular camera to distinguish LED signals from reflected sunlight. The
innovative and simple formulation of the measurement equations allows the unambignous
identification of rotations from data translation between the target and chaser docking
ports. The performance of lateral control by docking two CubeSats has an accuracy of
less than 1 em [16]. The method of using a camera with a fabricated vision environment
therefore seems to be an alternative that allows one to obtain better accuracy without
the use of multiple sensors. The method was tested in onr previous, preliminary study in
order to determine the parameters and configuration of a rubber tree plantation using the
pin-hole camera method [17,18]. Although methods using high-performance sensors along
with a digital camera are effective, other approaches using modern Al technology can be
used to enhance the image processing of the images from the camera, and they make it
unnecessary to use expensive sensors. Kim et al. created path detection for antonomous
orchard travel. A patch-based convolutional neural network (CNN) is used in the pro-
posed approach for image classification to achieve path area segmentation, which involves
cropping image patches from an input image with a sliding window and generating a path
score map with a four-layer CNN for tree and path classification, path area segmentation,
and target path detection with boundary line determination [19]. Shin et al. developed
practical preprocessing strategies for effective deep neural network training., A deep con-
volutional neural network extracts and detects the features of a region in an image for
road crack detection and then classifies the image based on the features [20]. Fujiyoshi
et al. demonstrated how deep learning is applied to each picture identification task, as
well as describing deep learning-based autonomous driving and the associated problems
[21]. Blok et al. validated the applicability of two probabilistic localization algorithmns for
in-row robot navigation in orchards using a 2D LiDAR scanner. This study focused on
an orchard robot’s in-row navigation and did not discuss autonomous turning or obstacle
and headland detection [22]. While previously mentioned works either involve the use of
advanced sensors or complicated image processing with artificial intelligence (AI) tech-
nology, which requires large datasets, other approaches utilize additional objects in the
environment, such as targets or marks that are set up in the work field. These methods
are effective when they are applied to certain types of environments, such as rubber tree
orchards in which the trees are fully grown and the pattern of the plantation is suitable.
Targets that are mounted on tree trunks can be easily maintained and made distinct from
the surrounding environment. This simplifies image processing across a wide variety of
landscapes and allows mapping to be done by using the trees directly.
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In this research, the rubber tree orchard and plantation were studied. Their config-
urations were used to establish proper materials and methods for the computer visual
mapping system. The mapping method using two permanent targets mounted on each
tree trunk and the pin-hole camera principle was analyzed and implemented. This led
to the establishment of orchard geometry and coordinate system in relation to the tar-
get positioning obtained from computer vision which used a series of image processing
techniques to extract the targets from the environment. The geometry parameters were
then examined and assigned their optimum values in experimentation which were done in
both laboratory controlled environment and the actual plantation sites. The performance
of the mapping system determined by average errors was measured and compared with
different parameter setup.

2. Materials and Methods.

2.1. Rubber tree plantation. Rubber research and development are controlled by the
Rubber Authority of Thailand, which advises local rubber farmers. As shown in Figure
1, rubber tree orchards have unique configurations, with trees typically planted in a row
and column pattern. On certain terrains, such as steep hills or along a flat terrain, this
pattern can be varied, but this is rare. The planting density is around 80 trees per Rai,
which is the typical Thai farming area unit: it is equivalent to 1,600 m?. Each farmer has
a different svstem of working in the orchard. Normally, farmers walk between the rows
until they end, and then they walk between the columns for systematic collection. The
ground vehicle path was designed to fit perfectly with each rubber tree orchard’s unique
characteristics, as shown in Figure 1(a). Sap is harvested from rubber trees by workers
walking along the columns. Each column requires regular maintenance to simplify the
daily collection process. The autonomous or mapping system must imitate this pattern.
The plantation surveys were conducted on actual rubber plantation in Phrae Province,
Northern Thailand. The orchard terrains are often flat, although some of the rubber
farms may be grown in small inclined areas such as a foothill. Along the tree row, each
tree is usually planted 3 m away from another. The diameters of the tree trunks varied
from 120 to 200 mm. On a plantation site, many uncontrollable parameters such as the
trunk straightness, rough planting sites, and the inconsistency of the light can affect

Target (1,1)

Target (2,1)

Target (MN)

(a) Model orchard for autonomous mapping (b) Installation of separate red tar-
gets on each rubber tree trunk

F1GURE 1. Rubber tree orchard

127



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.18, NO.4, 2022 5

the navigation system. The straightness of the rubber tree trunk was an uncontrollable
parameter affecting the calenlations, where the mean stem inclination in randomized trials
was approximately 3-10 degrees. These parameters were examined and compared when
the system was tested in the laboratory in a controlled environment [17]. The orchard
used in this research had conditions similar to those found in most rubber tree plantations
in Thailand and Southeast Asia. The sap collecting container, shown in Figure 1(b), is
placed higher than the ground level to hold the sap from the rubber tapping process.
Traditionally, these containers are made of ceramic material, but plastic is now used as
well. These containers can be used as one of the targets on the tree trunk if their colour
and size are suitable. However, in this research, the targets were made by strapping two
bands made out of sheet metal and painted red around the trunk, as shown in Figure
1(b). Both target straps were 100 mm wide and wound around the trunk’s circumference.
Other factors need to be considered when choosing the target material and the placement
of the targets. These targets remain unprotected on the tree trunks for a long time; they
may become dirty and covered by moss or weed. It is very important to keep the targets
clean so that thev can be detected by the camera, as shown in Figure 1(b). The size of
the target is related to the ability of the camera to detect the target from a distance.
Placing one large target on the tree trunk was not feasible, and two separate targets were
used instead. There were two target distances used in this study, 500 and 700 mm. These
two distances were obtained from the initial study. In that work, it was found that too
small a distance between the two targets will result in less precision when the targets are
further away from the camera. On the other hand, a distance that is too large causes
parts of the targets to be out of frame when the camera is placed close to the targets. In
the preliminary study, three target distances, 300, 500, and 700 mm, were studied. It was
found that 300 mm was not a practical target distance due to the space limitations of
the tree trunk; there must be enough space to allow the sap to be harvested. Moreover,
a target distance of 700 mm will allow a camera with a vertical field of view (VFOV) of
43.30 degrees and a resolution of 720 x 1280 pixels to detect both targets in the image
frame when the camera is about 1 m away from the tree trunk.

2.2, Camera visual localization using pinhole model technique. To compute the
position of the tree trunk using the camera, the common pinhole model was developed and
used [17,18]. Figure 2 shows a diagram of the pinhole model comprising the target planes
projected through the camera lens onto the sensors of the image plane. Modern digital
cameras use Charge Coupled Device (CCD) sensors that can also be applied to other

I;fnhole
Ly

image plane Jocal plane object plane

FiGure 2. Pinhole camera model for target position estimation

128



129

6 W. KUNGHUN AND A. TANTRAPIWAT

types of images, such as X-ray images, scanned photographs from enlarged negatives, and
scanned photographic negatives. The pinhole model of Figure 2 shows the relationship
between the object plane and image plane according to the position of the tree trunk
relative to the camera. The object plane has a parameter that is necessary for creating
an orchard geometry model. The offset length between the camera and the tree row on
the world coordinate system is based on farmers’ movement through the tree rows. The
separate red targets installed on each tree trunk specify each rubber tree trunk’s position
in the orchard. The red targets were recorded by a webcam, as shown in Figure 3(a), and
they appear on the image plane shown in Figure 3(b). When a target of a known size is
captured, the position of the image frame can be determined from the proportions of the

(a) Two separate targets on each rubber tree in an uncontrolled envi-
ronment of an actual tree orchard

Center of image
. 2

size of image (14

(b) Position of binary image frame (x, y) coordinate systems

FIGURE 3. Two separate red targets fixed on each rubber tree and project-
ed on the image frame
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image position and size according to the ratio of the triangles from both actual objects
and image frames. The image position and size were measured in terms of the number of
pixels. The vertical axis was used as the y-axis, and it was parallel to the tree trunk. The
width of the image frame was used as the z-axis, which represented the distance between
the tree trunk and another tree. The z-axis was placed perpendicular to the image frame.
The distance between the image frame and the camera focal point, as well as the distance
between the focal point and the tree trunk, lay on the z-axis. When a target of a known
size is captured, the length Ly from the target to the pinhole, usually located in front of
the camera lens, can be determined by

Ly = Ll"h—q; (1)

hy,

The length between the lens and the sensor plane of the camera is written as Lr. The
known height of the target lying vertically on the world coordinate is written as by, while
hy,., as the height of the target in the image frame, is determined by the number of pixels
in the y-direction of the image frame. Because a similar triangle was also applied for the
x-axis, the distance between the reference point and the target can be determined in the
same manner. In this geometry, the reference point was set at the center of the camera
projection. Equation (2) was used for distance estimation in the z-direction:

Xr= X,,’;—T (2)

l,,

where X7 is the offset length between the camera and the tree row in the world coordinate
system and X, is the pixel length between the center of the image and the position of
the target shown in the image [rame in the horizontal direction. Equations (1) and
(2) indicate that both Xy and Ly significantly depend on other factors, such as the
camera configuration and the proportions of the image from the camera frame. Better
distance estimation can be achieved by increasing the target size. The latex tapping
process is performed on the tree trunk. If only one target is placed on each tree trunk,
the relative distance of this target from the camera cannot be compared and converted
to actual distances in the world coordinate system. When the camera moves further
away [rom the object, the object’s size becomes smaller, and when the camera approaches
the object, the image becomes larger. It is necessary to have two targets to measure
the pixel length between them using the image coordinate system. Thus, two separate
targets were required; they resemble one large target at a distance. The orchard images,
as shown in Figure 3(a), were captured and processed via a series of image processing
techniques, and the positions of the two separate red targets on the image plane were
then located. These two extracted red patches were then used to determine the actual
tree position using Equations (1) and (2). Figure 3(b) shows the primary targets P1
and P2 on the image plane near the camera, and the secondary targets P3 and P4 are
further from the camera. The camera follows the pathway of the rubber tree in Figure
3(a) and selects the nearest rubber tree trunk as its primary target. hy;, as the pixel
length in the y-direction, is found from the image frame and used to calculate the target-
camera distance (Sy) and the positions P1, P2 and P3, P4 in the z-direction; the average
is needed because the tree trunk is not perfectly straight. The secondary targets used
to identify the camera’s orientation were obtained from Equation (6). The positioning
data, as shown in Figure 3(b) on the image frame, must be converted into an orchard
geometry model for vertical vision navigation to determine the camera direction. After the
orchard image was captured, all red target images were extracted and converted to binary
images, as described previously. Tt is important to establish the relationships between
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the red patches in the images. Targets at greater distances produce smaller red patches,
while each tree provides a pair of targets. The binary image displays the number of red
patches in the frame, as shown in Figure 3(b). The mid-point between the red patches was
recognized as the position of the rubber tree in the vertical image plane. In Figure 3(b),
the horizontal positions, in pixels, of the targets in the image planes x, ), T(,2), T(p3)
and x(,.4) are the pixel coordinates in the z-direction, while g1y, ¥ip.2), Yip.3) and yg, 4y are
the vertical pixel positions in the y-direction. The height of a pixel /,,, can be calculated
using the pixel positions y,.1) and y,.2), which correspond to the far tree trunk, while the
height hy, can be calculated using the pixel positions y,3 and ¥4y, which correspond
to the nearer tree trunk. hy,, as the pixel length in the y-direction, is shown in an image
frame. The two separate red targets appear on the image nearest to the center of the
image frame as P1 and P2 for the further targeted trees, as shown in Figure 3(b). The
upcoming targeted tree trunk will then move closer to the center of the image frame.
The conversion of positions P1 and P2, using information acquired by the pinhole model
to determine the camera's position in the plantation site, can also be performed using
the relationship between the horizontal vision navigation and the object plane. Figure 4
illustrates the horizontal model in the world coordinate system; this is also one of the vital
angles for tracking the two separate red targets fixed on the rubber tree trunk., These two
red targets were constructed of 0.35-mm-thick metal material to prevent damage from the
humid environment, as shown in Figure 3(a). The red target plates had a width of 100
mm and were installed around the rubber tree trunk. To navigate the camera through
the orchard, new coordinate parameters were established that are related to the tree row
and column geometry. As stated earlier, rubber collection is nsually conducted along
the tree rows. Therefore, the navigation and mapping processes were created nsing the
same configuration. Figure 4 shows the target-camera distance parallel to the tree row
(St) and the offset distance between the camera and the tree row (Sp) as independent
parameters that can be calculated by inputting the target and orchard fixed parameters
together with the camera orientation in relation to the tree row (). The camera pinhole
method can locate the target regardless of the orchard geometry. When the primary and
secondary targets, known by their positions in a given row of the orchard, were captured
and their positions in the image frame were determined, the target-camera distance, Sy,
was obtained from Equation (3):

2 Tigp. Tip.2 W, .
S = {hr - [Lr - cos(B) + | (252 + Ze2 _ Wey)| . 5in(9)] }
(Un2) — Yp))
In the same manner, the offset distance, Sp, was calculated using the following equations:

S, V2 hr - /Le* + P? — Lg” - cos(26) + P* - cos(20) — 2 - Lr - | P - sin(26) (4)
0 = :
2 (Yo — You))

(3)

and

> - (Ton | Tea) ”_F)
P, = ( TR 5 (5)

The camera orientation relative to the tree row, #, is a fixed parameter in Figure 4
and should be assigned a proper value. If this angle is too small, the camera will point
along the tree row and the targets will enter the image frame from a far distance. In
other words, the targets will enter the image frame too soon. This will result in difficulty
evalnating the size of the targets because they are too small. By contrast, if 4 is too large,
the camera will point in the direction of the tree column or perpendicular to the tree
row. The target will enter the image frame too slowly. In other words, the camera has
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FIGURE 4. Horizontal vision mapping object plane of the orchard geometry model

to move closer to the target before it can enter the image frame. This configuration will
decrease the ability of the method to determine the camera’s distance from the targets.
When navigating the camera along the tree row. it is impossible to maintain the camera
orientation at all times. Alternate angles of the camera will affect the target detection,
as previously described. It is more convenient to establish a dependent parameter that
can identify the orientation of the camera relative to the initial fixed angle. The relative
orientation fc can be used as the navigating orientation, and it is determined based on
the orchard and target fixed parameters together with the fixed orientation, #, as shown
by Equation (6). The target perception ability and orchard mapping ability are greatly
dependent on @, In reverse, the optimal ¢ should be chosen depending on the camera’s
field of view in the horizontal direction, the orchard row and column distances, and the
target height in the vertical direction.

) 1 (P - 1 5 A
(1 (ot P~ e @)

8o =60 —sin™ 6
. = (6)
when
P= Lipy) + T2 _ & (7)
: 2 2 2
(T | ey We
P = ( > T+ 5 D) ) (8)

As mentioned earlier, the distance between the two targets on the tree trunk plays an
important role in the determination of the target distance. The distances between the two
targets were studied and compared. The configuration of the vertical layout between the
targets and the camera is shown in Figure 5. In this configuration, the camera is placed
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FIGURE 5. Vertical vision mapping object plane of the orchard geometry model

in the middle plane, and both the targets on the tree trunk are horizontally symmetric
to the middle plane. The ideal configuration provides a relationship between the vertical
image size in pixels and the two red targets installed on the rubber tree. The camera
used to obtain such images must be able to cover the upper and lower vertical red targets
mounted on the rubber tree. Each camera model has limitations in terms of its vertical
field of view (VFOV). The length parameter Ly represents the distance of the target to
the pinhole and the height of the target in the world coordinate system is written as hyp.
This is a variable that must be calculated to ensure that the two red targets will both
appear in the image; it can be estimated using Equation (9):

{hr+Hgr)
Ny = an 1 —
ay = 2tan (LF . &L) (9)

hp

2.3. Image processing. The location of rubber trees for field mapping is considered the
physical appearance of the rubber tree. The color of the trunk of the rubber tree is very
similar to the color of the surrounding environment. As previously described, the targets
were mounted on the tree trunks. The image areas of these targets, classified as the region
of interest (ROI), had a different color than the surrounding environment. The red target
has a different color than the environment, as shown by the hexadecimal RGB code of this
color. The red-green-blue components are (255.0,0). The red target represents the only
major color difference visible in the environment, although the environment of the rubber
plantation changes with the seasons. The detected red targets were also used to calculate
the image frame’s height parameter for object distance estimation in the orchard geometry
model using Equations (3) and (4). Images of the separate red targets were recorded by a
webcam, a Logitech C 920 camera. This camera can record real-time video at a resolution
of 720 x 1280 pixels with a frame rate of 30 FPS, a horizontal field of view (HFOV) of
70.42 degrees, and a vertical field of view (VFOV) of 43.30 degrees. Figure 6(a) shows the
two separate red targets on the tree trunk in the form of an RGB image, which is an image
with a color system composed of the three primary colors: red, green, and blue. The red
target is installed on a tree trunk in a real-world environment, and the red-green-blue
component values do not conform to color theory. The actual red-green-blue component
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{a) The RGB image frame (b} The pre-processed on image frame

ublyray Image BW

(¢) The grayscale image frame (d) The binary image frame

FIGURE 6. Image processing process detects the separated red targets

values in the actual environment are the following: red 170-255. green 50-100, and blue
50-200. This is because lighting conditions thronghout the orchard are not equal. The
images received directly from the webcam required enhancement to better identify the
targets. A series of image processing techniques were used to sharpen the images. These
methods include the unsharp masking system (USM). As shown in Figure 6(a), each
frame of the received real-time webcam video has a different brightness level, so we need
to increase the sharpness of the images. At a frame rate of 30 FPS, we use the snap image
processing technique. There are changes in both the laboratory and orchard environments
at all times. As a result, each image has a different brightness level at the beginning of
the image processing pipeline. Figure 6(b) shows an image that has been sharpened by
increasing the contrast at the edges of each pixel using the USM technique with a Gaussian
low-pass filter with a standard deviation of 1. This argument controls the size of the region
around the edge pixels that is affected by the sharpening. A large value sharpens wider
regions around the edges, whereas a small value sharpens narrower regions around the
edges. The image was also converted into grayscale, as shown in Figure 6(c), with a
color intensity from 0-255 (8 bit). The image [rame converts RGB values to grayscale
values by performing a weighted sum of the R, G, and B components. The coefficients
used in calculation of grayscale values are identical to the luminance calculation which
is a part of ITU-R BT.601-7 in the recommendation of International Telecommunication
Union Radio communication Sector (ITU-R). These values were determined and rounded
into three decimal places. After each pixel in the entire image (720 x 1280 pixels) has
been converted to grayscale, Rec.ITU-R BT.601-7 calenlates a weighted sum: R has a
weight of 0.299, G has a weight of 0.587, and B has a weight of 0.114. After the areas of
the two red targets were determined, the grayscale images were converted into a binary
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form containing two intensities, 0 and 1. Any pixel with the value of 0 was displaved in
black, while any pixel with a value of 1 was shown in white. The binary image defines a
referenced gray intensity value known as the threshold value. As shown in Figure 6(d),
this value was obtained by averaging at 90-115 possible different shades of gray from
black to white for this specific application. The gray concentration was adjusted over
time depending on the lighting conditions, especially in the red target area. The rubber
tree is detected using the image processing and conversion process described previously;
the rubber tree appears in the image frame at various positions depending on the actual
location of the rubber tree relative to the camera’s position. The size of the target on the
rubber tree that can be detected depends on the distance from the target to the camera.
In fact, the image processing pipeline in use can detect many targets in the real rubber
plantation area. However, the two targets, or trees, that are closest to the camera will
be used to map the camera’s position. The sizes of the largest targets in the two frames
are determined and compared to all binary images of the area so that the target as close
to the camera as possible can be selected from the total number of targets. Mapping the
locations of trees in the rubber plantation allows us to locate the camera because the
rubber plantation is laid out in a row pattern, and the camera moves along the rows of
rubber trees in order to be able to see the targets, Therefore, it is necessary to mount
the camera so that it faces toward a given rubber tree, which will result in the camera
being at an angle relative to the row line of the rubber tree, as shown in Figure 4. Figure
6(d) depicts a binary image of a rubber tree. The first set of targets near the center of
the image represents a rubber tree near the camera. The second set of targets, further
away from the center of the picture, represents a rubber tree that is further away from
the camera. The target detection method only works for a maximum distance of 6 m
from the target rubber tree, so the camera can see two target trees and calculate the
distance between them. This image processing system determines the center of the white
positions shown in the binary image, as depicted in Figure 6(d). The two white positions
near the center of the image frame represent the tree trunk near the camera, and the two
white positions that are further away represent the tree trunk that is further from the
camera. The positions P1, P2, P3, and P4 in Figure 3(b) are also shown in Figure 6(d);
these positions were previously used to calculate the pixel length (hp) for the equation
representing the orchard geometry model.

3. Experimentation. It is important to test the mapping system’s performance and
accuracy; the parameters Sp and Sy in the image processing algorithm are important for
navigating real rubber plantations. Experiments were performed to compare the results
from the laboratory and the results from a real rubber tree orchard. First, experiments
were performed in the laboratory with controllable parameters, such as upright rubber
tree trunks, a constant amount of light, and flat surface areas. Second, experiments were
performed in an uncontrollable environment, a real rubber tree orchard. The difference is
that the parameters in the actual rubber tree orchard cannot be controlled in the same way
that parameters used in the laboratory can be controlled. The area in the natural rubber
plantation to be nsed as the experimental area was randomly selected. In the laboratory,
the rubber tree trunk mockup and areas for testing were designed to be similar to the
rubber tree orchard. The laboratory had a replica of a rubber tree; the trunk was made of
plastic, as shown in Figure 7(a). The trunk had a diameter of 125 mm, and the red targets
were installed on the replica tree, as shown in Figure 7(b). The red targets were made
of 0.5-mm-thick sheet metal and installed by wrapping them around the mockup tree.
The height and width of the red target are 100 and 125 mm, respectively. Furthermore,
the two red targets were installed at distances of 500 and 700 wm, respectively. The
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(a) Rubber tree trunk mockup (b) Tree trunk mockup testing area
in the laboratory

Fi1GUrE 7. Testing area using world coordinate in the laboratory
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FiGurE 8. Experimental layout used during laboratory testing

installed red targets should be consistent with the height of the rubber tree, and the
heights considered should be consistent with the height of the actual rubber tapping area
on a real rubber tree. The experiment involves moving the camera along the rows of
simulated rubber trees. This lab experiment creates a virtual test area to determine how
the cameras should move along the line of trees. The test site is built based on the actual
distance between sets of coordinates on a flat area; a marking pen was used to draw a tile
grid on the floor. Figure 7(b) shows the setup used to measure the actual distance to the
ground to know how far the camera moves from the target rubber tree. The coordinate
system used is similar to that of the rubber tree orchard in the previous section (Figure 8).
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Inside the 4 x 1.1 m test area, 64 positions representing grid intersections with intervals
of 0.2 m were designated. The vehicle velocity system will be designed in the future
with a speed of approximately 0.2-0.3 m/s, which is a reasonable movement speed for
a vehicle working in a rubber plantation. In the experimental setup depicted in Figure
8, the tracking performance of the image processing method along the path line was
evaluated by changing the separation of the red targets to 0.5 and 0.7 m. In the course
of the laboratory experiments, 64 position values were obtained by approximation using
an image processing algorithm. Such experiments are evaluated to determine the error
of the mapping method. The proposed marking system had a satisfactory performance
in the laboratory, and it was then tested at a rubber tree orchard, as shown in Figure
9(a). The coordinate system setup was similar to that described in the previous section.
Inside the 4 x 1.1 m test area, 64 positions representing grid intersections, with intervals

(a) Computer vision mapping during the experiment (b) Example installation of
metal plates on rubber tree
trunks

(¢) Testing area on the world coordinate in the orchard

Fi1Gure 9. Orchard experimental setup in the orchard
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of 0.2 m, were designated. Each rubber tree was equipped with two red metal plates,
as shown in Figure 9(b). The two separate red targets did not interfere with rubber
tapping collection. As shown in Figure 9(c), the camera was set up to receive images for
processing. The camera was installed at the center of the two separate red targets. In a
real rubber plantation, the ground is rough, with uneven platform conditions in the test
area. Preparation of the test area was performed by using a small string to create real
distances in real-world coordinates. The method used to measure the distances was the
same as that used in the laboratory experiments, as shown in Figure 8. A plantation in
Northern Thailand (18°07°00.0”N, 100°09'00.0"E) was selected as the testing site. The
experiments took place between 7:00 and 11:00 am to be consistent with harvesting and
to allow the rubber planters to carry out various tasks. The experiments shown in Figure
10 are meant to measure the accuracy of the navigating svstem, which involves using
image processing and the orchard geometry to guide autonomous vehicles in rubber tree
plantations. The trials are not dependent upon the use of sensor technology for navigation.
This study carried out a comparison between a laboratory experiment and an experiment
in a real rubber field. The experiment will focus on navigability and controllable and
uncontrollable external factors, such as stable and unstable quantities, flat and uneven
ground conditions, and the straightness of the rubber trees. Therefore, the effects of
these factors must be tested so that the errors caused by the tested parameters will be
known in the future. The variables Sp and Sy were the variables that we needed to test
by comparing laboratory experiments with experiments at real rubber plantation sites;
these experiments will measure the error of the developed system. From Equations (1)
and (2), there are two variables, X, and h,, that are directly obtained from the mapping
process, and the following environmental effects must be considered: lighting conditions,
the resolution of the camera, and the flatness of the ground. These must be woven together
to ensure that such a system can still perform mapping, which in turn can be used for
the navigation of the system in the future. The goal of this system is to reduce costs for
farmers and perform actual navigation.

(a) Rubber tree trunks for actual testing {b) Trunk mockup for testing in the laboratory

FIGURE 10. Red targets installed on each rubber tree trunk for testing

4. Results and Discussion. From Equations (3) and (4), the variables Sy and St
are used for mapping; these equations are generated from the orchard geometry model.
Comparing them allows us to analyze the real factors that caused the obtained errors.
The results, as shown in Figure 11 and Figure 12, track the performance of the image
processing algorithm in mapping a rubber tree orchard. This is a comparison of the
system’s performance in the laboratory and on the plantation. It can be clearly seen
that the magnitude of the error of the image processing algorithm system was different
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The error of laboratory testing
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Ficure 11. (color online) The magnitude of error in area testing for con-
trolled environment (laboratory testing)

throughout the testing area. We propose using error space indicators from area navigation
in the rubber tree orchard to estimate the error space of navigating using the image
processing system. We define an error space indicator to evaluate the quality of the area
grid and the position error. The parameters used to measure Sp and Sy were tested using
the value of the magnitude of the space error. The error space is shown in Figure 11 and
Figure 12. These figures show the trend of error values in the test area, and they include
data from 46 error points in an area of 4.4 m?. The magnitudes of the error values are
displaved in 3-D graphs with Sp. Sy, and mapping error axes.

Figure 11 shows the magnitude of error in area testing for a controlled environment
(laboratory testing). The heights of the targets are 500 mm and 700 mm, respectively.
The error space is smooth, indicating a constant error. However, the magnitude of the
error varies across the 46 measured positions in the test area. When the target height is
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The error of orchard testing
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FIGURE 12. (color online) The magnitude of error in area testing for con-
trolled environment (orchard testing)

700 mm, the error values are smaller than when the target height is 500 mm, as shown
in Figures 11(a) and 11(b), respectively. The experiment shows that in a controlled
environment (laboratory testing), the method performs in a satisfactory manner. This
experiment was compared with an experiment in a real rubber tree orchard to show
how different factors affect the mapping system. Figure 12 shows the error space for
an uncontrolled environment (orchard testing). The error values at the 46 locations
differ in size from those of the laboratory experiment, as shown in Figures 12(a) and
12(b). The error values for the rubber tree orchard are different at each measurement
point. In an uncontrolled environment, the main factor that increases the error is the
unstable lighting conditions at different times. The results are consistent with laboratory
experiments: the average error is greater when the height of the target is 500 mm and
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it is smaller when the height of the target is 700 mm. The error space for navigation
using the image processing system shows that the presented strategy allows one to obtain
accurate solutions in an efficient way. The reason behind this is related to the rubber tree
plantation site, since it has different lighting conditions when compared to the controlled
environment. The real rubber tree shown in Figure 10(a) is not perfectly straight, while
the mockup in the laboratory shown in Figure 10(b) is perfectly straight. The performance
of the navigating system was tested by using two different length between the separated
red targets: 500 and 700 mm. The parameters used to demonstrate the efficiency of the
method are the maximum error and the root mean square error, which represents the mean
squared error in the experimental area. The performance of the mapping system shown
in Fignre 13 indicates that when the camera was far from the test target, more errors
occurred compared to when the camera was near the target. In a controlled environment
such as the laboratory, the navigation error was much smaller than in an uncontrolled
environment. The camera moved along one row and the root mean square error (RMS) of
the mapping performance was calculated using controlled environment tests. The length
between the two targets at different separation lengths of 500 and 700 mm were measured
RMS difference from 43.06 mm and 32.42 mm, respectively, showing that the method had
excellent path tracking performance. The RMS was used to compare the two targets with
different separated lengths 500 mm is 1.33 times more than 700 mm. The maximum error
was coherent with the root mean square error, while the two different separate lengths
gave maximum errors of 100.26 mm and 55.55 mm, respectively. As shown in Figure
14. for the orchard testing case. the RMS was calculated for the two different target
separation lengths of 500 and 700 mm, and was obtained at 114.57 mm and 99.82 mm
respectively. It can be seen that the error from smaller target distance, 500 mm, results
in 115% greater than the average error obtained from target distance at 700 mm. When
considering the maximum errors throughout the test area, as shown in Figure 12, the 500
mm target distance produced error at 258.62 mm, while the 700 mm target distance gave
198.82 mm of the maximum error. In a controlled environment, the errors had smaller
variation throughout the test plane, while in an uncontrolled environment, the fluctuation
seems to increase significantly, but the error values were considered acceptable. From the
experimental results shown in Figure 13 and Figure 14, we predicted the trend of the
navigation error as a 2D image. This will allow us to compensate for future errors as the
autonomous vehicle moves through the rubber tree orchard.

Parameters to measure performance of
error on laboratory testing

120.00

100.26

100.00
80.00

60.00 B T250-Laboratory testing

43.06

40.00 [l T350-Laboratory testing

Scale error (mm.)

20.00

0.00

Maximum error (mm.) RMS (mm.)

FIGURE 13. Mapping performance results in laboratory testing
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Parameters to measure performance of
error on orchard testing
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FIGURE 14. Mapping performance results in orchard testing

5. Conclusion. Previous researches used the following technologies to find objects in
an orchard environment: sensor technology, such as laser scanners and LiDAR sensors,
GPS, image processing, and artificial intelligence (Al). Then, the location of the object
was converted periodically for navigation. The most accurate approach is to use a sensor
technology system, but the cost is relatively high, approximately 90-13,000 USD. These
prices are referenced by the brand SICK's Sensor Solutions, which is a leader in sensor
intelligence and application solutions, and they are widely used in this industry. The price
depends on the accuracy of the system, the ability of the system to search for objects, and
other technical capabilities that are necessary for a navigation system for an autonomous
agricultural vehicle. This would result in the cost being high for autonomous systems.
Image processing technology has been applied to a variety of engineering solutions. Com-
pared to sensor technology, image processing can be used to develop a very cheap nav-
igation system. An image processing system is less accurate than sensor technology.
However, image processing technology has another disadvantage. It needs to be tested in
an environment that can be used to adjust the threshold variable. Previous studies have
presented an error rate of no more than 15 cm in the image processing pipeline [14]. To
extract the ROI from the image processing system, image conversion techniques are used.
The location of the object of interest is then displayed. Computers are now cheaper and
more efficient, which is why Al technology is used to find objects in images [19,21]. Al
technology provides a number of advantages, including the elimination of the requirement
for a processing procedure; however, the disadvantage is that we have to use large number
of images to properly train the model to perform in a given environment. We propose
the method described in this research becanse, when compared to previous methods, it
has the following advantages: the cost of using it for automation in the orchard is cheap,
and it uses less processing hardware and software. When compared to sensor technology,
this method does have a larger error value. Although this error seems to be large, the
mapping method is still feasible. Because an autonomous system for agriculture can be
designed for low-speed tasks, the vast area of an orchard can also provide marginal space
to compensate for this magnitude of errors.

The orchard mapping method from this research has effectively estimated position of
the camera in relation to the target distance (Sy) along the tree row and the offset distance
(So) to the tree row. These two measured distances can be used to navigate through the
orchard by a suitable autonomous system. In the actual plantation site, the errors were
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double in comparison to the laboratory experiment. It was caused by the uncontrollable
environment, such as flal terrain, consistent target position, bright and constant light
sources, and the errors from the parameters that were converted to cooperate with the
geometrical position in the rubber tree orchard. The magnitudes of errors in the Sp-
direction and Sp-direction were large, but effective navigation of the autonomous vehicle
in the rubber tree orchard was still feasible. Future studies can design antonomous vehicles
using a navigating system that accounts for hills and uneven ground to study the effect
of movement velocity on real-time position accuracy. The navigating system needs to
compensate for terrain uncertainty. The rubber tree orchard algorithm was shown to
be consistent with the actual rubber tree orchard environment and showed promise for
reliable mobile robot localization and navigation in the future.
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clear all; close all; clc;

a = imaghwinfo;

camera name = char(a.InstalledAdaptors(end));

camera_info = imaghwinfo (camera name) ;

camera_id = camera_ info.DevicelInfo.DevicelD (end)

resolution = char (camera info.DeviceInfo.SupportedFormats (end));

vid = videoinput ('winvideo', 1, 'MJPG 1280x720" );
set (vid, 'FramesPerTrigger', Inf);
set (vid, 'ReturnedColorspace', 'rgb')
vid.FrameGrabInterval = 1;
src = getselectedsource (vid) ;
src.FocusMode = 'manual';
src.Focus = 10;
src.FrameRate = '30.0000";
ts = 0.0005;
i=0;
t=0;
avg=0;
Stop=1;
uicontrol ('Style', 'Pushbutton', 'String', 'STOP SYSTEM', 'Position', [50 50
100 501, ...

'Callback', '"Stop=0;")
start (vid)

while Stop
img= getsnapshot (vid);
H = fspecial ('unsharp');

sharpened = imfilter (img,H, 'replicate');

data=sharpened;

grayl=rgb2gray (data) ;

diff im = imsubtract(data(:,:,1),grayl );

diff im = medfilt2(diff im, [3 3]);

diff im im2bw (diff im,0.085);

diff im = bwareaopen(diff im,150);

bw = bwlabel (diff im, 8);

stats = regionprops('table',bw, 'Centroid’', ...
'MajorAxisLength', '"MinorAxisLength', 'Orientation', 'Area', 'ConvexArea', 'Boun
dingBox"') ;

figure (1) ;

imshow (img) , imshow (img) ,title (' image RGB '), impixelinfo
Area=stats.Area
centers = stats.Centroid;

diameters = mean([stats.MajorAxisLength stats.MinorAxisLengthl],2);
[C,R] = size(data);
Rmax=max (R) /3;
Cmax=max (C) ;
if (isempty(centers))
X = zeros(2,1,'uint32");
y = zeros(2,1,'uint32"');
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elseif not (isempty (centers))
x=centers(:,1);
y=centers(:,2);
end
[rr cc] = size(y):
[rrr ccc] = size (x);
AA=rr;
AAA=TrIrIr;
BB=cc;
BBB=ccc;
for xx = l:rr;
for yy = l:cc;
if AA==2 && BB==
Ypixel=abs (max (y) -min(y));
Xpixel=abs (max (x)+min (x)) ;
hold on
line ([min (x)
ymax (x) ], [min(y),max(y)], 'Color','g', "Linewidth',1);
hold off
elseif AA==4 && BB==
Ypixel=abs (y(4,1)-y(3,1));
Xpixel=abs(x(4,1)+x(3,1));
hold on
line([x(1,1) ,x(2,1)],I[y(1,1)
,v(2,1)],"'Color','b", "LinewWwidth', 1) ;
line([x(3,1) ,x(4,1)],I[y(3,1)
,y(4,1)1, 'Color', 'r', 'LineWidth', 1) ;
hold off
else
Ypixel=0;
Xpixel=0;
end
end

end
offset =500;
folcal=980;
Ztarget=((folcal*offset)/(Ypixel)); % offset on car 265 mm
Xtarget=abs ( (( ((Xpixel)/2)-(Rmax/2)) *Ztarget) /folcal);
Xpixelfar=abs(x(1,1)+x(2,1));
Ypixelfar=abs(y(1,1)-y(2,1))
Ztargetfar=((folcal*offset )/ (Ypixelfar));
Xtargetfar=abs (((( (Xpixelfar)/2)-(Rmax/2)) *Ztargetfar)/folcal);
if( Xtargetfar==0 && Xtargetfar==0);
AngleCam=0;
elseif ( Xtargetfar>0 && Xtargetfar>0);
AngleCam=asin (abs (Xtargetfar-Xtarget) /3000) ;
else
AngleCam=0;
end
AngleCamDegree=AngleCam* (57.2957795) ;
zeta= (AngleCamDegree*pi) /180;
u(i+l)=Ztarget;
uu (i+1)=Xtarget;
uuu (i+1l)=zeta;

’

[r ¢c] = size(u):;
for xx = 1l:r;
for yy = 1l:c;
if c>11

Zavg=(u(r,c)+u(r,c-1)+u(r,c-2)+u(r,c-3)+u(r,c-4)+u(r,c-
5)+u(r,c-6)+u(r,c-7)+u(r,c-8)+u(r,c-9))/10;



MaxZavg=[u(r,c);u(r,c-1);u(r,c-2);u(r,c-3);u

5);u(r,c-6);u(r,c-7);u(r,c-8);u(r,c-9)1;

[MaxZ] = max (MaxZavg) ;
[MinZ] = min (MaxZavg) ;
else
Zavg=u(r,c) ;
Maxz=0;
Minz=0;
end
end
end
[rl cl] = size(uu);
for xx = 1l:rl;
for yy = 1l:cl;
if c>11
Xavg=(uu(r,c)+uu(r,c-1)+uu(r,c-2)+uu(r,c-3
4)+uu(r,c-5)+uu(r,c-6)+uu(r,c-7)+uu(r, 8)+uu(r,c—9))/10;
MaxXavg=[uu(r,c);uu(r,c-1);uu(r,c-2);
4);uu(r,c-5);uu(r,c-6);uu(r,c-7);uu(r,c-8);uu(r,c-9)1;
[MaxX] = max(MaxXavg),
[MinX] = min (MaxXavq) ;
else
Xavg=uu(rl,cl) ;
MaxX=0;
MinX=0;
end
end
end
[r2 c2] = size (uuu);
for xx = 1l:rl;
for yy = 1l:cl;
if c>11

(r,c=4);u
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(r,c—

zetaAvg=(uuu(r,c)+uuu(r,c-1)+uuu(r,c-2)+uuu(r,c-3)+uuu(r, c-

4)4+uuu (r,c-5)+uuu(r,c-6)+uuu(r,c-7) +uuu(r,c-8)+uuu(r,c-9)
MaxzetaAvg=[uuu(r,c) ;uuu(r,c-1) ;uuu(r,c-2)
3);uuu(r,c-4);uuu(r,c-5);uuu(r,c-6) ;uuu(r,c-7);uuu(r,c-8)
[MaxzetaAvgl] = max (MaxzetaAvg);
[MinzetaAvgl] min (MaxzetaAvg) ;
else
zetaAvg=uuu (r2,c2) ;
MaxzetaAvgl=0;
MinzetaAvgl=0;

end
end
end
if (isempty(Zavg) &&isempty (Xavg) &&isempty (zetalAvg))
p=0;
0=0;
S=0;

zetaAvg2=0;

)/10;
;uuu (r, c-
;uuu (r,c-9)1;

elseif not (isempty (Zavg) &&isempty (Xavg) &&isempty (zetalAvg))

p=0;

0=0;

S=0;

zetaAvg2=0;
else
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S=((Xavg”"2+Zavg”"2)-((Zavg*tan (zetaAvg)) -
Xavg) "2+ ((Zavg*tan (zetalAvg) ) “2+Zavg”"2))/ (2*sqgrt ( (Zavg*tan (zetalAvg) ) “2+Zavg”
2));
p=sqgrt (Xavg”*2+Zavg"2) ;
O=sqgrt (p"2-5"2);
zetaAvg2=zetaAvg
end
S=((Xavg”2+Zavg”2)-((Zavg*tan (zetalAvg) ) -
Xavg) “2+ ( (Zavg*tan (zetaAvg) ) "2+Zavg”"2) )/ (2*sqrt ( (Zavg*tan (zetaAvg) ) *2+Zavg”
2));
p=sqgrt (Xavg”*2+Zavg"2) ;
O=sqgrt (p"2-5"2);
zetaAvg2=zetalAvg;

99999999009999000000000071720x7203333%%%5%5%5%%%

LengthTarget3=text (850,440, strcat('Ang
Car:',num2str (zetaAvg2* (57.2957795)-35 2

set ( LengthTarget3, 'FontName', 'Arial', 'FontWeight', 'bold',
'FontSize', 22, 'Color', 'b');

LengthTarget3=text (850,490, strcat('Angle of
Camera:',num2str (zetaAvg2* (57.2957795),'%5.2£")));

set ( LengthTarget3, 'FontName', 'Arial', 'FontWeight', 'bold',
'FontSize', 22, 'Color', 'b');

LengthTarget3=text (850,540, strcat('S(mm.):',num2str(S,'s.2£")));
set ( LengthTarget3, 'FontName', 'Arial', 'FontWeight', 'bold',
'FontSize', 22, 'Color', 'b');

LengthTarget3=text (850,590, strcat('O(mm.):',num2str(0,'%.2£")));
set ( LengthTarget3, 'FontName', 'Arial', 'FontWeight', 'bold',
'FontSize', 22, 'Color', 'b');

line ([Rmax/2,Rmax/2],[1,Cmax], 'Color',"[0 1 1]','LineStyle','-
.', 'LineWidth', 1) ;

line([1,Rmax], [Cmax/2,Cmax/2], 'Color',"[1 O 0]','LineStyle', '~
', '"LineWidth', 1) ;

hold off

5%5%%%%5%%%%%%%%%%%%%%%%1720x720%%%%%%%%%%%%%%5%%%%55%%%%%%%%%%%%%%
i=i+1;
t=t+ts;
pause (t) ;
end
stop (vid) ;
flushdata (vid) ;
vid.TimerFcn = {'stop'};
delete (vid)
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Ul 9.11 mavaaesit 11 TuviesuFoRnnsdl S, =500 mm. wag h, =700 mm.

image RGB

f Car:0.17

.):1774.90
)4

Pixel info: (X, Y) [RGB]

31]1’7i 2.12 NIVARDIT 12 °Iuﬁaaﬂgjﬁ§miﬁ S, =500 mm. W@y h. =700 mm.
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Pixel info: (X, Y) [RGB]
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image RGB

31]1’7i 2.14 M3VAaeIT 14 Tuﬁaaﬂﬁﬁﬁmiﬁ S, =500 mm. W@y h. =700 mm.



Pixel info: (X, Y) [RGB]

Ul 9.15 manaaesit 15 TuviosufuRnnsdl S, =500 mm. wag h, =700 mm.

image RGB

Pixel info: (X, Y) [RGB]

31]1’7i 2.16 MIVARDITN 16 Tuﬁaaﬂﬁﬁﬁmiﬁ S, =500 mm. W@y h. =700 mm.
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AMNA2DE19NISNARDIIUAIUYIING

SUN
Y

2.18 NMsnnansdl 2 luaiuerannsi So =500 mm. ikag h, =700 mm.
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gﬂﬁ 2.20 NM3nnaasdl 4 luaiue1amnsd S, =500 mm. uag h, =700 mm.
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700 mm.

500 mm. uag h

N Sy =

sUN 2.21 N5nAaadn 5 Tuaiue1awis

700 mm.

500 mm. Wag h;

So =

o
]

SUN 2.22 NSNAaBIN 6 ALY

Y
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DTt
St

3‘1]17; 2.24 NM3nnansdl 8 luaiueramnai So =500 mm. ikag h, =700 mm.
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Image RGB

SUN 2.25 NM5AaBIN

v

¢ h, =700 mm.

500 mm. @

9 luaruenansn S,

SUN 2.26 N59Aaa9N 10 Tuaiue1anisn

Y

¢ h, =700 mm.

500 mm. &

NS, =
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gﬂﬁ 2.28 NMsnnansdl 12 luaiueramns i S, =500 mm. uag h, =700 mm.



165

gﬂ‘ff’i 2.29 M3naaesfl 14 luauenamsd S, =500 mm. wag h, =700 mm.
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image RGB

UM 2.30 NSNAFBIN

v

500 mm. uag h, =700 mm.

So =

15 Tuaug19anwisa

UM 2.31 NSNARDIN

700 mm.

500 mm. uag h;

16 Tuauensnsn S,

Y
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.. 2562-U3qUu
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