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ABSTRACT

This thesis presents.a method for approximating the volume of asymmetric
objects using 3D image reconstruction from shadow cast. The proposed approach is
based on the object and-its shadow processing. The 3D.image reconstruction by cross-
sectional image generated from the object's edges, while the height is computed from
the shadow length. The computations are performed on a 2D plane, and the
complexity of camera calibration is reduced by applied homography transform. This
method is a single shot 3D image reconstruction. Precision was evaluated using three
metal spheres of different sizes, each measured 30 times. The coefficients of variation
were  0.88%, 0.65%, and 1.09%, respectively, demonstrating high precision.
Furthermore, the developed system was also tested with 50 mangoes, which are
considered as asymmetric objects, and compared with water displacement method as
reference value. The Pearson correlation: coefficient (r) was 0.983, indicating strong
correlation with the reference method. A paired t-test yielded a statistically significant
difference (t = 6.09, p < 0.001) at the 95% confidence level, with an average error of
22.14 cm?®. These results are consistent with-the Bland-Altman agreement analysis.
The developed system can measure volume within 0.3-0.75 seconds within range of
180-480 cm?, generating approximately 28,000-40,000 point cloud. This allows the

system to estimate the volume of approximately 1-3 objects per second.
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w3 Microsoft Kinect dsldgninluldiandunuidomani (11-16] egndlsfinnuiBuvunoniil

o & v =)

NJusesliaunsaliuuuenNmtaaINNaed MRSz uUaNsALISIAINUT UG ULAL AMa LAl

9

ﬁ
510189 dmsusvumadninduiuunaesivegldndeniivseduies unagldisnisma
ANAAIANTNIBLULTIDMNIANAMAanTIdINYIeUssanamaig Il dasansurivauili
WuWIdewant [17-23] Aldigauaninyuseidiuui (Top-view) $3uAUNsLELULTAR9
a L3 a I a 5 Y = dycu 1 (Y] Yaa ca
meplaAansUssEuAUsH I Inglunmiel uenanligesiudun1sliisnisinluddi
¢ A aa P . dll P 1% & \ a o
LIUNAIBITNITUUAAN (Disk method) L‘WEﬂmﬂﬂ’]ﬁ’J’]iJQﬂG]@QQG‘UHL?JUELUQWUT\]EJ [24-27]
i [28] laiainsvuudssannmU3unnsuasziame Inglduuudiaeigunsasundanss
nasiialduszannAIAINg RN TR ARIINATIIAZANNEIAINNITHATINNINU T BN AL
& | < Aax &g Ay vy A v oa
sunsadunsenay agulsinadinmavaiidunsussunambilaldtayaninuganuiateena
liarug nessr At uldlasanisniningdsunsanlywyueu (irregular shape)
~ | ° a s v =~ vy PN
Jesnldanuisamuuuinansmieadadnansnuunsaula [29] Lwaiﬁlmsuayjammqw
wiasdlpglonaaaiiessiansien laiimsldaunsalifisiduneliansasunmyunesduiuLAy
1o wulu [30] IsimunssuudssaiuaiUsunsvasanseivestnglduriunyuieliaiunse
Aunnlavaneny Amdauau 50 Aigauansiaduiianasniduaiwanudfiiouszidiuan
Usuas BBnsiildmlunsiiunimdendieags wilu [31] Wiiamnssuudauenuzsiicngly
nszanAnfuiniielindesanuIsouesn N L (side view) va3ing ieldunsaiuniw
AuuLLazAUTIveing i tuatReatula i lUUssnanalagldisnsuuuian 3935013
491 o YV o = Y ad = dg’ L% 24
tanunsailudssendldiuaneniudndels 35nsuuumadilaiunsoanainududouyes
g1sausadlilalaaduluiisnismisenuasmdunisamuanuny Tagldisnsussanunia

a = o

AdinAanswnuNInTIiAAwiastuilieravinanugnieswenisin lnsameninidu

(2 b7 U Aa

T fFUTeTUTRU AmMTUTTNISLUULNNBIAIN AT UANNTAYALYEANNYNABIVBINT
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UMY 1Ay o A v I = o = 1 ° 9
'J@IVL@ILL@@J“U@LaFJﬂ@ISUL'Ja'ﬂfuﬂ']iLﬂ‘Uﬂ']Wi'Jllﬂﬂﬂ']u’)miﬂﬂLu@ﬁﬂqﬂluaquqiﬂﬂqujﬁu‘l@l‘ﬂ']ﬂﬂ']w

=
LAY

[
Y] v =

AMNVDINAAINSUNISIAUS LN LA LI d VAL NINANILUULDATI WAL LUUNIATN

L

[

FWediunAnuszendnaiinnisadanmaudifianivesingivenasn dudumedan

e

weladnisiaueuifntunnsudgn 1980 [32-35] Ingluruifewmaiilidnauedeyaludiu

[

vomanmswazildinduingifigunsawuuiesar daduluinsussendlddmsunisadia

AnaudAvde Tuaud et duidanuseaen b ausn1SWAUIW UL S AFINTUNNS

9

UszunauUSuasaiedsnisadnnn sadunisldndatiiesdufien auaiuldunasindawas

1

A & 1o a = ' d' 1% [ aa 14 =
WUy LED ‘1/1L‘U‘L!LWiaQﬂWL‘LJ@LLENLLUULiEJUQWEJLW@ﬁ%'NNWJQQ’JWQ Iﬂﬁlﬂ’]Wﬂ’]ﬂJﬂﬁlf\]ggﬂﬂiN%

=

371nA18199890 1 LukuITUNY et saleva nnasnisudassuulaluns i
(Homography Transform) Mdunisutasuuussinuiiendasiinvesinguazaniiuiiin

aa VY a v a v o t% o a [ ¥ ac &
voanm 2 16 Widuiidnasevesingvilvaninsemuiadivmsvesing Id laginsuisail

anunsnaneNReInIsEITakIsidudon finnusags ausadssananaldnigluniniden

anusathludssynaldnunsldnuuuaeaniudiiedls

1.2 AUYINUELAZ TN UILAIAYDIIUTY

L weimwinsauniddeviadlianinsadauiuinsvesingnilsunsadauunng

'
aaa

Y39 llaNINT lADE1NBHUIIBAINNTATNEIULATAS 19928735 AN5ET
2. e linsauddevidllraiusarumdsuiestewuulidesaauiiiau
naeslasnskimadalalunsanil

3. deauwelITMIInYSuInsme NSt ienanvesing

1.3 YAUAVDINIUIY

[

1. Waunseunuidevimilnaiunsainuiuinsvesinniunsadsauuinsuuuly
AR INIETITNTTNOARINIVDIIRG

2. vegeuUszdnsnmuesnseuideiadlunisinauSumsvesinglagldanuea

lanzuazsuzihaduingneaey
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1.4 JununsAniuauivy
1. Anwisnsadaninanuiidvawvuueaiinwazmadnifeglutagduild

Uszgnaldaulunsinuiunns wagmdaunnsaaieusulsslniiussdnsainuin

[
=

U
2. Wanwlsudsednsunsiauunsteimanuuiiuguvedeiriugesa
3. WaungerwsiuuiuLendndulaglimsuisaiiiautuiel¥nUsuns
4. negeulszdvaninnsindsuinsivanuealavensinay lngldnisewranduen
91999
5. vnaauUsednsnmnnsinusuinsivugaag Inaliuatan1snaLuaA8veLad

Wur191999

= a a -4

1.5 978928 NGgIUNUS

TuAnerdnusaduilauuaderimuneendu 6 unmany lagwloniusazaiull
YL kTl

d' 1 = a v 1 v L2 a o d'

un?l 1 na1fsnandugivesnnudde anuyannstas Tng Useasd ©uiden
LNETDILALLNIANNITTLIINITEY VBUMINVBINISINEY  LAESNUaLLDIAUDIINYITNUS

UNA 2 NE@MAIMQU MN8N ULUUTIa8sweInaokazn1skUadtalunsuil lawn

o v 3 a ) o 1

LUUTIARIUBINA BV ngugnishuadlalunsnil waznisaiuiumiA1vedlaly
NSNALUNINDG

N9 3 NEDINL B LAz naNNITNREI TR UITNISATININALTAAI8LAT B IARNY
audd lawA NsiuawsTeLMeRsnnsnng MaLuUkeAuazwUUN T

UNil 4 NANTINURasNaNN1TYBINITASNANAINTAM8LTN0AAUT LakA
L5UIARRVBINITANLAUTHEG NITARUBUALMUILEL N15ATININAAVIN NITUTZUIUA
YSUINTINATNAILLR

unil 5 1 JuUNaN1sNNaT NISNAABINIAIAIULT IATI NITUIAIANNLLUE N3
a 3 U Y} [ 1 d‘ - d%’ v aa d' 2% 901
WATIEFAINUAUNUS TEUINITEUUNNRUNTUAUIT N TN UAf 81N

unil 6 Juunagunanside  deiausuuzuazuuimienisiiluuszandldauly

AR
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unii 2
LUURIa99INaauazn1suadlalunstni

v '
= a o v

nsitadiaiuudnaeindesdenugiuidfgyluunisriuasuiiine s 3vel
TnglowzmsUszgnadldeudmivauiiedesiumsnneidainna fewdudesiins
WUaInil85E1I1991NIEUUNARNA 09 (Camera coordinate system) Aunuaglussuuiing
Tana34 (Realworld coordinate system) Tngluuniivauesisavidonuazisnisiiaiy

a A ) ° 1 a o 1 a =
LA LﬂEJ'Jﬂ‘ULL‘U‘UQ']@@\TSUQ\Tﬂa@QLLa&'ﬁﬂqﬁLLﬂa\‘iWﬂ@lﬂ']W@'lEJW]?"IU?"II@I&IﬂiWWW

o v
2.1 LUUNaa9ua9naay (Camera model)
miLﬁmﬂWWGUaaﬂé’aammmﬁ?’]aaﬂmBT%LLUUﬂé’aagL“ﬁulé’f ANSLARAIN 2 ARLAAIIN
aa | 4 = 4 % d‘ [~ [ @ o ¥ % o
AMwanudfduaudvenvsoauduoinaesniluanvar ians vilianunsalduuudiass
v v & < & ° & Y ~ & ~
NABIUUNADIBTHBUTUU VLTI UT A NTYR 2.1 IASUAMIMUATIANAIUNTEUIUYRY
< ::l'l @ d‘ [l [ = W
a1 Az lukasinueIaIngruInanfsguussuuliig (focal plane) Badnuniznisang

wasuIUIAENEEenitnasluseduuumeanTin (Perspective Projection)

dhold virtual image 3D
p plane object
Iy
(o5 e oy
| T~ |
,f ;& i | i | ' ‘
| 7 —aays I E\ | ‘
L\ SY.
I f T 7

JUN 2.1 uLuudnaeandesgilu (Pinhole camera model)

LUlAI19AYRININNYTING DL UUTTUIUAIN (image plane) Feaglusyuuiinn 2
aa I3 a a A aa = = o o o =
Tnuduiusivaeieglulanaseiegluseuu 3 IR Feaunsalsuanuduiusianuaunisi

2.1 lngaderannsanumasumaie [1, 2]

x:—f%, y:—f% 2.1)
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Image plane  Scene point
(X;5 V55 T5)

center of
projection

(3]

JUN 2.2 WUUAIABIYRITLUUATINNTNYBINGBY

wagiitamuelunsiaien wausalsulnallansgun 2.2 Inglunel il
auuAlisEuIuAm YuegauviiszuuveaniilalagisenitssuauaImaiow (Virtual

image plan) liveviliiaissusngauassszezlia 7 Tuaunisn 2.1 1Wuvan wagaiuise

Weuaunsivalady
o
RoE S (2.2)
ZS
AV S -];y— (2.3)

Qe

% [

UFUAUSLUULTUEY

=

eignlusianasuusEEIUNIN (X, Y;) NUevesing 3 85 (X, );,Z)

9 Y

-] % a Y
Mmliaunsaleuaunisnneesinidy

2.1.1 szuunnawuulaluiilled (Homogeneous Coordinate)

a a

farsn P=(x,y) vussuru K fiegluvigiuuugadn R” (Euclidean space)

Y Y

(%
[ ]

Tngldszuusedeiiinuuuansfideu (Cartesian coordinate) (x,y,z) Tsszuviiaildena
TinAugEIntunsIinseilaga 1 dun1smaun3ngaaiviinisklas (Translation) 5o
=

71n15018 (Projection) 58UV AU LALAAAINNETUANTUNTIVININISIANDNTR

T U XW, YW, W 1580 . 177 projective space P"hagtianszuuN N ALUUN 11
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Homogeneous coordinate taglunisuisasimualy . TA1inAu 1 Aeduaunisi 2.4

avanusaeulaidu

NFUNTTNA 2.2 FU 2.3 hay 2.5 zaunsadsuauniIsanudunusiunnnlaludilea

Iluaunisf 2.6 lneiseninnsuasuuuineaniin (Perspective Transform) [1, 2]

X
21 [f/z. 0 o oll™
yl=f0 7 0 ol (2.6)
| NN A el Zl

2.1.2 W5 amasneluvaendas (Intrinsic parameters)

v
o

Wesnluszuurensuwesnmidugunsaiiuusianes (Raster Device) Wuay

£ 74 1

§1989uuuIUA 23 (@) Inafgaisudu (0,0) Auudrevu ualussuiuveinmiuyasudu

3

(0,0) Anenang (Principal Point) ;= (xo,yo)

Oy
R N N 0.0)  “u(col)y |
. ]v
01 | B v (row)
X (0.0)

(n) (¥)

SUN 2.3 s¥UUne () SLUIUA () SEUNULULERIAMN

[
v A

SetUNITWUaINTEUUNNIUSIsE U U URsaE LA A UdU LS Hatl

X +7Z
u=kx, +u, = fk —"= ste
Z
’ (2.7)
YS‘ + ZSVC
Z

s

v=kyys+vc:ﬂcy
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Inedi k, Aodrnisusuainaludieniawnu . dau k, fednisusuainalufieniwnu ynsd

s d‘ d' v v v ! k ISP Qll IS
L‘UULGUEliLﬂuﬁLﬁﬁ"dﬂ‘\]ﬁ]ﬁﬂ@@'ﬁ'}ﬂ?u%aﬂ k_v agfandu 1 9naunsi 2.7 avanunsadeu

X

aunsluszuuidnlaludidealugluuuvesavindlaiu

X
u' a y u, 0| °
vi=lo g v of” (2.8)
wl| o 0o 1 of™

Toefi @ =k, f Falurpauemivfaluianwnu, lunhevesiinaauas f =k, f
= @) 1 (Y a 1 a 1 <) 1 a 1
Faduaranuerlnialuianiawnu ylumirevesfinea @i 7 wWudmsndwesvenis

Hou (skew) naun1si 2.7 annsadeuludleilu (1, 2)

o ¥~ QY- PN 7V ah X 4 P ~0- L8 O
0B v 0l=[0 Bow A0 1.0 0/=K[L]O,] (29
e i/ | UL 0\ G Dl Gty D

[
A

wnsnd K diSoninaunsndnisususiev (Calibration Matrix) L0 utuns ng #
Usznaumienisidinasniely (ntemal Parameter or Intrinsic Parameter) danwauzidu

anudgndnsuy (Upper Triangle) au1a 3x3

2.1.3_ W1s1dmasnieuenvesndey (Extrinsic parameters)

NANT 2.4 WiesRarsangn M seglusyuiuvesiinalulan 3 35 nszuuiiie

Y99NADY A NITAYUANUFUNUSIARIFUNITA 2.10

M

X,, Y., Z ) in world cordinate system
(x,, ., 2, ) in image cordinate system

VA

5UN 2.4 nsangnawesaniiiavendesludinlanasa
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CM =CO+OM, co=T (2.10)
xit+y j+zk=Ti+T j+Tk+XI+YJ+ZK (2.11)

x| [T] [1-i Ji K-ilX,

yo\=|T |+ 1) J-j K-ilVY, (2.12)

z | |T| |1k Jk Kkl Z,

WaRansanluszuufinauwuulsluddea

x| [1i Ji K-i T][X,

g N (4
= = N (2.13)
s | |1k Tk Kok T2,

0 0 0 L] 1

annsaleuluglady

xS XS
R T ¥
/3¢ S (2.14)
- o LVIND
1 1

logl R uay T -AuvnInveamavsu (Rotation Matrix) Wasluviinyaen136189ne1489
(Translation ‘Matrix) tiatlUsiuduannisy 2.9 wisdiwasneluvesndndazaunsaideu

AUNTSNITDNAINUUIEU UL BRI NIN LARsaNnIsT 2:15 [1, 2]

x=K[1, | 03]{(1; _IT}X (2.15)

x=PX (2.16)

P=K/I, |0, ]BT ﬂ (2.17)
3



19

2.2 msudaslalunsani (Homography Transformation)

NI1TUIAUNITN 2.16 MTUNITHUAINTZUIU 3 TRUNTITEUIUNADIMTUTEUIU 2

a

5 (3D - 2D) minhdeulugUveaamindleludiea Ingliunsng P flvuia 3x4 39

Wuwnsndnisudaswesndes azaunsaeuleduaunisi 2.18

, X

X B, B, B, K y

Vi=|P P, Py Py (2.18)
z

e e R R

9/
v A

farumnuaesEunuRTatulanas sy 3 Saduddnwusidu 2 896 leeld Z=0
azvilaunsanasanladunistlasannszuiulanase 2 ARudessunuredndas 2 Tale
lagviliaming P-iidvwa 3x4 ardnsaanjulinie 3 x3uazarusoteuludladu

aunsi 2.19

k7 B\ B /BaNZ
Y |t GV L (2.19)
1 By Py Pyl

nasivasluaneneisona1n1sudasiuulusianineeeseunu (Plane Projective
Transformations) %3 atdunisudasuuulaluns il (Homography Transformations) &4
aunsawansanvuznskuadlalugui 2.5 Inesznu; lussuuiidalulandse uag 7' 9
[~ (% 3 d' I} d' [~ [ Y]
WUSTUIUATIN AdUU A1SUABULUAIIRISEUNY 7 —> 77" Ml ua nwaen1stUsLaAtuaNunse
wnularemsng 3x3 Ml non=singular matrix AetiusuALaeale world coordinate

(x,» ) Buazgnudasllnssiaiwinty Fx visodguduaunisi 2.20 16

v

5UN 2.5 M3lusaaturesaeglussuufiinlandasauassyuiunn
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x' = Hx (2.20)

e« Ao galag vusEUIU 2 87, X’ Ao 9a . Ngnulatlumudnuarnisiusinty, H
Ao wv3ndnisudatuulusiarduvesszuny (Homography Matrix) 1u non-singular vu1e

3%3 st [1, 2]

wx hy, 12 13| X
wy'|=hy hy hy ||y (2.21)
w by hyy hys || 1

2.3 ArsAuuasUssuua1veslalunsnNunIng

v

dusumsmidlalansaniliunsnduuisuaulagldaaninfinsiue naasdl
ANUFURNUTTENIN 290 P <> P lpefl P Aoszuruiinlandswas P Asfiinssuiy
AMAITILENNTST 2.20 Azannsadeulyailalu

p'=Hp (2.22)

= = a 1 a o ] ) a 1
o pduganey uiTzuUNNATeININ (Image Coordinate) kay p! LdUYAN oy U

SUUTIAnase (Real World Coordinate) Inevsgiaguniiinuwuulalydies

X X
p=lyl, . p=l) (2.23)
W w

Toeft H Julaluns1iiamdnd (Homography Matrix) uufidalaludiided vuin 3 x 3

(%
Y

UsENaumenisIimetagnavin 9 fime

by h, s
H=\hy hy hy (2.24)
by hy o hy
Wensiulaidu
X' n hy o hy
Y=y hy by |y (2.25)
w by hy b || w

IS a ¥
Weuluguaunisidaduy



xX'=h,x+h,y+h,w
V' =hyx+hyy+hyw
w=hyx+hy,y+ h,w

Feulvegluszuuiiinasideu (x,y) 1a

X" X+ hyy 4w
=

W hyx+h,y+hw

L' hy X+ hy, v+ hyyw

=
W by x+h,y +hw

o= hyx +hyy +hy
_h31x +hyy +h33_
TAS hoyX 4 hyy +hys
_h3]x +hyy +h33_

IS [ a Y -dy
Weueglusuuwuugaanlanail

(Aot by Py )= by + g+ = 0

y'(h31x+h32y+h33)—h21x+h22y+h23 =0

Ah

Il
e

Feulugdumsndladu

hll

hlZ

hl3

' ’ ' h21
x y I 00 0 —xx —-xy —-x L 10
000 x y 1 —yx =y =y 7| |0

h23

h31

(™)
S

> S
bt

21

(2.26)

(2.27)

(2.28)

(2.29)

(2.30)

(2.31)

(2.32)

(2.33)

(2.34)
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azwiulainunsng A WDuansndilinsiuan Tneisiuiuianus 9 67 (9 DOF) el
Wasannfiansanlussuuinalaluddivaniivinwmasana (Scale Factor) @ekiwindu 0 Aadu
1 =& = U U gj aa = A 1 1 o v a 4 a A
YNYATENINTTUNUADYAREIAU Aetulfainadafednluling viliuvsnd H Hiiies 8 DOF
1 gj 1 & ¥ a L4 & U 1 1 U v % 1 1
Wi naAelmunsng H iaesmwlsiinsiuan 8 f1 mindesniswiaun1smian H agn9

weedodld 4 gpdivazanunsauiaunsia [1, 2]

1
|
1
I

! !

x y 1 0 0 0 —-xx —xy -—x

1

|
> >
w [\

S

vy, LA 0 0 - wx| | i %y, —X

n-'n

, , (2.35)
O x, YN (/A2

(%)

g/ 0 0 31— QL&s7,x Svet, P

(™)
[SS]

R EE R
D]
I
S O O O O O o o o

()
%)

Wesainauns 71 2.33 {Wulymaunisssuudadu dmsumsuidgmiuaansash

Iolngldnsuszanmuauuiaaestiosdn (Least-Squares estimation)

mhin”A-h”2 subject to ||/ =1 (2.36)

al

lngAnamesanuMzanEnviin 4’4 Iaosnianner b N

[ J

Yuamau v3eldIsn15wena
Wongu (Singular Value Decomposition, SVD) Inemsuanunand A senduuandg 3

ANUAUNITN 2.36

A=UXVT" (2.37)

o

a9 Unaz V Wuamsndndesduiidunnmasanieg (orthonormal) wag Y 1uwm
SnguuINKesndaAaniy (singular values) lasamau h Avilsaunsi 2.33 10w 0 fe

LnwasAvaNgnveues 1

2.4 a3l

wuudassvesndesiailuiiugiunanlunisussanananndausviadn lngwrmnzau

v

NADIASTIZATIUT U Imiﬁwmﬁaamé’mgLﬁuLﬁ'aLLamﬁqmmé’mﬁuéiwdwizmu

v

aniuszuuluinalanass wenanddalainausiielnussuuinanuulaluddvaiiowily
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Y]

Uggnudsaina vinlianunsaAnumnsdwesnglundoiuaaznigusnnasy uenanilds
daueIsnsuvasuuulaludifeandunisulasuuumeailaiinsiufnismaunsnglaly

N3 heneIsn1swenAeng1u (Singular Value Decomposition, SVD)



o
unn 3
< v velw aa
NILNUNTNUBYAISYSNINETNUS
nshaunvestayaluiuidilaeamzunuinrseasiguueuituluivainuaieds
My awnsasuseentaidu 2 Ussanfe wuudssinnmadvuasuuuyssinnuendin doya
av v o = N = o Y A A A ' o
Alauuasisenitteyaseey (Range data) Peanunsavilalagldiasesilenisuninaiog
aunu 3 16 lnedivarevdedredudusgivisnislumsiiudeyassey lnedeyaszezld
Uszlewvegraunnlunisiluussgndld 1wy n1snisasnanin 3 IR ssuunisusaiiuges

wueus n1s3tadelsaludunisunmg nsinswinvasing Wusu dululuiidetasnaniia

N9IENISNUTayaa LT AT ULUURIe

3.1 USENLUUNIaDIW (Passive method)

aa = 1 a d' =) I o a 1 ¥ L3
ABNsuuvmadnezluinisderdunssundsnidaiasoonld unavldusylesiain

aa

wasrildanunsaalvadlaaindawindauseudiauny I5TUIATIONTENINEN 0T 1o
(Stereo vision) eaurglmniioununisldnivsasrewysdlunisinsseenig Wuisnisnly

vipuiiasannliddniudeddaunsaleslsuniowaldndosmiviasssunn Tnavialuazly

napsEeiie iUl sz e s vina ik uoURIsUN 3.1

Object
Camera View A Camera View B

5UN 3.1 mann15veIsEULAINesLaIvUY (Stereo vision)

MANNNTVRELRESIRITUMTRANINSAlIANNMTIATIE TSV IAIRaVR AR LT UT
3.2 lngAauaneing (Disparity) ¥893ANMANATUINNTLUIUNNVBINADINIABS AT

ANUIUNNTEEENILS



X, X,
<& > @< a
< >0 < >
U\
#“‘
L4 .
- .
K4 .
L4 .
L )
K4 .
L4 .
4 .
K4 .
L4 .
4 .
4 .
K4 .
4 .
4 .
R4 A J
5 Z .
4 .
- .
R .
R .
R4 .
R .
R .
e .
N .
Image plane 1 . .
——— ——
L4 .

. X x2 .
L 1 .
L4 .
L4 .
L .
J v )

P n
< »

B

Image plane 2
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5UN 3.2 mydnszegmaluszuvameiloitulaglindnnisisuiadinanuinte

| o a [ v v ¢ 1 1% &
’ﬂ]’]ﬂEU‘Vl 3.2 'ﬂ]%ﬁ’lll’liﬂwﬁll’]L“UEJL!L‘LJ‘LlﬁllﬂﬂiLLﬁ@ﬂﬂ’J’mﬂQJWUﬁiS‘WA’W\TﬂaENVNﬁENVLm@IEJ

o b2 < [ a v ¥ < o 1 [ d'
Avuali P 1dugavesingluszuuiidnndes g x, waz x, idusundsvesingiile

a = [ a o £ <y o 1 [ A a
WU SUNUBUILAY Z UDIT2UUNNANE DY Ay X, X, (UUAILNUIY999IRNLAAT UL

STUUAWE
naodi 1
AHEH
1V
N 2
ety
1z
uay
X, =X, +B
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nsunly Yreanieyy Correspondence Problem wslunisanszoginellazilunavinliaa
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3.2 Ussnnwuuwaaiin (Active method)

\euilulaymives Correspondence Problem Feunuiindasfidugunsalifiunin
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' [

oonld 1 flasmsunusgiadssiidauaiuazFonisiimdnnisvessUaumdsuuuuuen
fiw (Active Triangulation) Tngvimsasuasadluuuingguiuuresuasiiasiiouuiuinves
fnagduiusiuguaiuinasing wdvhmafuamvesgavidouasiild udhdouanmd
InUsvananariieadsnwanuiifiviofuaniiemAnszegyeeing lnsgunuunisaiouas

anansauUseaniamainvateguiuy winerfinusatuiarnandsguuuuiiaulawinty

3.2.1 39an8uauuuan (Light Spot Triangulation)

'
U =

auyAInTI WA AU UNINOAIFUN 3.4 S MEIRINA1IASNALAIUL TR waL A
aznouludindad laaszerrniseninndasnuwasnidanasfoszey . d asmulaiiady
SUBNUWB UL USENIIUALYBIETNANNTENUA YNGR VI IAaILII0AIIUMN TEYEN 1 - AN
naedludsgauuingls windesnsmszeznengaduguuingazfatdeugaiatluinnasn
d! o ¥ 1 1 o a a"q ¥ 1 6 a %
AN AlEanlunnsuseulaans duwasniatasnfoulolann wauaees IaNuy
LEeas AN 1IARNNRAY wazlnnTEaeTeasiaslvanuasignian @asnsaldlafu

annuwandauninasuniildlanazaiuisaldfinsaduas (Filter) fundadlatiiansasainy

gnaunaslugunlideIns
TunisAuaumnIszess - duanusaduianildeinyu 6,0, uazszezne d 39
yu 6, dualdanaruenliiauesndoritle £ Faddeefinussezriiaingudnaiaaud

naesiuganIm X Jeuansieguil 3.4 seduya 6, ansadandeuduaunislened

0, = tanl(ij (3.6)
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(3.7)
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sxaursadulenauinwayau Tus
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ynul
Y

YANINAGNAITUEATUYI (WDuuan)
wivegaugne (Uuau) vesgarudnalwonaudndes yu o, Wunubesveaniosiniaue
Aatiuszeene - gnsadwIldlagldnguesnessdaly [36]

D-sin0,

" sinl80°—(6,+6,)

3.2.2 Asangudauuanetdy (Light Stripe Triangulation)
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azlannnsaneuasinusewasaaInAsesnllawasniiyaaudianisiinbiuaanlananedu
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3231 nsshswanuuluuni (Binary code)
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JUN 3.7 watlansaenasusialuuns (Binary code pattern)

3.2.3.2 msidsiauuungd (Gray code)
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v Y ' a N oA Y o o | 4 =
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L‘WEJU'VlLﬂﬂﬂ'ﬁﬁ%ﬂausﬂa\ulﬁ\‘iﬂLﬂﬂﬂ']ﬂWﬂL"?jaIﬂaLﬂEN [37]

Decimal Value | Gray-code | Binary code
0 000 000
1 001 001
2 011 010
3 010 011
4 110 100
5 111 101
6 101 110
7 100 111

d' = a 1 v LY Cd v U d‘
E‘U‘VI 3.8 MSUIgULTBUIE NN SISl UUINTSwaznsEasialuuluwns

3.2.3.3 nsiasiauuunsdeumis (Phase shift)
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Lo (%,7) Ao vunavesdyganan (Modulation) way ¢(x,y) Aewlavesdayin

T o A

v & aa d' & Y o i o w 7 °
ﬂﬁuu’lﬁﬂqiLL‘U‘ULGQULV\I@UQSI%LWENLLQ 3 a']ﬂULWiﬂJWHUUIUﬂqiaLLﬂu I@EJV]’]WW?Q']EJ
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v v & a ' . < A v v ° v
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o 1

nsrUIUNSHaUNdULiesEyfumUsfiisondn phase unwrapping duvavosdyaar ¢(x, )

9

PNTIVBUEWI 3 FATNAnALazNsNTUEINsaMlaINaunIsH 3.10

[ (x,p)-L(xy)

(3.10)
21, (x5,3) -1, (x%,y) -1, (x,y)

¢(x,y)=tan"' B
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3.2.4 MSENSHEARUUINSULAYD (Single shot)
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Red Channel Intensity Variation Pattern

CompositeThreeColor Saw-Tooth Pattern
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ldusdvdeunvinaineyasaaniivwn 20x20x50 43 311U 4 Wienieiu lagynuiedngnin

o

yunameieiiendlives antuwihnisnsludnuusliuudmdeudnsanugun 4.3 lag

(% [
v v A A

Tunufivesdmdendnad sudununidmsuldlunisine 1eannsgayuved A B C way

q

D «Juandedengnilmwnmmmindlalunsmil
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Point light source
@
AN
v
[N
[ DA
N

~
N ~
(I NN

\ .. light rays

UM 4.3 Mynainguisdmdeudmsunisasuiiguiinaunasniidaues

ldl a ! a gj 1 L 4 4 o
ANUYNIVDIINILAAINNITISOTATAATIS 4 WIS A4, BB, CC wag DD’ ONNINUR

wazantaeldiandeiuyansunsaiiaundu arnuuldisnisuladegldlglunsanilunindg

A o/ 1 % a 1 1 ] aAa ¥ a P 6
\alilavtiiednlanase (e i) MupNugatwivesaIan wagldaunisn 4.1 wem =
wyligunsoRamdusddeundu ¥ noludwiuvtsamasmidanasla wemld
AsUT 4 15U azdhlfeunsaUssanaagaiidavesuaiuinuasldniugui 4.4 ege O 4

q

ugednveadusedns 4 dufegafidaunasiilaua
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Wosnyy 6, Yuegiumnuevenn lnenseuiunsnidue1edeilinlaglyisnis

ANLNE Y9919 bANAANNLARRULA ATV IALALS A LAY AauARIIRBNNSUSEUNM

v a a ! Y v a

YBIYAAATDUFUTIENS 4 Ly nNNIsUsEIIUMYafaTiasdveudussd ntulaigedn

Y

Y9IV 2 WIMRTanaNS
finnsanguil 4.5 1§u59E R weg R, ogluvigianufiafigaduiedl 0, uay 0,lned
naweinilamie « uay v Wunawedueniianamudiu fuualian o uag b g
fn&arlnefidu ab Huduidou (36]
R =o,+su (4.3)
R, =0, +1¥ (4.4)
dwmoadu ab duisnogfudused R uar R, fetunagniga (dot product) 34
AN O
(R\—R,)u=0, . (R-R;) V=0 (4.5)
PNAUNITT 4.3 4.4 Uaz 4.5 uazivuali w=0, -0, wld

¥ () (4.6)
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ugefanas B asdszanalaann

B = (4.9)

'
=

lggn P URegauszananinduganinasesivaadussd Jazdesnyaninansdn
Ails Wneanufidmunlidu P, dulugadnduvesdusdne 4 @umdugn O musuil 4.4

azUszunaleanaunisy 4.10
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(4.10)

]
O

SUN 4.5 MIAATUYBAAUTIATENINNEUTE R wae R,

v o . o o
4.3 n13d3190MN18aAY79 (Virtual Slicing)
= aa A o v aad o Y] PR aa
el nsidunldlunisasenmaiuilffenisinn naiasavneiklunin 2 46
a o oA = & Aaa A a v aa & 9
11589t uUiaUTENaUT LN TUAINENER TasANLSUALYIISNITULIAINAITIALIUD

a a

& ¢ = = g | I3 a o
@%IJ'GTV] LARAAINEAT DILDNYLIY (X—ray) Vii@Lﬂi@Qmﬁ'ﬂ'ﬂﬂ@‘UVﬂﬂjauqﬂLLlIL‘V]aﬂﬂ'ﬁ']llﬂﬁ]']L‘W']g

Qe

(Magnetic Resonance Imaging) fianunsardenaunufinudnuansisiule lngtayauray
mmﬁmluuﬁaz%u%Qﬂﬂﬁma%ﬁqLfJumwmﬂéfmmwﬁLﬂum‘w 2 {1 [Wuagatuiuisnig
auanaeshUsdIndng [44, 45]

Nvdnnsnsiiasadavesailugul 4.2 azamnsautsniadauing S, Tdee
yuavasiinwan nluwwiuny x g S, e{x,,...,x,} ax, uaz x, Aedunuesiiuas
vhetngluiuauny x U 4.6 wansfenadnun S, Tnsudazanadinvnaasd ¢ 9aiiduge

%an 1nggn B, a8 laanuann1ssvInfnaumasunaunisn 4.2 @3ugn P, Ay P, g
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MlA N0 UreI TR luluILNL ¥ 9INVOUVULAZIDUANAINAIRU Wazen P, AA0qn

WeuAU P, sl z=0

N -
.._E) - N
Py

JUN 4.6 MSIAAAUIMALULISUIAGIRINALNUNANYEIINAUAIILEIVELN

mﬂgﬂ‘ﬁ 4.2

4 Y
4.3.1 MINlASETINUNAT92897A] (Skeleton)
nsmlasasimanvesing awnsailalasldnszuaunismisniinisulasinglu
awluuslanaledudunaninisnarswesing (Skeletonization) Fuiunilslumaiinves
N13UsEIIaNANIMTIFUI1MTBlATIAT1e (Morphological process) nilalusanaifiuiidey
& A ax ) o o O a a 1o &
WuABIEN13vee Lee [46] \un1serdenisvingrvesnisvesmsauiingainlidndusanain

UVBUYBIINE

B & l
It P(x.y) £
P £ e

JUN 4.7 duniaganfiansan
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fiNsanguil 4.7 eafinia P(x, y) fqnsoudna 8 gadaiiainlsivindu o Tnedeuly
dnfumsaufinatufe
(@) 2<N(P)<6
(b) P(x,y)=1
() PxPxP. =0

(d) PxPxP =0
lng N (P) Flenasiuveseniinwaiieliwilainginininuiiouseves skeleton

8
N(P)=>_P (4.11)
j=1

1

4.3.2 n1sa3sgansenaaInlagn1suszanaa ludladilsnduaiou

WYUINNNaeEIU (cubic spline interpolation)

o P & Y ¢ I3 ) ° A
ANAAFRYINaNY slNUsznaulumenaeiaaiaf (Point cloud) $113uNIN L
anuso lUas N menudianienuayBengals vnniiansannlasEinma 4 3anlaunain
NEUIUNTUIENIINAINTTAITNIAINGUN 4.6 131aganunsaUseanaanfinialaainyandn
wiall Ieelaisnnsuszanaadlutag (interpolation) TnaluswAdetlazldnisuszanaailugig

a & = o w j % . y = [ Xl
Feilanduaiieunyuumasaiu (cubic spline interpolation) esainilumsuszanalnaly
= = o8 | o 1o s ¢ oA =t
dgaiiosayaunyas llynglauu - nsdssnaganesinadasyseunalae nusiazas
I [ a < [ ] £ ! & o [ s
dwuvesing #a1swn P, B waz P, \Uugandnvesdiudiy mindafleddu S(x) 1Wuileddun

moLlloadugieg (piecewise function)

o q' &l 1% ¢ s . ° P
Aaadinyauysalnuseneulumeneasdaanin (Point cloud) F1U3ULN L
anansahlUasinmauiiiniianuazidenadls mniansanantasasisie d o P, B, P,
av v aa - =
wag P, NlAN1annnseuiumMsussulianaanisnIsnnguil 4.6 1s1aganunsauseunagai
widelanngananivaiil Tgld3snisuszanamlugis (interpolation) laglusuideiiagly

n1sUszanaalugaailan dualiounyuiuindeay (cubic spline interpolation) L8430

I a = = U] ! I R 13 s
JunisUssanalndludeaissagisuugaddldndamy n1sUssuinganeeinainay
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Uszanalpguuifiazassdiuvesing R915an £, B, way P, Wugananvasadiudie wina
ilaftu S(x) Juilsidunseiiiondutig (piecewise function) [3]

s,(x) if x <x<x,

s, (x) if x, <x<x,

S(x) (4.12)
s, (x) if x,_ <x<x,
Towit S, Aoflaridulndludeardsany
si ()= a (=% ) +b(x—x) +c (x—x,)+d, (4.13)
Beoyussusiu 1 uaveyussusiv 2 vaalladdu s, fe
si(x)=3a,(x—x,)" +2b,(x~x,)+¢, (4.15)
s"(x)=6a,(x—x,)+2b, (4.16)
Tnefl i=1,2,.c.n-1
wazifosnilaidu S (x,) avdszanuamngavosvesoyadeiu
S{xd) =, (4.17)
So i=1,2,. Ln=1 Taefl w e[x,x ], S () =, (%, ) 9inasnngi 4.13 agle
Yy = 5i(%)
¥, 20, (=% )8 (2 2x) +c (0 x)# d, (4.18)
yr=d;

Wesannidulas S (x,) Tuasdasrunuynneg oo wianualugie deiuluusas

1

¥

flafdugosiviondonegiugateyase
s, (%) =s.(x) (4.19)

dmsu i=2,3,...n-2

MNANNST 4.13

s, (xl.) =d, Uy s, (xi) =a,, (x —X, )3 +b,, (x -X, )2 +c,, (x -X,, ) +d,

(4.20)
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dwmsu i=2,3,...n-2
A A v v [ & YA Y A o 1% v O
LW@VIQBIWL&‘UI@\TN']TJVNGU'N @HWUﬁQB@@QNﬂWLWWﬂ‘UQﬂT@%@ ANUU

si(x,)=s_(x,) (4.21)

NAUNTNA 4.14 9laI

si(x)=c, wag s (x)=3a_ (x—x_ )2 +2b_ (x—x_)+c,,
¢=3a,, (x—x_,) +2b_ (x=xy)+c, (4.22)
dmiu i=2,3,...n—2

NAUNISA 4.15 9zlan

sl."(x) = 0aq, (x > e ) +2b,
sl."(x. ) =6a, (xl. g/ ) +2b; (4.23)

dmsu i=2,3,..n—2

"
i+1

waz il 89910 87(x) sgdesr UL azyasegen ol 09 5 (x) =51, (x) @1y
i=1,2,3,..n—1 vnleulaiuazannsd ¢.23 alii

sH(x, Y="6a,(x.; ~x)+2b, (4.24)

si (%) =6a,(x,, —x, )+2b, (4.25)
wAsUALE = x, = x SRTRINANST 423 was 4.25 ke

2b,, = 6ah+2b, (4.26)

eV launsanasu lAdsTu ASUINANNISN 4.23 9zauNIanuali s’ = M, 1

sl.”(xi) =2b,
M, =2, (4.27)
oM,
2

[

3 - vo &
wona Nl d, asnsansanlacadl
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d =y, (4.28)
wuheatuiumsldannis o, asanunsadoulaidu
2b. =6ah+2b,
6ah=2b,, —2b,
a, = 20, =25 (4.29)
6h
2 Mi+1 _2 Mi
2 2
a, =
6h
a. = Mi+1 _Mi
\ 6h
d ¢ azanutsndeuld
d.,, =ahl’ +bh’ +ch+d,
ch="ah’~bh*-d +d.,
CLan~bk=d+d
" h
—af —bh  —d+d
o\ +
h h
¢, =(~ah* =bj)- AN,
A Mi+l _Mi % +%h NLY;: IRy
' 64 2 h
¢ = NY i Mi+1_Mi h+3Mi h
h 6 6
¢ = Vit =Vi (M =M, +3M, jh
h 6
4.30
ci:ym—yi_ M., +2M, 7 ( )
h 6
asudnagldauntsdmiumdudssavised
Mi+1 _Mi
a, =
6h
p M.
2 (4.31)
ci:yi+l_yi M., +2M, h
h 6
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¢, =3ah’ +2bh+c,
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(4.32)

Nnauailansedalveglussuummindlalagunuenaunisi 4.31 Tuaun1si 4.32

M
14 1 0 00 0 0] M, [ =2y, 4y
0 4 1 0 0 0 Of M, Y, =2y, +y,
0 0 1 4 00 0 0| M, Vs —2y,+ s
. . . . . . . _2 : (433)
h
0 00 41 0 0||M,, Voa =2V, 3+ Vs
000 N4 0| M, Vs T2V, 0t Vo0
0000 0- 14 UV M A L Va2 =20, 0,
_M” -
50th slice
20
+ Half Left
A > X1 (! o°°° °_Half Right
. / +* Ooo
10t Pa
E 5F +++ 0%
SC1|5) 3
£ op% S
= . s
Q + o
I 5t g S
10} K &) o°o
15} Vo AN oo°o
-20 : : ' y '
0 10 20 30 40 50
Width(mm)
sUTl 4.8 A seuysaingresdaadfiaiisanmsUszanalngisnismmg

v

o w = = ! 4 PN I = g a
UINNAIEU I@SaLLWiLLﬁ@Qﬂﬂﬂ?ﬂ“ﬁ’]ﬂ%ﬂﬁ%ﬂ’mﬁ]’]ﬂ’@@ P, B uay P, aiuduiu

Judwvnivszananingn B, P uaz P,

4.4 n15U52UIUANUSUINTIINNISESINTIWEIUTRIINATWAAVINY

Msas1anmaudfanniIsusenaunmdnvIsntuse futudunilaluisnnsasis

awanusianldiuegaunnlasanigluniwiunisuumg ganminvineilaazlaunandeya
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yoslasaasnielulaenss annisldnauwdmanluihniisnunangganals wu T95edond (X-
Ray) 138 N15auNUA28Aa ULLuanIWH1 (Magnetic Resonance Imaging: MRI) Iaeiii o

a I

amdnvnsnTIuiuagiililenm 3 dafauysaliliifosuiteyaiiduiosnuinvas

MeuenuslisyazBunfsueIRanvarnelusie nidiaunsomuamUsuiasiadeg

LA ' v =i
ANNATINVDINUNVBULARENIARAVIN ANUEANNIN 4.34
V=> A(x,)Ax (4.30)
i=1

[
=Y

lag?l Ax ADT2LU19TENINAMARNYIN. 4(x,) ADTUNVBININANYINT A0

Auraildandanesfinsiied 19y Bnsanumdsy [47] FBanstun3alas] Bnsuoumuasla
[49] ¥ UNYBINT UN38ITNITUVU. Shoelace [501 @ slusuddeiladanldiznisuuy
Shoelace tisaangaeminditldmuinuiuousazduisnsilidudeu msmiiuide

Yoslndneunidnuiugaven n lussuIUEAGATL AN

n—1 n—1
nyl+1 +'xny1 leﬂyl +x1yn (435)
Ioeil 4 Aerwipiunvedlndneuy uaz x, . AogaeanlaslsesdIAukUU UL

YIRNIRINAINU

4.5 d3u

33n1sadnmanddonuniiaenac Wuasnsaseamauddfiendonisiie
Limmﬁmmﬂmﬁmaﬂaqmmﬂi’mqLﬁaﬁmimmm Fe5innuisevite daududeuton
g1u150anve3ARvessuULeaT Nlauarwiad Wl iy lusesvinnisasulisunaodnse

[

1UsiamLnes Luaqmﬂmmawanmqau Wusfua 812909913 wdunisTauuszuIuis
annsaldnisulaswuulslunsnifiidunisuvandeszuvld widssududesefonisasy
Feumuvasiiiauadagldnanaliluuni uenanidendnisnsadrsnmdnundagls
nsUssanualutadsisiduadiounyuuidiany venandddldinausitnisadienm

ANUNRVINNINANVINTILDINITAIUIUMIUSLAS
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g o

n15UszEnAlIIsN1sasen waudnanen Ul

1 [-Y)
UUINUTUINS

Y} a Y ax A au O = ac a PN A aa
ﬂ’]i’lfﬂﬂill']@i@')ﬁ’lﬁﬂ?iLL@J?J‘U‘U'JSU‘LJUU ‘wuﬂ,mﬁmi‘mmmzawqmﬂmamimnaau

aa A 2 & U aa o 4 o 14 ) o
WUU 3 ELIG]L‘Ll@\‘iﬁﬂﬂﬂilﬂ(ﬂiLUU@N&MU@IU?BU’]U 3 Up VI’]iﬂ/iﬁ’]ﬂJWiﬂ’Jﬂ‘l@LLUUIﬂEJGIN anu

o

N13MFIVEBULUU 3 Afanuvesingiinena 1Wwisnsadanin 3 dandaududou

£%
Y v 1

v Y = ] a Ao = a ¢ al =
Uy 33UUU33ﬂ8U@I'§8LW8QLLﬂ‘Wa@ﬂl‘V\l LED ﬁ‘U']'JQ']EJﬁQITJENVI']WQWﬁ@Na@ W%WBQUUWU

v3eaguuagnuakaes Inedindasiuniminnisenudeganimiionvinn1simseiuenaw

[ [y

ax ISR =~ =
nfuLeNasnIsninesuieTuasBualiluuni 4

5.1 AIWIIUYBITLUUATNNNEINNRIINIINBARUMN NG

InFUN 5.1 unaen udauasdivnain LED Luuameazunn 12V 10W atgadluds

neeguuNuvIouNaEw N waed lagviuuiuinalilinunenasen dundassuninae

e

(% 2 2
Y o

AnsluiangiaIniuing nelunuideiidenlindaawuy USB A1uasiden 5 megapixels
WSouaud 5-50mm (ELP-USB500W05G-MFV, China) Tagnindilaaglanmingwiauiuwnm

Faguil 5.2

LED

/ Camera

/
§

Measurement Area Computer performs image processing

5UN 5.1 asAusznaunanvesyaaunu 3 Ialaeldisnismn
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aaay v o s o < [ ] a o

2 2 fanlaeggnihluussinanauuge i duin ludnyasivkenndndu
WIBLAAIET 9NN 3 TAKALAAIAIUTUIRTVRITRRIUULIAIAT IAgN1TIAIINE1IY04T
nenaningAwinnduluiluaiuaesing erdevguiinerdiuniswlandusviadaves
- ' a I a v a 1 1 L
Anawdasninanszuvlunidlsiinealuilussuivvesiinasdunuievasmioein
. v a A ) a a = av A v o

Wn3gu (Metric) Tneldnguiifeatuniswdandusvindavesnin delunuidedled

pann1svaalunsmins1udnesy auilsesureliluuni 2 usnaninisuszuiumiAINU

(%
Y

galagldvanisvadiniiinannsiamaiuiesuigliluuni 4 Jufo1dendnnisnig

uRsinsIeLuiunToumen sUsEIImAbugL i Fualiounuuiasay iieasng

(%
Y

AMNARUINY druANeNverinauulaannsidsurdunisuszananaluluanny el

9

o
Y

Amdauneiasrdlalundazuny . w15 iuazauasathunadadunin 3 HaAdaaanu

e 913 gela Fevihlignansadhuidseanamaridsuinsia [54]

‘)

o
aﬁ‘_,

Ul 5.2 Mwesinquasidildannndes

TutlaqiugunsaiszinmdumesiinUsyauasands (intemet of Things) 30 IoT il
Arwiflongs liuumamsiaungeiiigunsairnsqeguuiiugueaivuennaindu &
lassasreniswaunludnvasuuadudiussuundsdu (backend) wagszuuniidnu
(frontend) Tnedigaveviuaslausi3dniasy (software stack) wuu opensource lLdan
vhanldsiaunlfidusiuiuann 1wy Microsoft NET C# Nodels w3e Flask 1dusiu deanansn

Ananlduazansseziatluniswaulaunn i3 Teaiunsadsuimuanz danesiy
enansdmenasianulidmsunisldnuiensanwiviniy lmaum@ﬂfmmLﬂiﬁﬁiyiammumim

linsdlagiisdu Snitanudlidaudandem LtaﬁmmmﬁaﬂmLﬂﬂ%@ﬁt@ﬂﬁ?ﬁﬂﬂﬂﬁﬂ%ﬂﬂﬁiﬂL‘UL%
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ATUINANGIINNTINEAITBITAY N1TETINNINANYIN UazN1TUTINUMAIUTUNS

[y

o o ¥ a wva E4 ' < a &
wananldsanunsavihudiussuuduiniselld (cross platform) agelsanaluauideil
lawaurvuszuulfuinisal Ubuntu 11939 18.04.2 Gadussuudfufnisaluuy

opensource

5.2 UWaWWALATY RayVol

AL avEngvakannAIATuAoUsEItaNanIN 2 TAlunmAedlagldizn1sainey
nonaveingiielvlaninain 3 dfnazausayszanamUsunsluwuuiaiase nedl

D v P ' a v ¢ ) ! Ql' < v
wisefnsel ldnuiianana1Usuing nadnsvean mlutuneuaefivseiana Wudu

v ' v
o ca o & o LY

uananldandnsausuamasiimesnnludmsutuneunisusyinanals wuaunsylean

ANPINNATINVRINADY ANTSUNANURINGR WWudy Woanudglunsldanu

Computation Time : 0277
Total Point Cloud : 46560
Volume : 132.97
Length : 63.86

Width : O
000

Height :

Save Parameters

A ) BN

5UN 5.3 nwiensdnsegldauvedwenwiiadu RayVol

Tnan nsauvelaseseweanuad (Software stack) ildTunisWauwenndiaduly
mu%%’aﬁmmsmmmﬂﬁlugﬂﬁ 5.4 Tngwuseanidudiuveamastnu (Backend) uavd1uues
w1t (Frontend) Tnesyuundsduagldunannasy Flask Wy web framework ifiasain
Td¥n1w1 Python Tun1siaun anansaimundfuldiedulaussussatananin OpenCV

way Scikit-image MAulavssdmsunmsuszanananin lnegldn1un Python Tuniswaunle
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Y

uiisrtu ssvundstudindhiivdnlunisUssnaranin Auaameugaosinglagld
Fsinfimenvesing Auwaniieairsnmiaung Auwamuiinmng wazdnmsmuaundes
lnedoyaludiuvaanimavgninnisdsinulugmintuniu REST APl luguuuureanisidn
Toyanmuuy jpg dmiuteyanin 3 Sfuazdeyavesndasiuazdeiulusinnoauuy

socket.io maiwandluguit 5.5

Application Tech Stack
Frontend
HTML
Backend
0 ) (N Q
49 - i scikitimage
o&pﬁgf = ' Flask

3UN 5.4 Inseai99eaz denuatssuy

dmsuszuumhtnuiuld htmis Sadumeanssgivdmiuinmumdivlenuazly
bootstrap framework 1Juan dadumsuiisanifinanuiess daulsenovaisnu Tdnu
| v ) 3 Ao [y & & o Y < 13 %
e wagld peljs Fudulausidmsusanininneednaadiniuuuivled lngssuuni

¥ ¥

S Aa 1w 17 v aaa v X 2 v
TUUNAUNNIO AR Ulﬂmm LAAININAINNNADY LAAININ 3 N@V]Qﬂﬁiqﬂal]u WUy

Y
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Backend Frontend

home

REST API
fraw_stream < >

REST ARI

lobject_stream < >

REST API

{ishadow_stream < >

REST APRI

liskeleton- stream < >

- socketio

reconstruction-data < >

T I W

f 3 socketio

data-config-params < >

prid M. D S

- a D

sUN 5.5 918a21880104M159AN3UBNATENI 19Tt Ul g TNy

5.3 M3UTEURaNaLINaa 1NN 3 FAazUszuiuUsnnnsvasing

[
Y

N13UsELIRRAaN MDA 190 W 3 TR 2 dRlagldemenainingiu n1s
Uszananaazuuseanidu 3 dundnsenu Ae n1sussananan nilesiu (Preprocessing)
N15UsELIARALINRATINAIN 3 Hf Lazn13UTzanuA1UTNIRTURITRG NTUTEUIARKAN N
L v & oz o = D aa Y % o o =
Wesulululuneuusngalaeiinmandulunim 2 ffvesingniaumginaaandlugun
5.2 nduIzyUsEInanatiiowenInguasianeana A miund LAz kenusadiaula (ROI)

& = Y [ [ = o a v @ - o Y
Mnuaennmingiueenainiu wethluussinanamiiavesweuingitet lUlddu

ananaulugun 4.6 wagiidnveuraeiieinlumuinmanuamILIsnIsAuInmaAIy

o aa A o d' & v & e{'
g90eingann1aInIsnisidnaneliluuni 4 malssaanammiesdiuilagldlilausns
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lawiugosa OpenCV ¥3elun1sANIUNITNUFIY WU NITFABEAIN NITAUAINNUNES N3
wsvlaan wiensadunisnsadamansiludu deldfinaveuvesinguazaiuaudid
WNgNITUIUNITATNINAAYING NTATINBLAAATY NTATIAMN 3 TFAINANFAVIN Uay

AWINANUTIRT T8N IYINTUTERIaaNAtuLAAIlARITUN 5.6

raw image

Preprocessing

v

3D Reconstruction by
shadow ray castting

Volume estimation

\
End

JUN1 5.6 NMMTIUT0INTFUIUNSUTINARANINLINEAT 19NN 3 TFlazUTyanAT

USHA5UB IR

5.3.1 A15UszulananInlaiu (Preprocessing)

SUN 5.7 wanstunaunisuszanananmidnanu laedunisinnmadmdunng 2

Y

[y

fRdsuandluguil 5.2 ulszananadielilanmivansauiewseniluldussinanadmiu

A5190NANNTRINLN
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f raw image ;

A

Background removal

r

Opening mophological
operation

ROl Image

h 4

object and shadow
extraction

| |

object image shadow image

Y

skeleton image

sUN 5.7 Tunpunsuszanananmwiiossiu
Tngmsauniurdsdutunsunsngavesnsusyananadesduiiollianizam
Trgquazeidu WagnasiAaaisdy 1(x,)) unayyesiinigaveininaian (current
frame) AildunauiuAnudy B(x,y) vosnmitundssnsds (background reference) Tne

anunsasenldilsiduly Opency N¥e71 cv2.absdiff I Inerawssduysalanansanile

INEUNSN 5.1

D(x,y):|l(x,y)—B(x,y)| (5.1)

= U eav v = o ~ v o ¢
Fanmwaansflaagiduninszauin (gray scale) Jsapsldnszurunisinsylean

(Thresholding) muaun1s# 5.2 wenlasseaumimdunimuuuluusifiennuasaintunis
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ldidgnszuaunsaniunsiuuiusmse unss (image morphological) lngdunaunis

Ussanaratuaunsawandlalugui 5.8

1 ifD(x,y)>7

0 otherwise

(5.2)

M(x,y)z{

current frame
|

‘ THRESHOLD

L’ l foreground mask

backgroud reference

L 1

JU# 5.8 nsaunmiiundalagldaminungeenads

¥
(Y I =

L ole ATMHAANE N HIUNTAUATNN UNE0BNKED F8TIENIFALTUAITUUY
g g.'ll I o Aa a A £ [ | = o a [y
Morphological UuLUUNITANUUNITNYIVBINUFUINUTDFUNIMAZIZARUUNNTAUTUAIN
a o ¢ Y A a va A ~ oA s
wuuluund AussAlszneulaseadig (structure element) winlgnladntonds Ae LADILUA

a o

(kernel) Midusafvuanadns nasawiiunsuuy Morphological fdaddunsiugiufe

[
o v o Aa

N13NALYIE (Erosion) Lagn1sve1e (Dilation) Uanaintl WA NIUNITNIRAUIADDAINA?

1
a 1

Wugudn W n3ila (opening) N3t (closing) N1slasesu (Gradient) wazdue
msdumsuuudadudddunmadunsiedmaitiiunisiamgiunisveny
wlszendld lneyinisiawisioutieasnsenidannadunnfniauiadanainiuieiins

A A a a o A a o a 2N,
vengLiloAurLInveIinwadvIveringidvuialugnduun awnsadsulvegluglaunn
AdinAanslinuaunisi 5.1 laefl [1unmdune SAewmesiva © nsiane uar @ fe

nsvene tnglunulsstldnesuasunn 5x5

IoS=(10S)®S (5.3)
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JUN 5.9 nmnadwsilanasainiiun1saiiunisiuuiln (Opening)

Wosnnamasingiauladuivnadnniiamiiomun weannisuszaianaasiy

'
=

druvasiundanlududu inldanniseluniseiurn S99 ndudasdnasnianizdiurosing

q

Y]

aulveenan lagnshnseuenizdngfiaula (RON anawluwns B(x,y)e{0,1} fafvun

Townyesaly Qc 7’ n3zuiun1snsisdurevazseyusnafliseiley g « o
UR, :{(x,y)eQ|B(x,y)=1} (5.4)

lngduvaULAaZIdUTRY ¢, ADTRUWATEY oC VDIUTIM R waskilolalduroulaivy

° a4 A o
s ruansaudLaeNaausaulalag

(xmin > ymin ) X (f}}%?(l (x’ y) (55)

(xmax’ymax): max (x’y)

(x,y)eC;

fatiunsau ROI Nlefe

R ={(xy)eQlx sx<x,,,0u< <) (5.6)

=

yonaniieliazaindmsunisurluuseinanatudn Uiy avdesAudludiuveg

(% =)

nguazndulvasdanimluuns vlinadnsalandulvidunmdmiiouduuniiduaaniz

1%
[ [

nguastswintulaeinundndudaaiu Ingldnssuiunsiugiudiaanisaniunis d

= . . . a a & a v PN
YU (Bitwise Operations) WUy AND A11aun15# 5.6 1agil A(x, y) ABAINEAYNT19UTUN
5.2 4d¥ B(x,y) ABnmilaannszuiun1saiiunisuuuilanusun 5.8 lngnaansilaas

m‘wﬁ 59

R(x,y)=A(x,y) AB(x,y) (5.6)
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JUN 5.10 2 aweadnsilana 19 nHIunsAEUNSWUUYAY AND

ei’m%’migumuﬁmiﬂﬁmﬁuﬂz‘]’jumauﬁ’m%’umiLLﬁmfi’mquﬁJmaaﬂf\]mﬁ’u lagld
nszurunamsvlead laglduuusiaesduuy HSV.(Hue, Saturation, Value) fsgud 5.11 Tng
fifvay Hue (H) Aounandiiandaus 0 54 360° daudiives Saturation (S) TuunuauEsA
Y993 waziinvad Value (V) wnuaAIIaiNeeed Mlin1sustnanauuhuUIngasdiuy HSV
LUNUIEUIANATURLUTA0IALUY RGB TuamrsavirlddnsninTagiumidosain

v o

\I9391nen Saturation () ¥avingunazanitegwilduddn Ingaunsaalaaingun 5.12

Y

yMlraursaoulUsensuluusuainsslaanmiua N nkasraToaaz AN talag o nlul s

(Adaptive Threshold)

sUT 5.11 wuushassiLuy HSV

(Fisn: wikipedia.com)
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W Ly (x,9)=(H (x,).5(x.),7 (x,y)) udrwesfinmaiisumis (x,») ondas

970 RGB 10U HSV Autiunisuaninganunsaviilalae

1, if S(x,y)ZZ'

(5.7)
0, 1if S(x,y)<r

M(x,y)={

e r AemAnsulaas (Threshold) F9lAa1nN1sANUINALRALYBIAN Saturation NININ

T=— S(x,y (5.8)
v, 2, ()

Weo QA9 weuasinananua lunIw

N=|0 e wnufinigariann

Histogram of Saturation Channel
0.025

Wean (104.4)

'
0.02 — —

opg Backgroud Object -

Probability Density

0.01 i i =
;

0.005! ! . ! -

T g
0 r ] T T T
0 50 100 150 200 250
Saturation Value [0-255]

Uil 5.12 wuudanaduuy HV

JUM 5.13 2MY09Ingkeneenanne
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dwsuludinveaniualdnisaiunisuuuyduls tngldieiiunisuuu XOR lny
W A(x,y) Fen mundwuugui 5.8 @ B(x, y) Aenmingiignuenesnainuenfegui

5.13 lngnnnaansnlanenmafegun 5.13

R(x,y)= A(x,y) A B(x,y) (5.9)

UM 5.14 nvedfignuenaenyy

o v & v = v = o > = Y& W
dvutunaugavessdun NN INa1wesing (medial) Fuoibildiluiuny
vosdugeneing tnglddsnisansulumnlvmdaiduusigandsadasaiiamasuinda
va3in0 ALl (skeleton) n1sauazsuaulaen ALYz (Erosion) MuR3IEN1TVENE
=~ A

(Dilation) kuUIUT taalhaasiuauIn 1x3 @uN5waRatunaun1syinaulanusanosiuf

1 naangilauanslanasui 5.15

Algorithm 1 Morphological Skeletonization of a Binary Image
Require: [: Binary image, SE: Structuring element
Ensure: S: Skeletonized image
S0 b Initialize skeleton image
I
while countNonZero(7,,,,) > 0 do
E « Erode(Ieyrr, SE)
D « Dilate(E, SE)
T« Icurr' - D
S+ SuT > Accumulate skeleton layers
-[curr —F
end while
10: return S

ATl S
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JUN 5.15 2midUNaNa19weeingngun 5.13

5.3.2_n1383190 NEUNAN833N1591NL1989909)

WalgaIwing A1 LAz AIWLENAINAIYBEINOINNTEVIUNTA 5.3.1 N158579
AWANNTEAEUIAENITATNANAIAARIIN U 5.16 UansuRuEINIZsUINNNTRANENd My
45190 INANARRYII LTUANAIBAN TAUMTBLTD IR lunmIngluiinszuIureInIN (Image

coordinate) N 1suaNULsazABENdRIILLILAY » Wenvaulngliveuvuresingiluge
audefiilugn £ ve301adn991usun 4.6 udviinisuiadiddussuuiiiness (Real
world coordinate) tanig x, ¥ laeld z=0 wdwhnisinuldlusiuds ptCloudSectionLeft
PnwIMIdsnuAvedduinan Ingaalagdundinls y Tussuuiidnainaiganla
A o ! D= Faa v =i
nNMImveuuy lagnsuninduisnansiindeyn £, vesniednuananiugual 4.6 asgn
wUasannszuruna aaanllid uszuruianaswanis xy waaduliluduys

ptCloudObjHeightUpperlagii. - 3£ NATUINTNGIRMNUANNITHTVIANAVDUIIAIUT LG

asureAluuny 4 dusuvevarwesinamduan P

q 3 ¢

YBINARAYINIANTUT 4.6 o

mswdashliduiiinaseazgniiuliluiiuds ptCloudSectionRight
ﬁm%’umiﬁmmmmmm’mmm‘ﬁLi‘]ummm’gswdm@ﬁqmmwaﬁmq%ﬂuﬁﬁ

Fonmiduununansiugaiiveurenaniidnenensendsfifeveuansanveanimatuaiuse

lataelddusadniuaunisi 5.10

R=o0+sd (5.10)
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'
a v

neil o AaANAU (origin)

s s

d ABLIAKMBSNANIY (direction vector)

P

s APANAITILEENIY

(%
LY

AIUUADIIALADS AANIINDUTIN LAINIALA DS UL N8 TLANINNNTTAIINIRN

wasidauadusiu (x,y) lnemldainaunisi 5.11

(5.11)

c;’(x,y): xX—u y—v

Jo—u) J(x-v)

Tnedi(x,y) Aoganwnanwetdunnunansing uay (u,v) degaridaunasiidouas
NNUUMIIINISALNAT s UNTENUIBVOUAWNTINNINAYAIAIING ALY NATLIN
e" =~ W 1% A | a
NaUN13N 4.2 Fedesnisyd 6, azmlaainaunisi 4.1 ludiauves cosd, laen w lu
M s Y = A 9oy Y = o YY) i Y
aunisfedineans s alavnaszuaunsil wesdislaal i uardsinaudnluunualudands
ptCloudObjHeightUpper lnef z =z /2 wazliauys ptCloudObjHeightLower dALinfu
ptCloudObjHeightUpper woili z = —z Wl alayananie 4 9AATUILAINITAAT199A N
panInde nlagldnisuszanalug gl tualiounuinmaany Ana1pRaYINei

'
aa

Ay IalaINnsalannguT 5.17 uasllodinnatndavaNEne Ui vlaamanudiAv

auyInldag Ui 5.18 laglusyninshnmniaannwseduduainarudfituiinis

AUIUINUSLINS IAAIRALNIST 4.34



picObjVal = object_image[x,y]

A

picObjval > 0

i ++ K+
ptC\oudSeZc_tgjnLeﬂ(x‘y) homography transform Y

A

A J

picSkeletonval =
skeleton_image[x.y]

no
picSkeletonVal > 0

height = shadow ray casting
(image coodinate)

Y

ptCloudObjHeightUpper(x,y) = [« homography transform
) r
picObjVal < 255
ptCIUUdsei%nR'ght(x'y) < homography transform

5UN 5.16 unudadunaun1suszulanan1sasan eyl
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50th slice
20
+ + Half Left
« v % ° Half Right
15 + ¥ °s
+ [e]
+ (]
. + Oo
10 Wt %
)
+ o
++ c“O
—~ 5}
I 3
E ¢ 3
£ O0f: 3
o | S
o e o
T 5 ++ Oo
+ o
+ o
=]
+ o
101 * + Oo
+ o
+ [«]
+ . o [o]
15 o, 0?
+ o
o
20 ) . ) ) )
0 10 20 30 40 50
Width(mm)

N B
o o

Height(mm)
(=]

20

Width(mm)

5UR 5.17 AaaIAsfiaY e iaiedy

* Left Section
¢ Right Section

300

200
100

Length(mm)

¥
a

JUN 5.18 Aieganulfnasny

5.4 N15NAaaUTEINMAIYSIINTYRLIngaNNIASWUUANY SOl

dmsunisneassiazlignueansinand wduingauuinswuvanysal (Perfect

a a ° & a i o a{'
symmetry shape) Qﬂ‘U@ﬂIa‘ﬂﬁ'ﬂiﬂﬂauaLSUEJ'J'“U']U'JUVNWNW 3 @Jﬂmﬂmu’]@umﬂmqﬂﬂumquzﬂﬂ

5.19 LWONAFDUNIAIAULNLINTINTON1TYIYT (Precision) kazAIAIULNUEN (Accuracy)
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dmiudiuinsvesgnuealanzarunsaauialalagldaunisiiugiui 5.11 anuaavuin
unnansfiuanugn lagldnesilemauiles (TOTAL Ju TMT321501) dmnuaziden 0.01mm
P Y = o Y = v oA & =~
uagdd19nTingegan 0-150mm vimsinvuaiieneAiail » laggnueans 3 gnivun
v ¢ Ao vy A a A Y a Ay
urugudnansiinlaladefie 38.10mm 49.91mm uag 79.91mm lng1U3unsdnsdeinla
NGNUeATIENNTUIASBINETUIINVIAEN UM vIIAlrgjfe 28.96cm’ 65.25cm” way

266.70cm?

v=—rxr (5.11)

ANUAALARTANYNYARBLINAINTEUU RayVol Amundulaginn1sinviaan
30 AT ATundafeiu ANy ssdiuInATduYsEaNSNISNIEee3 (Coefficient

of Variation: CV) Favl@ainaunisi 5.12

v =2 %100 (5.12)
y7;

SUT 5.19 gauealangidusugudvuin 38.10mm 49.91mm uag 79.91mm

A1519 5.1 Han1sUsyanuAIUIiInsueIgnUeai 3 vuin I1WIu 50 Megs (e cm’)

No 38mm 50mm 80mm
1 25.69 59.35 244.36
2 25.75 58.99 236.61
3 2593 58.96 240.32
4 25.64 59.15 233.28
5 25.77 59.12 228.80
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6 26.01 58.80 245.33
7 25.64 59.26 228.3
8 25.90 59.07 239.51
9 25.74 59.14 237.59
10 25.94 59.07 214.00
11 25.53 58.89 225.82
12 25.52 59.23 215.28
13 25.08 59.11 217.74
14 25.08 58.77 228.99
15 25.55 59.28 241.42
16 25.12 5931 241.05
17 25.:87 58.88 218.10
18 25.21 59.16 218.71
19 25.21 59.28 218.18
20 25.28 58.75 238.58
21 25.63 59.09 237.42
22 25,93 59.30 235.71
23 25.58 58.97 237.95
24 25.27 58.88 222.47
25 25.63 58.80 224.73
26 25.60 59.13 227.02
21 25.49 59.18 231.07
28 25.65 58.78 240.76
29 25.88 59.10 219.50
30 25.55 58.88 225.30
Mean () 30.14 67.68 272.92
sD. (o) 0.27 0.43 3.33
v (%) 0.88 0.65 1.09

AINNANITNAADIAIUATTIN 5.1 WUIATAUUTELANTN15NTLIN8RMINU 0.88%

0.65% uar 1.09% L3ednuauTUIATeIgnUaalans dIUn1TIATILRAIANNAIALAT B Y
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Genaiunuiadesazanufiananaedsvesnsiauiianiefieutuadedeitldann

MSAUIAALALNST 5.11 A 4.07% 3.72% uas 2.33% Seamudduruinuegnuea
nmanasadlaglignuoalanensinamsis 3 1um Afarsanldinduinggunsuuy

ausnmsanysal iAunine e uazaugsaNunsyiniu Tneldszuu RayVol 1

v d"l oA d‘ ] 4 a 1 al 1 a
NAUIYUNULAIANUNSIRTIUTEUI 1% ﬁ’J‘Llﬂ'ﬁE]EJaZﬂ'J']lIN@Wﬂﬁ@@g%ﬂi%ﬂ?iﬂl&lLﬂu

'
1 [y

5% aziiuladnmnugnieaven1sinegiseaunuasgandumninglvuielnguindu

[

Weeanismsialldndnnisisviadaainnisiiaaugevesraniilaiasidnace

AULIYDINSIAAIUE TR FIAIUINAINENINAIYLITEINIEURINa TN INFUN

=

5.15 fatumnsunusveswnaanwiniaganazingfvinnisiadouindnsiuntswe e

a1vvzlinnasliinsetududumisesdunnatsingihlvnisAuinnnugeainniould

AeuAdsABaiinsUTuANgIendsn Idatasbinusauiuaugevewilaingfviins

[

9

PPy a

55 mi‘mﬂaaaﬂizmmmﬂ%mmmaﬁmqmanumzwqa&lmm

dmsunisnagsuiuazldusiedanasulalndutanidanwagllauuing

q

(Irregular shape) wianu1aUszunalainduduun 98T oRUUaLLINSTOULNY [51-

(4

53] e UseLiumNuUsz@ns nImee 52Ul RayVol eIty 9uddedlaninismaass

1%
[ [

WU UAIN LRI UUNWAIUIT UNUATIDS IR LA INN1STRA 835 ununnaeun (Water

Displacement Method: WDM) [54] & sansnsauansliluzud 5.20 Usznouludaedan

o

dmsulddadnslagiuinlilesgaunaanuneuiay annduniladgisgreaslulnenalle

'
[V Y]

veg19anadluingaununmeysiInsvesiisgaduatil fanivussesiuniinndein

v v '
Aa v o o a

W niin (Mettler-Toledo Su ME3002) lagiladiuagiden 0.01g waziliininigeand 3.2kg
agjé’mdwé’ﬁuﬁﬂLﬁa%’dﬁmﬁﬂﬁwﬁé’u mntuthimindisaldmumnduiduysunnsan
ANUEUS ¥ =m/ p ol p~lg/cm’ Tnefiusaziietnsazgnindiuiy 3 ASaudald
Aaas SauIiLa 50 fognaiiflvuiauandisiy 91ntutzaiei 50 fhega gniunin

A8 NITAS 19N INANUTAIINLIA AN UITUTIINNITIAAI98198 3 ASY WuLReiy Tag

naansnlonanalAlup1s1an 5.2



Overflow Pipe

Sample

5UN 5.20 350158 1mSunsIndsunnsseIsnsunuie e

A1579 5.2 1anN15USEUIMUNISTINANUTLINSVINEUMIILIU 50 9819

68

WDM RayVol Percentage Error

" (e () %)

1 543.57 526.20 3.18
2 493.76 499.00 1.07
3 606.69 636.80 a.97
aq 368.58 380.59 3.28
5 531.33 582.30 9.59
6 572.92 585.58 2.21

7 445.67 504.78 13.27
8 605.13 613.71 1.42
9 447.11 502.01 12.2
10 409.19 447.22 9.31

11 506.37 519.57 2.62
12 599.22 612.03 2.14
13 474.16 493.53 4.09
14 483.39 417.16 13.68
15 675.80 661.93 2.05
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16 777.38 801.15 3.06
17 392.73 416.43 6.04
18 556.61 600.34 7.85
19 638.52 675.23 5.83
20 347.44 376.62 8.41
21 577.31 546.86 527
22 644.95 733.17 13.68
23 354.20 398.20 12.42
24 559.93 630.07 12.53
25 433.82 434.69 0.20
26 403.26 453.37 12.44
27 323.34 341.88 574
28 388.71 400.49 3.21
29 568.90 568.71 0.12
30 529.88 538.23 1.59
31 333.89 350.66 5.04
32 286.93 300.82 4.85
33 405.10 443.55 9.51
34 246.17 266.62 8.33
35 501.14 52341 4.45
36 481.90 487.89 1.24
37 430.48 440.03 2.23
38 593.76 618.53 4.18
39 498.42 479.91 3.70
40 307.15 355.59 15.78
41 322.40 351.12 9.03
a2 19777 226.34 14.48
a3 312.68 346.92 10.97
a4 312.72 345.83 10.59
a5 185.69 200.38 7.95
46 166.35 207.65 24.85
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a7 610.41 652.68 6.90
a8 370.20 397.59 7.39
49 215.73 222.45 3.12
50 277.76 302.98 9.10
Maximum Error (%) 24.85
Minimum Error (%) 0.12
Average Error (%) 6.81
S.D. 4.99
$1919 5.3 Pair Samples T-Test
SE
t df
difference difference
RayVol WDM 6.09 49.0 <0.001 3.63
e 0 = My =0
#1919 5.4 Bland-Altman Analysis
95% confidence Interval
Estimate Lower Upper
Bias (n=50) 22.1 14.8 29.4
Lower limit of agreement -28.2 -40.8 -15.7
Upper limit of agreement 725 659 85.1




Difference (RayVol-WDM) (cm?®)

100 - e e
r ]
.......................................................... .
I H

50 ) . L] .. |
L ® ® L *
] ° .o LIPS .o
---------- . '~.t".
e Tt e s
)= ° ) i
e © *
...................................................... g~ mmmmemmmmemmmeneneeneee
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Mean of WDM and Rayvol (cm?)
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5UN 5:21 A1ANUuANANIENINAIUTINRSIaRMIg U U8 (WDM) Lagdsna

AS9NINEULAAIYWT TALAUAILENIAIAILLANANNEI UL UUBUADAILRALUDINI

900
800
~700
k
=600
£
2500
=
3400
T
=300
200

100

|
o]
o

@090

200 300 400 500 600 700
WDM Volume (cm?)

800

sUN 5.22 ANUFURUSTENI1ANUSIRs TR laannsEnuissutazUSues i

Y

1927173501985 190 M MANTRINLT INULUE 50 ALY LEUATILANINITOANDELTI

@ taedia r=0.983
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31n3UN 5.22 wudArduussdnsanduiusvouiesdu (Pearson's correlation
coefficient: r) fidnwifiu 0.983 wansliuianuduiusluseiunas uwansliiudaisnie
v &{d v v 6 a Y ada o aa Ay %z’d'cz I Y a 1 [ = Pl
WaTudanudunus B ldunanuisnisuunaeiiidua1o19 egrelsinuadin
a v o saa ! a a ! N . .:4'
F2UULANUFUNUSTA uin1snaasuwuUlIBuUisuAadY (Pair T-Test) 39nA19799 5.3
NUIAIAULANAI9RE8TERINAIUTUINTAIN RayVol v WDM windu 22.14 cm?® uagan t

v

dl % 1 a1 U U gj a U o ] a v o U aa
AleinAu 6.09 Taedia p < 0.001 LanviAsaasdiaNuLANA1IAUeg S TTud AN anA
Aisgav .05 i lieUsunsiidalaainssuuliimudy Rayvol uuildugeninaiasaade
22.14 cm’Tagdl SE VAU 3.63 Geilrnog lusedunt 43y aud 19af luldese Uy
(systematic bias)

woNANIUNATIN1TUTEAUTZAUAMNADAANDY (agreement) B89919a0970 Lagly
FBN5IATILALUL Bland-Altman §U#1 5.22 wansliiiiuindeyaresninumniaseninenisin
310 RayVol uagn1sunuinlginieuvisnuannegluyisnaulunanuaenndes (Limits of
Agreement) @9agluaIesening -144.02 aaglugnsening -14.02 cm® 83 59.90 cm’ U
11A17 30lA91n RayVol aglutisigensulaluigeais egslsnmunualiyvesaaie
N a v A a Yo v A | aa ) Ay S
Dgawulufienisuin Yawisyuudivualddlianusunnsgeninisn1sinuuneigun

wazLdl 9911013 UsE LI UAIAILE AN IALTIAUN NS - (percentage error) WUI1AIM
Aana1neglutiensus 0:12% Tuauta 24.85% lagiidnadiewiniu 6.81% wazdiulesuy
WM3gIL 5.03 wanslitiufianruianainuisesnsfivilis e uRana1ngInIALeiuegns
TaLau

v 1 ) LY 1 aa R [ [y Aa o 1

nuan1snageulagldusihaludegiiiiansantainduingiidnvueliauuns
U 50 Megrsndvuiaunneaeiy tagldseuu RayVol MMmuidutuaunsainaiusunms
= v Y o 1 Ao Yy aa gy H | I3 a ¢ a aa
fumnldugenraoiiuanialaanisnisunuiianieul eg19lsAnIuNanIsIATIZALTE0R

Y @ 1 v a a a Pl a 1 aa [ N
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Abstract—The volume measurement using machine vision
system is contactless techniques that play an important role
in industries now a day. Basically, three-dimensional
reconstruction is required to determine a depth using a
special lighting system or multiple cameras. This increases
the complexity of the measurement system. A fast and
simple machine vision framework called RayVol for
estimating the volume of axisymmetric objects in near real-
time using a single camera and simple illumination is
presented. The RayVol framework employs a shadow
casting method to reconstruct the 3D shape of the object by
tracing rays from the object’s shadow pixels to the light
source location. The result of this technique shows a
significant accuracy improvement from the area-projection
method. A virtual slice representing the cross-section of an
object is reconstructed using a cubic spline approximation
from baseline points derived from the boundary pixels of
the object image and a shadow casting method. The volume
estimation was calculated by restricted integration using the
Riemann sum estimation algorithm, and the closed area of
the virtual slices was calculated using the shoestring
algorithm. Mangoes were used as a case study of the RayVol
framework. The volume estimation provides the correlation
coefficient of 0.9849 between the developed system and the
water replacement method.

Index Terms—3D reconstruction, non-contact volume
approximation, shadow casting

L. INTRODUCTION

Currently, the development of industrial production
processes has been emphasized on both qualitative and
quantitative aspects. Size inspection is an important
process for various industries such as fruit and vegetable
grading by evaluating volume. length, and weight.
Completeness inspection, sizing - and grading are
considered important steps in production to. produce
produets that meet the needs of customers. Today,
inspection and classification using machine  vision
systems is widely used due to being able to work
accurately and quickly. it is also a non-destructive and
non-contact inspection.  This greatly reduces cross-
contamination into the produet. Especially food and

Manuscript received September 13, 2023; revised October 29, 2023;
accepted November 7, 2023.
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doi: 10.18178/ijeetc.13.2.176-183

agricultural products that need to be hygienic production
process.

Physical attributes such as volume, mass, surface area,
and geometric mean diameter (GMD) are commonly used
for sorting, grading, packaging, pesticide applications,
and ~more especially fresh fruits [1]. Among these
attributes, mass and volume are the most frequently used
for size classification. Sizing by weight is typically
achieved by converting gravitational force from
mechanical mechanisms to measurable data using a force
transducer. such as a load cell, integrated with conveyor
belts, and performed as in-motion or dynamic weighing.
Such systems are capable of measuring weight at around
a hundred per minute. However., due to the electro-
mechanical structure of these systems, several factors
such as vibration, dust, temperature fluctuations,
electrical noise. and corrosion can affect their accuracy.
Additionally. recalibration or zero resets are required
after a certain period of usage to maintain precision [2].

Since mass and volume are related to density, it might
be possible to determine the weight from volume by
using a pre-determined density [3]. Volume is determined
by the spatial size of an object in three dimensions, and
estimating this requires three-dimensional information
One of the most straightforward, simple, and accurate
methods of estimating volume is based on Archimedes”
Principle, which determines the amount of fluid medium
displaced by an object [4]. An alternative teehnique based
on medium change is the use of an acoustic method,
whereby a known-size closed chamber with a speaker is
excited by an oscillating signal. The amplitude of sound
generated from the speaker varies due to a change in the
air volume inside the chamber [5-8]. However. such
processes must.be done with offline process, and
manually taking a sample has led to a risk of damaging a
sample. Furthermore, when dealing with in-line conveyor
belts, the measuring time is a major key issue, making
this method unsuitable for use in an in-line process.

An ‘alternative approach is machine vision, a non-
contact, rapid, and non-destructive measuring technique.
In recent years, this approach has gained dominance in
many agricultural processing systems [9]. As mentioned
earlier, three-dimensional information is required to
estimate the volume. Such a system is called a range
imaging system or 3D scanner system.
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The 3D scanner method requires an energy-emitting
source as an additional component to project energy onto
an inspected object. The most common implementations
are based on time-of-flight (TOF) and triangulation
principles; such systems have gained a lot of traction in
recent decades. The simple active system is laser
triangulation [10-13]. a light source such as laser strip
line is utilized, projecting onto an object, the reflected
laser strip line is detected by a camera frame by frame, in
sync with the conveyor belt position while it is still
moving. During this process, an analysis of the
distortions of the laser strip line is performed to obtain
the depth information, and then 3D information of the
object is reconstructed. This technique requires many
frames to be fully completed in 3D reconstruction, which
is time-consuming. The triangulation principle with a
simultaneously reconstructed capability by using an
RGB-D computer vision system to reconstruct the 3D
shape for volume estimation was published by [14, 15].
They used PrimeSense Camine 1.09, an RGB-D
commercial camera system (RGB-D-stands for an RGB
camera with a depth acquisition  system) for an
acquisition system. The projected light pattern is then
distorted by the spatial object profile and detected by the
camera. This system has the capability of simultaneously
reconstructing 3D information in a single frame. A fully
completed 3D model is used to estimate the volume by
integrating pixel values along the length axis. Another
technique has been simultaneous 3D  reconstruction
capability using the TOF principle [16]. which has a more
complex system compared to triangulation based. There
are some publications that used TOF camera [1, 17]. the
Microsoft Kinect V2.0, a commercial low-cost RGB-D
camera system. This TOF camera used a pulsed light
method, simultancously rebuilding the 3-D model which
was analyzed and extracted. These publications have
demonstrated that the active principle returns high
accuracy with robustness and real-time capability.

From a deterministic point of view, rapid measuring
with simple techniques while still being cost-effective is a
challenging task. Since most fresh products presumably
have axi-symmetric shapes and might be fitted to the
common 3D mathematical shapes: ellipsoid, spheroid,
paraboloid, and more. From this assumption, there are
many techniques developed by researchers that are
related by mathematical models and numerical analysis.
There are many published [18-24], using only top view
image which acquired from single 2D computer vision to
extracted maximum width and height of object to
estimate whole volume from mathematic model. Some
researchers used disk methods to improve the accuracy.
by slicing the material as virtual slices. The objeet
volume is estimated by the integration of the area of each
slice, where area is computed from mathematical model
or interpolation that derived from width and height from
top-view image [25-28]. However, predictions based on

2D information lack actual surface depth distribution [29],

and there are also some fresh products that have an
irregular or imperfectly axisymmetric shape, which
decreases accuracy. To account this issue, many

177

researchers proposed the multiple views method. The
classification system for Harum Manis Mango by
utilizing additional mirror is developed [3]. both top-view
and side-view images are used to estimate the volume by
the disk method, enabling in-line processing ability. In
[30] assumed that the tomato has an ellipsoid and
axisymmetric shape, and the volume is computed using
the disk method which modeled by conical frustrum, their
acquisition system consisted of 5 cameras. Also, in [31],
a tumtable was used to rotate the strawberry while
capturing, a total of 50 captured images in different views
are used to reconstruct the 3D shape. However, additional
equipment caused even more system complexity, and
increased computational time expenses.

In contrast to all the above schemes, we investigated
the feasibility of retrieving 3D shapes from shadow, a
concept that was introduced in the late 1980s [32-35].
These publications provide information for the
reconstruction method and evaluate by measuring simple
polygon objects. However, they have only focused on the
validity and accuracy of shape recovery.

Qur approach focuses on enhancing the speed and
accuracy of volume estimation by wtilizing simple 2D
machine vision while maintaining feasibility within the
in-line application process. We present an approach for
volume estimation from a single top-view 2D image of
the fiuit with its shadow. In this research, we used the
mango- as the test material, which is considered an
irregular or axisymmetric shape [3. 23, 24].

This paper is erganized into several sections. Section IT
provides the design of the framework and the light source
position calibration method. In Section III, the image
processing method and procedure are explained, as well
as the 3D reconstruction method. Section IV is an
evaluation and discussion of the performance of the
developed framework using spherical objects and
mangoes. Finally, a conclusion has been provided in
Section V.

1. FRAMEWORK DESIGN AND LIGHT SOURCE
CALIBRATION

A. Hardware Setup

A simple vision system was designed to capture top-
view images of objects. along with their shadows. Fig. 1
illustrates the vision system hardware components. A 5-
megapixel USB camera, equipped with a 5-50 mm lens
(ELP-USB500W05G-MFV) was mounted on top of the
aluminum = frame, perpendicular to the fruit being
inspected. A typical white color LED SMD (surface
mount) type was mounted opposite the camera, projecting
light rays to create object shadows at a fixed distance.
The angle of the light source was initially adjusted to
ensure no shadow fell out of the frame.

B. Software Implementation

The software was implemented as a web application.
Fig. 2 shows the graphical user interface (GUI) operated
on Google Chrome. The front end of the application was
developed using JavaScript, HTMLS, and CSS. The
backend was developed by micro web framework Flask,
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along with the image processing libraries OpenCV and
Scikit-Image.

leasu

C. Lightsource Position Calibration

Typically. transformation between image coordinates
and world coordinates requires extrinsic and intrinsic
matrices, which are derived by performing a calibration.
The process usually involves manual labor and taking
multiple (10-20) photos of a checkerboard from different
angles. Since the shadow and object lie on the same
planar surface, a projective transformation. called a
homography method [36, 37] was used to simplify the
process. The relationship between the image plane with
pixel datap'(xt»in’) and world coordinates plx. v.w)
can be given as (1).

¥ hyohy Ry | x
Y|=|h ke by |=Hp n
w by B flw

where H is the homography matrix. All feature points are

considered in homogeneous coordinates, thus, w=w'=1.

At least four feature points are required to calculate the H
matriX by the least square method, which is defined from
the corners of the measuring area.

The light source position was determined by the
intersection of four rays, traced inversely from the
shadows cast by the four cuboids of known dimensions,
which were arranged in a square formation within the
measurement region. Each of euboid shadow vector AA’,
BB’, CC’, and DD’ as shown in Fig. 3(a) was used to
compute the elevation angle & as expressed in Eq. (2)
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for create a ray vector that point to LED light source
position,

0 tan-! [cubmd helght) 2

AA'

Thus, these rays will intersect at a distant point O,
which represents the position of the light source.
However, since these rays were defined manually. there
may be inaccuracies. To account for this, point O is
determined from the average of the closest points of
intersection of the four rays, as illustrated in Fig. 3(b).

B

2t
Sei=i b 8 W5

Fig. 3. Light source calibration process: (a) fixed height cuboid and its
shadow cast with originated vector point (A", B”, C” and D) and lines
(AA’, BB, CC’, DD). (b) light source position at point O (blue dot)
from the nearest average of the closest traced rays.

III. METHODS

In this section, the proposed method for 3D volumetric
reconstruction from a set of 2D cross-sections (virtual
slices) is described. Fig. 4 shows an overview of the
processing pipeline. The first step is extracting only the
mango and its shadow information from the real-time
captured  image. To accomplish this, a reference
background image obtained during the calibration process
is used to perform a simple background subtraction. The
resulting  image is then subjected to an opening
morphological operation to enhance the image and
remove any residual noise. Finally, the contouring
process is applied to filter out small objects except the
largest object, which represents the mango and its shadow.
This image results, allowing us to proceed to the next
process steps: mango and shadow separation as well as
skeleton extraction.
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Afier obtaining the image result, the mango and its
shadow were separated by thresholding. This is done by
taking advantage of the fact that shadows are in dark
areas, while mangoes are colored in bright areas. The
Hue-Saturation-Value (HSV) color model was used to
separate the brightness contrast by thresholding, where
the value channel represents the brightness level. Two
binary images of mango and shadow as shown in Fig. 4,
served as the inputs for the reconstruction process.
Furthermore. during the separation process, the skeleton
of the object was also extracted. With the known position
of the light source in three-dimensional space, the pixel
length between the skeleton image and the bottom edges
of shadow image which projected from the light source
position was used to determine the object’s height data.

T

raw segmentation

skeleton

shadow

Cubic spline interpolation was used to generate the point
cloud to reconstruct the virtual slice. Finally, the 3D
shape was recovered by integration of the virtual slices.

Additionally. a sub-application was also developed in
the settings page of the RayVol application, which allows
users to manually adjust the Hue-Saturation-Value (HSV)
in real-time. This sub-application provides users with an
independent threshold for each channel, allowing them to
fine-tune to achieve the desired value in real-time and
save it as a JSON configuration file. which can be used as
a preset for main processing tasks. This feature enhances
the system’s flexibility and efficiency by enabling users
to customize the image processing settings according to
their specific needs.

\ virtual slice

3D shape

—

i <
==
)" [

Fig. 4. Overview of the proposed 3D reconstruction pipeline.

A. Virtual Slicing

Reconstructing 3D shapes from a set of 2D cross-
sectional slices is widely used in various fields, such as
medical imaging, where internal specimen data is
obtained ~using penetration waves generated by
techniques such as X-rays or Magnetic Resonance
Tmaging (MRI). However, these methods can be time-
consuming and can contaminate the sample.

In certain applications, particularly for agricultural
products. generating 2D cross-sectional profiles must be
done non-destructively and as fast as possible. A recent
study by [22] introduced a method for producing virtual
slices of cucumber from 2D photographs. This was
achieved by circulating around the object’s midline if the
cucumber’s shape closely resembles that of a simple
cylinder.

Our proposed methodology ' employs . cubic spline
interpolation to ereate point clouds from boundary ebject
information which extracted from 2D images. in
combination with height data obtained through shadow
casting. This . approach ~enables the precise and
dependable  two-dimensional  cross-sectional  slices
reconstruction for both regular and irregular shapes of
agricultural material, which. enhances™ the ‘quality of
reconstructions.

The process of generating the virtual slicing involves
dividing the object into two halves. Each of the halves is
then constructed using three points as basis points, which
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are illustrated in Fig. 5(b) and Fig. 5(c). The first basis
point is located at the boundary of the object image and
constructed at zero on the z-axis (height axis). The second
basis point is obtained through the shadow casting
method. ‘at the pesitive z-axis, which derived from the
height data using Eq. (3). The obtained height & data
must be divided in half to generate the third point in the
subsequent process.

stan(#)
.

The length of the resulting shadow s is determined by
the displacement of the object’s medial information and
the bottom boundary of the shadow image which relative
1o the position of the light source, as illustrated in Fig. 5(a)
and Fig. 5(b).

The object’s medial information is obtained by
performing  skeletonization -of ‘the object image. To
determine the ¢ angle, the inverse trigonometry Eq. (4) is
utilized.

n 3)

@ =cos '[“'J “
m

where w and v are displacements from B to C and A4 to
C respectively. The third point in the negative z-axis is
generated by applying a mirroring transformation from
the second point in the positive z-axis This methodology
assumes that most agricultural objects have an axi-
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symmetric  configuration,  despite any inherent
irregularities. FinaLly, this set of three points is used to
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construct new points through cubic spline interpolation as
shown in Fig. 5(d).
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Fig. 5. 3D reconstruction process: (a) and (b) visualizing the geometry stuciure relationship of shadow casting in 3D and 2D, respectively; (c)
obtaining an example of the left half of the virtual slice through the shadow casting method. as indicated by the symbol “x™ in (b); (d) the completed
virtual slice by combining the left and right halves; (e) Visualizing of the virtual slice stacking along x-axis; and (f) Fully 3D reconstruction.

B. Volumemetric Rendering

To reconstruct a 3D volume image, the reconstructed
slices are stacked sequentially along the x-axis as shown
in Fig. 5(e), with a pixel length distance of one, which is
transformed to. real-world information by performing a
homegraphy transform: Fig.5 (f) illustrates the completed
3D reconstruction obtained from a stack of virtual slices.
To estimate the volume, the finite sum approximation of
an integral is utilized, expressed as

V=" cd()Ax (5)
i=l

where Ax is stack distance in_ world coordinate and
A(x)) represents the area of the closed polygon of the

individual full slice, which is approximated by the
Shoelace method.

IV. RESULTS AND DISCUSSION

A. Repeatability

The repeatability of the proposed system was evaluated
using three metal spheres of different sizes. The volume
of each individual sphere was eomputed using the sphere
volume formula:

4
V= —rr? 6
3 (©)

where 7 is radius of the sphere. The volumes for the three
spheres were calculated to be 28.73 cm’, 65.45 em’, and
268.1 cm’, respectively.

Thirty measurements were taken for each sphere at the
same - location in the measurement area using the
proposed system. The precision of the system for volume
estimation was evaluated by determining the coefficient
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of variation [38] which is calculated from Eq. (7) for the
estimated volume using the proposed system was 0.88%,
0.65%, and 0.82% for the three different-sized spheres,
respectively as shown in Table I. Our volume estimation
method demonstrated high repeatability; the CV is less
than 1% for all samples.

CV =(o/ 1)x100% %)

TABLE I: VARIATION ANALYSIS OF THE VOLUME OF A SPHERE METAL
BALLS MEASURED BY RAYVOL

Size (mm) i Mean (20 S.D. (@) CV (%)
38 30 30.14 0267 088
50 30 67.68 0.43 065
80 30 273.13 2.23 0.82

B. Accuracy

The comparison was performed between the results
measured by the proposed machine vision system and the
water displacement method based on Archimedes’
principle. The thirty mangoes were used as samples,
randomly selected from a local farm., The sample was
positioned in the measurement area, similarly to the
repeatability evaluation procedure. The results. obtained
from the proposed method were compared with the water

displacement method. The deviation is shown in Fig. 6(a),

indicating that almost all the errors from the proposed
method fell within the 95% limit of agreement.

Fig. 6(b) shows the comparison data, revealing a
significant linear comrelation. between the volume
estimated from RayVol framework and the volume
measured by Water Displacement Method (WDM). The
squared correlation coefficient (R?) between the water
displacement method and the RayVol measurement was
0.9849_ This value signifies the proportion of the variance
in the RayVol measurements that can be explained by the
variance in the actual measurements. A higher R* value
implies a closer correspondence between the RayVol
measurements and the actual measurements. thereby
indicating the greater accuracy and reliability of the
proposed machine vision system.
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Fig. 6. The deviation and accuracy performance between water
displacement method and RayVol framework: (a) 1.96-¢ plot for
volume difference; (b) R* and correlation.
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C.  Mango Size Classification Experiment

In this study. the proposed framework was utilized for
mango size classification. A total of thirty mangoes were
selected and categorized based on the assigned codes, as
shown in Table II. The classification results were visually
represented through box plots, as shown in Fig. 7. Each
box plot contained the dataset, where the center of the
box represented the median, the box edges represented
the 25" and 75" quartiles, the whiskers illustrated the 5%
and 95" quartiles, and the minimum and maximum
values were presented as outliers.

TABLE II: VARIATION ANALYSIS OF THE VOLUME OF A SPHERE METAL
BALLS MEASURED BY RayVoL

Type Code Volume (cm®)
Small S 180-234
Medium M 235-315
Large L 316450
500 ¢ —_
¥ =E 1]
450 g:" :' |
-
E}sn N
.s 300
>
250
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2011'? == —
| — | = i _ T =8
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Fig. 7. Box plot representation of mango classification by volume.
Showing the quartiles, the 5% and 95% percentiles (whiskers) and
extreme values to the minimum and maximum.

D. Computation Expense

The PC computer with an AMD Ryzen 7 5700 (3.8
GHz) was used as the computational device for this
research.  The Python backend software and web
application - were operated on Ubuntu 16.04. The
computational time of all experiments ranged from 0.3 to
0.75 s, generating 28,000-40,000 points clouds. The
setup was able to estimate the object volume for 1-3
objects per second with an objeet velume ranging from
180-480 cm® and a resolution of 28,000-40,000 points
cloud.

The computation time varied depending on the size of
the image and the size of the object being processed. To
improve the computation time, the camera resolution
could be reduced. However, reducing the camera
resolution would also affect the quantity ef the point
clond, which might impact the resolution of the volume
estimation. Therefore, it is essential to consider the trade-
off between computation time and volume estimation
resolution when selecting the camera resolution.

V. CONCLUSION

A simple and non-contact framework for measuring
the volume of axi-symmetrical objects based on shadow
casting is presented. A cost-effective machine vision
framework based on this method was designed and built
specifically for measuring agricultural materials. The
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reconstruction of a 3D model and estimation of volume is
fast with a single captured image, making it suitable for
an inline process.

The precision of the proposed method was
demonstrated with the Coefficient of Variation (CV)
which was less than 1% for all of three spheres. whereas
the accuracy was determined by the coefficient of
determination (R”) between the Water Displacement
Method (WDM) and proposed method which was 0.9849.
Furthermore. the computation time varied between 0.3 to
0.75 s with generating 28.000-40,000 points clouds per
object.

The results of the performance analysis have shown
that the proposed framework is accurate, precise with
non-destructive for measuring the volume of axi-
symmetrical objects, particularly in the case of
agricultural materials. However, the resolution of volume
measurements is dependent on the size of the region of
interest in the image, which is also related to the size of
the object being measured,  and - this may affect
computation time. Furthermore, the angle of the light
source also has an impact on accuraey. The setting up of
the light source must be carefully done. Nevertheless. the
proposed system provides sufficient accuracy and
precision to make it competitive in this research area and
in industrial applications.
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Real-time Surface Acquisition of Tire Sidewall
for Reading Embossed Information

S. Sukprasertchai and T. Suesut

Abstract— This paper proposes the method for modelling the
tire sidewall surface to extract the embossed character in real-
time, The information on tire sidewall can be read easily after
the reconstruction process. The surface based model is
reconstructed by the base-line correction. Orthogonal
polynomial approximation is employed to create the base-line
correction and then the statistical technique is used to generate
the residual data to relief the embossed surface. The complete
embossed relief surfaces with a variety of degree orthogonal
polynomial are compared for selecting the suitable degree. A
prototype system of the laser-scanning for ftire sidewall is
implemented. The testing results have shown better images of
tire surface. This method can be developed to the optical
character recognition system for 3D range data of tire sidewall
as well.

Index Terms— Orthogonal polynomial, 3D surface modeling,
Embossed segmentation,

1. INTRODUCTION

ABELS are designed to facilitate the storage, distribution

of goods or products, and information te identify them.
Furthermore, these can be ensured of the quality by tracking
their progress through the supply chain. The eritical product
such as tire manufacturing process that is essential to track
the process from vuleanization until its use on the toad in
order to control of the quality. The marking must be durable
enough to withstand the volatiles from daily use. The
classical solution is the embossed label code into the surface
of the tire sidewall. The code on tire sidewall contains
information of the manufacturer, including the fire
identification number (TIN) and any labeling code requires
by law.

According to. the transportation regulation of the United
States of America (49 CFR 571.109), the DOT code appears
as an alphanumeric 4-digit date code placed on all new tires
[1] as shown in Fig. la.
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Optical character recognition or pattern recognition is the
process of converting images text, into machine readable
data; basically, there is based on pattern recognition, which
was processed on a binary image that was acquired by
scanner or digital camera (Bar code, QR code). However
this technique is problematic to perform image segmentation
and classification, which were based on edge detection
algorithm. The machine vision using digital camera acquired
image directly is not suitable because the image of tire
sidewall surface is dark and the surface of tire has a
curvature form [2][3][4]. The solution to these problems is
acquired the 3D tire sidewall surface image by utilizing the
3D scanner.

Edges on 3D surface image are caused of discontinuing
depth (see Fig.-1b) on a tire cross section image acquired by
laser light sectioning method. Peaks on curve are anomalies
of surface, which are included the stamped character that are
uniform in curvature data. Normally, edges in images
provide low-level cues in image segmentation processing
that ‘can be several causes such as depth, textures, and
lighting [5]. Practically, segmentation can be performed by
digitization of image [6].[7] thresholding algorithms is the
simplest method, which are not appropriated to utilized to
arbitrary surface.

; L ol & 4 ]
2 _ &\
< 150" ]
IS F ¢
100“ I n I L 1 1
0 100200 300 400 500 600 70O
Image pixel x

(b)

Fig. 1. a) example of the embossed code on tire sidewall b) the cross section
image of tire sidewall, which was acquired by laser light sectioning method.
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A tire sidewall cross section image (Fig. 2) can be
considered as a wave form signal. Peaks of wave signal are
added by background signals or noise providing the base-
line. In analytical instrument, the base-line correction is the
common problem for many algorithms utilized to removal
baseline, such as derivative methods and frequency analysis,
which are not appropriate for real-time applications.
Recently, an iterative method based on curve fitting for
estimation of base-line was proposed [8]. [9].

This paper presents a solution to automatic extraction of
characters and digits which are embossed on tire sidewall
surface in real-time by utilizing the base-line correction to
perform the surface relief to ensure that the achieved image
is suitable for further processing.

II. METHOD

IEEE1394 Camera

g

Trigger signal

ICantralier
W Modulg |

L il
RS232 A
. Pasition Signgl ) -

Fig 2. Tire sidewall surface acquisition system

A. Laser light sectioning scanner system.

The laser light sectioning method is a non-contact
solution for acquiring the surface image by reconstructing
2D images of laser sheet that is projected onto tire surface
from one-point perspective view. In this work, the system
consists of a motorized rotary stage and a set of slim line
laser light source which projected in perpendicular with tire
sidewall, the area camera is used to capture the projected
laser light on surface during rotation (see Fig. 2) [2]. The
cross section images are acquired synchronously by using a
rotary encoder. The raw 3D geometry of the surface
contained the embossed character can be generated by
reconstructing the 2D cross section images in real-time.

B. Orthogonal polvhomial base-line correction,

The algorithm is based on base-line estimation. which
achieved by fitting a polynomial function f(x) from an
original signal y(x). which can be expressed in concise
matrix form as

y=Xa+te (n

The vector emust be follows to the least square method
by making e to minimum [9]. The fitting coefficient acan
be solved by pre-multiplying the transpose X* which can
be expressed as

ISBN: 978-988-19253-8-1

ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)

X'y=Xx"Xa @)
and, the fitting coefficient is

a=(X"X)"'x"y (3)
then, the fitting function is

Z=XX"X)"Xy @)
the residual surface becomes.

R=Z XX X)Xy )

where by, T is transposing matrix and -1 is matrix
inversion, respectively. However, to calculate the matrix
inversion(x”x)". is needed much more time for
computation [8],[9]. In real-time applications, the
computations time should be reduced to minimal as much as
possible, which can be solved by using orthogonal
polynomials  property that are yielded diagonal normal
matrices (¥7.x). Consequently. the matrix term (X7.X)" can
be computed easily by the equations

Xx=1
Xx=x-Xx
n (&)
P AT S e € RY J o N
+ kX, (x)
kmj = —Z"‘-JHX; (x:)/sz (xi )2
= =] (6)

jEn—Ln—2:..10,

where, ¥ is average of X . All algorithms were implemented
by C++ using OpenCV library by Intel in real-time with
1.70GHz Intel Core I5-3317U.

C. Embossed relief procedure

After a cross section image of surface, the embossed relief
can be done as follows: first, converting a cross section
image to data as a vector matrix: second. modelling the base-
line  wveetor by  utilizing = orthogonal polynomial
approximation: third, the residual vector is computed by
using (4): fourth. after performing the residual relief is done
and the result is shown in Fig. 3a. The trend of residual data
is inclined from the base-line to perform the thresholding
cortectly. The trend of residual data must be related to
horizontal base-line by utilized linear = approximation
technique.

Normally the embossed characters is higher peak than the
tire pattern, this means that the embossed data can be easily
extracts by caleulating the standard deviation of the residual
vector as shown in Fig. 3b. The residual data after removal
unwanted signal by standard deviation is shown in Fig. 3c.
This technique can be used to reconstruct the 3D surface
lifting the embossed characters apparently.
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Fig. 3. a) residual data with trend data b) the standard deviation of residual Fig. 5. the 3D surface ar DOT code region with different degree of
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Fig. 4. raw range data curve and 3 varying of power of orthogonal polynomial .
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III. RESULTS

This section shows results of embossed character relief
edges corresponding to the embossed relief procedure. After
cross section images were acquired by light sectioning
system. The range data were converted from cross section
image, which was manipulated by computing the centroid
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IV, CONCLUSION

In this work, we focus on the geometric modelling to
extract the embossed characters from curvature surface in
real-time. The orthogonal polynomials can be used for curve
fitting to reduce computation time. The trend of residual data
was regulated by lnear approximation to perform the
standard deviation in order to provide a suitable threshold
value for extracting the embossed characters on tire sidewall
surface. The testing results have shown that the low power
orthogonal polynomial is sufficient to model the base-line
data, and the statistical method can used to enhanced the
embossed characters on surface image in real-time for
further processing.
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The Influence of Measuring Location on Volume
Estimation by Shadow Casting Method
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Abstract—MNon-contact inspection has dominated various
industries for many years, particularly in the field of food
and agricultural processes. Volume estimation can be achieved
by volumetric imagery or 3D reconstruction. The casting of
shadows or shape by shading is an active technique that can
be utilized to generate volumetric imagery. By evaluating the
length of shadows, the object height data can be achieved, and
the transformation of image coordinates to world coordinates
is facilitated by means of homography transformation. The
width, length, and height of object edges along the entirety
of its length are employed to reconstruct virtual slices. The
integration of these virtual slices enables the estimation of
the object’s volume. This research studied the variation of
the measuring locations, three different diameters spherical
balls 38mm, 50mm, and 80mm are used as test materials.
The percentage of errors in volume obtained from all sections
by shadow casting were compared to computation volume
of sphere formula is approximately -1.67%, -1.13%, and -
6.60%, respectively, depending on the size of the object.
Furthermore, a visualization-based analysis is presented which
has no significant difference. From this studied, it can be
concluded that this method is valuable in estimating the
volume of axially symmetrical objects.

Index Terms—3D reconstruction, non-contact inspection,
volume approximation, shadow casting, homography

I. INTRODUCTION

Currently, inspection with machine vision technique is
widely prevalent and immensely in the agricultural in-
dustry. Particularly in quality control, external physicals
information such as shape, size, and color, was employed
as an indicator and classification that is linked to the
quality perceived by consumers. Volume is one of the
characteristics that researchers have been focusing on, as it
can be utilized for indirect weight determination. Numerous
investigations [1-9] have reported the correlation of mass
and volume,

3D reconstruction is one of the techniques which is
employed to estimate object volume. Such a system is
mostly based on active methods that require energy sources
or light sources, to obtain all the three-dimensional data.

Siwakorn Sukprasertchai*
School of Engineering
King Mongkut’s Institute of Technology Ladkrabang
Bangkok, Thailand
siwakorn.su@ku.th

The structured light is the principally technique, by the
deformed of the reflected light patterned from projected by
light source [10-12). Some researchers employed time-of-
flight methods to obtain height information [13]. However,
this methed is considered a complex system due to the
additional specific light source which influenced the system
cost,

Single-view 3D reconstruction using mono camera is
considered as a cost-effective system, without any ad-
ditional light source or another camera. For agriculture
applications, such as fruit, mostly has unsophisticated
shape, which can be modeled by its geometrical shape.
The geometric mean diameter (GMD) is an example [11].
However, some fruits have slightly altered shapes, which
impact measuring accuracy. Several researchers applied ba-
sic mathematical model shape with width and height data to
performed 3D reconstruction then the volume was estimated
by utilizing numerical analysis [14-16]. Nonetheless, by
lacking height information the measuring accuracy might
be issued.

Shape by shading has been introduced since 80’s [17-19],
by geometrical relationships the height data can be retrieved
from its shadow. These publications provide reconstruction
methods including evaluated by measuring simple shape.
In [20] has been developed a platform for estimating the
volume of asymmetrical objects by employed shape from
shading or shadow casting. They employed mango as test
material to evaluate the system performance. This approach,
height data is computed based on the location of light
source, Consequently, the computed result might be im-
pacted from perspective view. Due to practical applications
such as in-line inspection, the object being measured is
placed randomly on conveyer belt. The accuracy might be
influenced by the different measuring location.

This paper investigated the variation of volume estima-
tion from different measuring sections by utilizing shadow
casting method, which organized into several sections. Sec-
tion 11 presenting the principle of shadow casting method.
Section Il the material and method of studied is described.
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Section IV is an evaluation and discussion of variation of
different measuring sections by employing different diam-
eters of sphere ball as test materials. Finally, a conclusion
is provided in Section V.

Il. THEORY

A. Height determination by shadow casting method

Fig. 1 illustrate the shadow ray casting method for deter-
mining height data based on geometrical relationships, the
illumination of point light source is projected to an object
and its shadow was created. Fig. 2 shown the geometric
relationship of light source position, object and shadow,
which object height h can be computed using length of
the shadow s as (1). For elevation angle (8), the inverse
trigonometry is utilized by (2): where w is the length of
the light source location and shadow edge; where v is the
length of the light source location and shadow edge.

8,0
h=stan(8), where 8 =cos ! O (1)

B. Planar metrology by projective transform

Since the object being measured is place on planar plane,
a point of image plane p'(x’,y",w) can be transform to
waorld coordinate p(x,y,w)as in (2).

a2 B B@ @
X hir hi; his  x

Y'm =0hs  hy hzsm\lm =Hp (2)
w hss hay hss w

where H is the homography matrix. All points are
considered in homogeneous coordinates, thus, w =w’ = 1.
Since hs3 is scaling parameters which also equal 1. Thus,
the H matrix can be calculated by the least square method
which reguired at least four points, where defined from the
corners of measuring area. Then the real-world coordinate
can be computed by the multiplication of matrix H and p
[21], [22].

Camera

Point light source

Fig. 1. Illustrate of shadow casting method.

Fig. 2. Virtual slice with geometry relationship between light source
position A and shadow edge C and basis points.

C. Light source calibration

The process of determining height through shadow
casting relies on the calculation of geometric properties.
Consequently, it is essential to accurately locate the light
source. Fig. 3 shown a point light source that was used to
project light rays to an object for casting shadow. The light
source location is identified by inverse ray tracing from
shadow location of an object with known height such as
cuboid object which placed in square formation. Then, the
intersection of four rays is identified as the location of light
source.

Fig. 3. Light source calibration by inverse ray tracing.

D. Velumetric image reconstruction

A three-dimensional image is reconstructed by a set of
virtual slices along the length of object. To approximate
the volume, a Riemann sum (3) is utilized, where A (x;)
is the area of virtual slice which is estimated by Shoelace
method. In Fig. 2 shown a reconstructed virtual slice, where
A is a light source location, BC is the length between light
source and shadow edge, v is the rays vector from light
source and shadow edge, and s _is the shadow length from
ohject medial.

X
V= A(x;) Ax (3)

i=1
A virtual slice is generated by utilized cubic spline
interpolation based on basis points which shown as symbols
in Fig. 2: cross, circle and triangle. All of basis points
were transformed to real-world coordinate by homography
transform, the cross symbols are derived from the object’s
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edges of top-view image. The circle symbol is height data
which obtained by utilizing shadow casting method as
in (1), where shadow length is displacement from object
medial data which extracted by skeleton algerithm and
shadow edge data. Finally, the triangle symbol is achieved
by mirroring the circle symbol data, by assuming that object
has axi-symmetry shape property.

11, MATERIAL AND METHOD

Experiments were performed on three different size
sphere balls which has diameter 38mm, 50mm and 80mm.
The reference volume was computed by using the sphere
volume formula (4), where r is radius of the sphere
balls. The calculated volumes for the three spheres were
28.73cm’, 65.45cm’, and 268.1cm?, respectively.

_ghe®

V = 3i'(r (4)

The shadow casting method is used to measure the

volume of three different size spherical objects at different

sections A, B, C, D and E as shown.in Fig."3. A total of

thirty measurements were carried out for each lacation. A

software platform was developed based on Python language

with open sources libraries, OpenCV and Scikit-Image. A

5-megapixel USB camera, equipped with a 5-50mm lens

(ELP-USB500W05G-MFV) is used to capture top-view
images.

Fig. 4. Difference sections for experimentation.

IV. RESULT AND DiscussioN

Table. | presents the mean X , standard deviation (a),
percentage of error and coefficient of wariation (C.V.)
of three spherical balls, which were measured from five
sections (A, B, C, D and E) using shadow casting method.
The average velume that is measured from shadow cast-
ing of all sections are about 28.25cm?, 64.71cm? and

250.39cm?, which have average percentage of error of -
1.67%, -1.13% and -6.60% respectively, when compared
with computed volume. It can be observed that this method
can be employed for classification applications such as fruit
grading or size determination.

The repeatability of all sections was evaluated using
coefficient of variation (C.V.) as shown in Table. |. For
spherical balls which have a diameter of 38mm and 50mm,
the C.V. is approximately 0.82%-1.06%, demonstrating
high repeatability. For the 80mm diameter, the C.V. is
about 3.30%, indicating a C.V. slightly increased. It is
due to shading on object, the large object caused shaded
shifted from object medial which extracted from skeleton
algorithms. Consequently, the length s in (1) introduces an
error.

Fig. 5. visualized the differences in volume compared
with computed volume for each position of the three dif-
ferent diameter balls using a box plot. The median volume
difference of position E was consistently close to zero for
all three ball diameters, whereas the position of A, B, and
C have more difference, and position D shows the highest.
According to Table. |, section D had the highest percentage
error due to a minor error in the object skeletonization
process, which was induced by threshold process. For
single light source, the closest location to the light source
has strong light intensity, while the furthest location has
lowest intensity. As a result, the variation in light intensity
may have affected the threshold method and distorted the
object’s medial line. Another issue is the light reflection
from the black acrylic sheet as light blocker which was
installed around the measuring area. This issues affected
to accuracy error. However by examining all the volume
differences, it can be observed that the location significantly
impacts the measurement accuracy, which have consistent
pattern.

V. CONCLUSION

The method for generating a 3D volumetric imagery of
an object using only a single view with the assist of a
simple light source is presented. The software has been
self-developed using open-source library written in Python
language. The planar transformation method was applied
to calculated width, length, and height of the object. The
height of the ebject was estimated by utilizing the shadow
casting method. Then, the virtual slice is reconstructed by

TABLE |
COMPARING OF VOQLUME ESTIMATED FROM THREE SPHERE BALL OF DIFFERENT SIZES WITH SHADOW CASTING METHOD AND COMPUTATION
38mm 50mm 80mm
Sections [ Meag | Error | S.D. C.V. 7| Mean | Error | SD. [=AYA Meag™ ["Erfor [ 7S.D. CV.
X (%) (o) | (%) X (%) (o) | (%) X (%) (o) (%)

27.56 -4.08 0.285 | 1.035 | 63.04
] 3045 5.99 0.251 | 0.824 | 69.70

-3.67 | 0.207 | 0.328 | 250.79 -6.45 £.495 2.589
6.49 0.543 | 0778 | 252.26

5.50 | 10.766 | 4.267

27.52 -4.22 0.288 | 1.048 | 64.05

-2.13 | 0.246 | 0.384 | 24396 -9.00 8.077 3.310

25.59 | -10.94 | 0.271 | 1.061 | 59.05

-9.77 | 0.182 | 0.308 | 23046 | -14.03 | 9.501 4.122

mcnml>

3015 491 0.267 | 0.888 | 67.68

3.42 0.438 | 0.646 | 27449 2.38 6.059 2.207
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Fig. 5. Visualization by box plot of volume differente of three sizes sphere
balls from five sections, showing the quartiles, the 5" and 95™ percentiles
(whiskers) and extrame values to the minimum and maximum: (a)38mm,
(b)50mm, and (c)80mm, respectively

cubic spline interpolation from basis points (width, length
and height). Finally, the 3D image was reconstructed easily
by integration of virtual slices. It can be performed in an in-
line process, with simple components, simple computation,
and most importantly it is a non-contact inspection method.
The three sizes of sphere ball were used as test material,
volume measurements from shadow casting method were
compared to computed volume using simple sphere for-
mula. The measuring area was separated into five sections,
thirty measurements were done to exhibit the performance.

The wvariation analysis from difference sections was
demonstrated using three different sizes of sphere ball. The
testing section was separated into five sections, thirty repli-
cates were done in each test. The coefficient of variation
(C.V.) result of each section has shown that this method
has precision. Furthermore, the accuracy variation of three
sphere balls from five sections were visualized by box plots,
exhibited that the volume difference of five sections have
minor percentage error when compared to computed value
which caused by the variation of light intensity. Lighting
control and light source setup must be carefully done.
Nevertheless, this simple metric vision system demonstrates
sufficient performance for classification application, such as
agricultural materials.
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