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Abstract

Coconut oil that has been processed by cold extraction helps maintain the
quality and benefits of coconut oil. Each stage of the production process must be
closely monitored to ensure that the quality of the coconut ail is always maintained.
Color, turbidity, and impurities are the important parameters of coconut oil quality.
Especially the turbidity of coconut oil, which impacts consumers' feelings directly
through their vision. Impurities in coconut oil are the factors that cause the oil to
become hazy or change color. In this research, turbidity was measured together with
the detection of impurities in coconut oil. The experiment started with the
measurement of turbidity of coconut oil. The results showed that the MAMoH method
showed the best results for coconut oil turbidity when compared to other proposed
methods: MoGS, MoH, and RPMoH method. The efficiency of MAMoH method was 99
percent. Subsequently, contaminants in coconut oil were detected usingdeep learning
methods. The experimental results revealedthat the MobileNet architecture is superior
to 10 architectures in terms of detectingand categorizing impurities. The accuracy of
MobileNet is 80.20 percent, which is the best performance compared to other

architectures.
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AANGUYBILAIIdINUFINANLA Toam TS UeAINudITUSve AN TWR A U UTU 0
Y9sasaraIeNIevs Il lan un g nde suazuaiidsn tnedaihamnduiusuasainig

AANAULET W1asensIMALduRUEIElARI LA UNUSW Ad UM NT AT ULAIL R 551U

U

[

msﬂﬁ 2.4

Y

Tubidity Value

0.55 0.65 0.75 0.85 0.95

Light out

2.4 AUFUNUSITAAUYDIAUTURAININTFIY

=

U

€aN



2.3 a21usnganulauud (Domain of color)

U

Tawudduguwuvluntsimunuasgiudmiunisuanua Ingldaduasunuaives

<3

AMindu Inuvesdnanthunldluszuuiniag Town sTuudkuu RGB ssuud YCbCr wag

Y

syuUa HSV 1udu

2.3.1 J2UURULUU RGB
A1NE RGB [5] - [7] w5 en1mFa34 (True color Image) & 118 unwd i A
TndiRgstudlusssuvmunndian dedoyaiioglunmiisuuuudnuaradesunaiudeyaly
915158 (Array) 3 1 w11a m xn x 3 Tagdl m UNLIWIAAILET LAY N UNUTUIAAIATY
AaziiuAduenaniu lng

WU (Blue: B) Aaguii 2.5

)

Tunmihgvesganin (Pixel) @ 3 ilualdunuiia lneluwday

€

o

AINE RGB Tl Yudwna (Red: R) Tuden (Green: G) hastud

T2835  0.1224 Blue 0.4
04 0.2902 0.0627 0.2302 0.2802 0.
0.5804 0.0627 0.0827 0.0627 0.2235 0.2588

4{1751?5 0.1222 p.os27 GTeen p,qapz 0.2588  0.2588

0.5176 0.1294 ©0.1608 0.71294  0.71224 0.2588  0.2588
0.5176 0.1808_ 0.0627 0.1608 0.1922 0.2588 0.2588

5490 Red 0.7412 0.7765 0.7765
.5804 0.7765 O0.7765
.2235 0.4824 0.2235
.2588 0.1608
.2588 0.2588

.5490 0.2235
5490 0.3882
¢30 0.2588

-B176 0.5804
.2902  0.2588
.1608 0.2588

ooco @ o
o oo o

sUl 2.5 syUudALUY RGB

fi: http://www.ece.northwestern.edu/local-apps/matlabhelp/toolbox/images/introa.gif

2.3.2 STUVALUU HSV

SYUUALUU HSV (Hue: V, Saturation: S, Value: V) [8, 9] Ky uwﬁﬂuiwu

[ =

dyaaudnldluseuunmadna laeanm 9N ssuud RGB %30 Y:Ch:Cr Inun msguud HSV
W Usenausmer Hue Ao AN@v09dnan vSeAd RGB FellA10g3enine 0 wae 255 lagan
A1 Hue fAwindu 0 agldunuduns wagiilean Hue daniiudu dnmaziinisidsuiuasly

Y a = Y] & a ) a v
AUALUNHSUVDIFIUNY 256 LaznaUU LT UALAIBNASY %ﬂﬁ?ﬂﬂiﬂL%ﬂﬂU;&U‘U@ﬂ@ﬂﬂﬂfﬂ



1%
[ a o

Aallfe AuLAlTARAWVIAY 0 897 @lewiiU 120 03f1 wagdnRuwiniu 240 a9 Lag

UUDIANVDITEUU HSV Uanalansgui 2.6

5UM 2.6 STUVALUU HSV

dmiulunisudasszuud RGB IiBussuud Hsv tu Maaesssuudanusoudas
Adatunaziils Tnoszuud Hsv idunsudasszuudnlndifesiunisUszinanaduosangd
Famudannsadlaldfniiszuud RGB lasamsaulasAAmduiusssnine RGB uag
HSV @samnsavian H ldnaunisi (23) é1 S amnsanildonannisi (2.5) wagen v

AN MAINENNITA (2.6)

/ Bl AN
f 7 {271 — 8, otherwise (2.3)
Tnefien 6 maldannaunisi (2.4)

SOV (R-G)+(R-B) )
2% (ZJ(R —0)2+(R-B)(G -B) (2.4)

_ 4 _ 4 . MinRGB)
S=1-3 R+G+B (2.5)
[ = R+GB (2.6)

3

NAaNSALAMNNITAIUIUNITWUAINNSEUUE RGB Tvid useuud HSV 210

aunsil (2.3) - (2.6) ansauandldfaguil 2.7



Original image

Ul 2.7 wan1suvasszuud RGB Widusguud Hov

2.3.3 53UUseAUENN (Grayscale)

awlusgdvdmudunm (10112 Wunmiludazgeamiidmuiduvesder
svwrnemnaza Inedemimduldlfvesnmsesuding (Grayscale image) $1au 8 T (Bits)
0¢l 256 ey Tunslauaunsadimuadilieglutig 0-1 udo 0-255 adld annsauans
AmsERUAmIlAFagUT 2.8

T LR, L EkEs B, SRTE AT
T AT R P PR DR s
G R RETHRS B R R M

CoFEN B.JEJ4 L34 DLLHY OLPEM TUGE
. o BARCEAME 1AM
i T i e 15—

UM 2.8 amsysuding

nsuUasnmaliidunmseauminuuaade (Grayscale average) Mlglagns
WganmisuaA1antaud RGB uwmeneanilu g1 R g G uazeu B antudiuimg

ANLASEUBIYANIN AIYAUNIT (2.7)

Pixel (x,y) = (R+ G+ B)/3 (2.7)



Tngil
Pixel (x,y) A8 AW 0 ﬁgmmvﬂ@ 9 i (x,y)
R AB ANSEAUALAIYDIPAN TN
G AB  ANSEAUATEIVDIIAN
B fio Aseiudiiduresgnnm

A9t AN LAUDINNTLAUNIANTNLAIN AT R 33% A1 G 33% WAy

=

A1 B 33% 9350150151909 ulun1SLUaen M SEAUMA S99 NLELSIeaLLD 8

¥ '
A L =2 IS

vdIvesnmlild nmitlaenaliddnfuiuly lngannaiiintuliswnanaiue1indu
YoIkadazkadlliiny IneANe1IA U D LAIELAITUE1ITAR LaskaddInasiad

gOI a o U dl ¥ U L tﬂl
U URTUANMU wawlmmﬂmmﬂaqmwswu L‘V]’WWQE‘U‘VI 2.9

ST
v

&
L

-

(M) ANALRUU (V) NNTLAUN L UUANRAE

5UN 2.9 WIBUWE UNRENSYBINMSEA UL MUUAMLA Y

2.4 ANTHUIUINEIUVDINN (Image Segmentation)

Tun1LUIUNEILYDIA N [13,14] Smefunatsiinis S93snmmisiiladonthuld
Aemshonanzdiuiigosnisvesnm (Region of interest) indsvanana Tne3ansilfes
nyAsudsilidesnisuazsuntfigosnisegedniou Tnefituneunisviaiuiield
Funsigeenislunmuda awvinsinsevdmasudeuseuituiingesnisels Fadulusy
nssvydunidunmiangdwidesnisdananuuszsinana Taglu 1 A awisafvue

lonargdiuresnin Hafilalansdsgud 2.10
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5UM 2.10 N1SUUIN MR NIEAIUNRABINTS

2.5 n15U5UUTInN (Image Enhancement)

dmunisusuuganm [15,16] Wunisilinunmuesnmtiuivu viliaiuwesnm

tudanueiudeduin FaiiisnimuenisuSulsnmmigiunaneds wunisandyayinsuniy

nilegluam vsensindelandvesnmivimiuGeumeldlunisyszaananwsaly

2.5.1 n15U5UU3 AN TUIINGalaunsu (Histogram Equalization)
HunnsuSusunmidiaiaiuadegusneasu e asniwliing e uind
[5,10,17] w’%atﬁdﬁlﬁuﬁﬁwamﬁamﬁa&ﬂumw Tngefan1snssnesvessalannsy dadu
Al amihginns e wasiviisuiunsen1slauasiiasiiane fu uazdheisnns
ﬂ%fw';aﬂ']sﬂszmammﬁsumi'ﬁ/\la%mmmui’fmmﬁ?u Naﬁié’mﬂﬂﬁu%fw@qmwé’aa%%

UFuwidalaunsy dunanssiagui 2.11

=

U 2.11 msuFudganimemedsnisusuwingalaunsy

€aN
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NFUA 2.11 SNWULYDINIINTEIYAIVDIBALAUNTUYIUAATN BaLLA UN T
Auputavesnn Ingdalaunsundnisnszaeduaunii wansdanminuaudnige

a aa = aa o a6
LLagaﬁI@LLﬂ3NV|llﬂ'ﬁﬂ§$ﬁ]']fJ WU ULAUAZLNUATNNUAIUAUY AN A

2.5.2 msaadyIusunIulunwatguasinlag

35 nsandyaiasuniulunnd dedunaneds § 935n15ueiulad [5,10]
(Morphology) lé’gﬂﬁmﬂﬁﬂumsam?asvmuiumw ﬁ’h&JmiLU?{aJuLLUaaé’ﬂwngUéNvf%a
Tasaevesnm annsuendIulsznouvesn miiiey sznanauansgu1dlvsisdien 519
osAusznaulAssa¥i (Structuring element) Taagiiuniseguunmaasdiidessdiune 0
w30 1 iy n1avieiuresesiuszneulassairegnlfdudafinuag Ui uasding
ffunsiiugiuvesodinladey 2 @ léun n1stniee (Erosion) wagnisuene (Dilation)
Feamnsahisdun 1 suiauiiug i iun1slésn 2 da fonsda (Opening) waz
N15Un (Closing)

nsimunesAUszneulassandun st muammsndgesiieldiuiun1 sy
sUnm Ssansnsadentd@dndenils do tesiua (Kemels) muavasesruszneulasiainaiy
dulnaidrazdusiaud wu 33 vio 56 Hufu figufl 2.12 dieldardminvesiney
ogfimuvtisnnans (Center) vosasAuszneulasead lasmuszananaufugaseudng
(Neishborhood) Taesddsznoulpssadne sniihiaeuilawnulurumlaies fuves

Al

Center ——..,. Nelehborhood

sUM 2.12 shegwesdusznaulaseasng

1) n139818 (Dilation)
N19ve e duN1sRTATRNAN MY TIAT 9A1UBIgRn AU 0 15e 1

& A Y Ao ] a 7 SR R
LNUU IG]EJ‘VW'T] 0 LLNUNIYAAT LaLAT 1 LLNUAU ﬂ'ﬁsﬂEJWEJQWWIWHLVQJJGUTJLWBL‘WN‘WUV]GU@QQ@

o a

o & A o | 13 v 44' a
ATNEAN "?Nﬂ’]ﬁ%EJ']EJW‘L!‘V]GUEN']Wq%gﬂﬂ@nLUUﬂq5Nqu@§1ﬂﬂ§$ﬂ@1ﬂﬂiﬂﬁi']\'i I@ﬂﬂqil,ﬂa@um

RV

HIUAT sz AunlIvUTaa N nuayinIsiunaea wn lagd 1Wesalunn Hit Au
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= A

aerUszneaulastase e Uinanesruseneulasiaiudadudniladiunilvesganin
vugunm Fegnimuabidneuiiandu 1 waglunsd Miss fuasdusznoulasiadne nuneds
Uinunesrvsznaulasaielidadudiuladiumilvesganmiuugunm Gaaggnimuali

Amouiiandu 0 nadwsnldaniSnisveeuanidagun 2.13

Dilation

JUM 2.13 nadnsnlaainisnisveny

waflannnisianisete Wunisiindnuganmeniieliveeruinaeg
NauANINAN Fergantednlitorasdmalilianisi¥ousonusenitnguuegnnmei

aglndiuly

2) n15n3au (Erosion)
unsiinsandeyanmemsiuserduiuiinimens wiisnsnsoudu

oW =

N1SNIPUVUIAUIIUYDUVBNING - TIN1INTRUNUAYBI TN WYNANTUN 15H WeIAUTENB Y
lA53a3 N MNTUAFoUNH WAz mliuulayan mlagyiAunN1maeniann lagateya
Tunw hit wle fit Auesdvszneulastade avgnamunlidmeudiandu 1 waslunsdl miss

zgnimunbianeuiandu 0 Aaguil 2.14

Erosion ﬁ
ﬁ

UM 2.14 nadnsnlaanisninseu
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T8 nsnseunmluduisnmsaatiuiuganinen ey lunin 4 sgaeiiy
SpEvelin ety senannquuesganmaeglusunudlnaniy wiedunisidnnguues

asfdvuadnaaniyle

3) 35n19:Wa (Opening)
Wunsheunuiussndensveenaznsnseu dewdsnisviewdy 2
sou Tnesouusnidunisiidunissenisniey Mntidluseuiidesdunisdidunissaenis
818 Fethelunisandssuniu (Noise) fislog nglunmuazAuveuvesnmenisveels ds

iliveuvevinglunmlidenie nadnsnlianismsiUawansiagui 2.15

Erosion “ Dilation
> =

SUN 2.15 nadnsnlaanidninia

4) 751150 (Closing)
Wunshaownuduseninn1sveiguagnisnseutulag1iuiuisn1510a
wALANANAURSIRTULINgNAMEUN s IEN sTane niuluseufiasadunisdiiunisiae

n1snIeu KaansnlaNIsn1sUauansisUT 2.16

Dilation %HHHHH Erosion

— &

JUN 2.16 naanslaannisnista
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2.5.3 ANTNTBININNIATLAUS

A3n5990 (Filtering image) [18] 113 nsiitheiudinreseasdenve
AR S8n1saAnIsUABYeIN N RS euYeIn T Tag
amiuenafina waaudny snatiinannisa et Mseandaanasuniuwine 9 I8 @
anunsnvinEnIesnminen1snsesdoyadieisnisdereluil

1) NsnsaUUARAAAIUT (Mean moving average filter)

Junisnseslagende Spatial convolution [18] - [20] FediAimtindiwingu

L
2

Ao = e S Avvunvad Kermel oy wu dwthnluksazaesazidu 1/9 61 Kemel Ty i

%]

YA 3x3 Fagui 2.17 ImamiﬂiaaLLUUﬁLﬂumsﬂim%;ﬂaLLUUL%QLé’uLLazLi‘JuLLwﬁuaaﬂﬁ

ANAAEIUle (Low-pass filter)

1/9 1/9 1/9

1/9 1/9 1/9

1/9 1/9 1/9

sUN 2.17 nthnindeunvum 3x3

dmsun1snseedsnisil awsavinlalagldnisaeiligdu (Convolution)
mensunisupiounnnlluun mMazgn ANl warINULAEN A1y

AUNIINTOIN NI YNUTUNTULAAIRIFNNITT (2.8)
1 . . b
glx,y) = N—tZithEHl(x —i,y—1i) (2.8)

a9 i(x,y) Dusuwndsuesaniiidyanusuniuindu

g

g(xy) Juamilandaanyiinisnsasninigs

N, Wudhwiudesves Kemel H

v

N15AT9ILUUALARULAR DUT @1 T ANTAF YU IUTUN IULUULNE LT B

o

v
=3

(Gaussian noise) 19 WAl uELRgI UATAINANANMUAVULA VIR LdUNTDVDUVDINN

Lyidniau dreganagui 2.18



ccemmm
el
[

asanaadaa
cceemmE

.a

[

|sanaaaad

sssaaana

15

ccenmmE
el
I

anaaaaaa
crammE

=

[

saanunaad

cem
~-a
(e

- b

5UM 2.18 #aueIn15tYN1INToILUUALRAL AR UV UAA9 Y

YBNINNIBILUUANRAE A UNNUAWIWA Nwale 2 §F walARAYLARBU

v PN

'
a

ugaannsa e uFulsteyanianuliiss vuarlinea visevaya nidssuniugawuy 1 TR

Y

(% v
=

lode InsidurtndsinatulnituasiinisiialuefnufanasAtiaUssuianasiuey

Mg WeilivayainuBsuinndulasaadeladouna L sanilannaunisn (2.9)

Pmt Pm—1+ Pm—2t "+ + Dm(n-1)

Psm = (2.9)
1 v
3 7 Z?:ol Pm-i
08 Py, AD AMAIINAITAIUANRAELAROUT
Pm A0 AlAluTAUY
n g Yoyadnuaunounii

Fadlowenveya (Data) idudduansunisnesdayaluaunisi (2.9) @unse

nsesdaailagldiSnmriadondewnle nasuduliuadagui 2.19

Moving Average

0.808
0.8075
0.807
0.8065
0.806
0.8055 et
0.805
0.8045
0.804
0.8035
0.803
0.8025

1
5
9
13
17
21

[T =0 T 0 T e O = R s T e B 5 B = s R
[ I o oo I o T - S S ¥ T ¥ TRV = R Y R U=

AP A ]
geeter

.
.
.
.

[ B I R I
M~ 00 00 0 g

101
105
109
113
117

e DATA  #sesse Mov_Avg

5UM 2.19 navesnInsestayameiduAaduinfeuiuuy 1 {F
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2) NNV ULNALTU (Gaussian)
Junnsnseslagerde Spatial convolution [21]23] Tudnwasguanumsids
2enax TneAdmtnovilaud siun wnisn se iU di@eu (Gaussian distribution)
Feaunsi (2.10)

—G=w)?

202 (2.10)

1
e
ov2m

fx,po0)=

P9 x  WIUIUINYDSA QY ITUNIU

o WnuaulewuunsgIu (Standard Deviation: S.D.) wag

© unuAnedsnats (Mean)
§am1 o 1 uiaiivun AR sves A Tua L ALY a1y
(Probability density function: pdf) ieglusuvesindideu uage o Sadurdrudsau
UINIFINVBIAIIUNINAINNITVL IS LANDEN Sdwmadngve il SouTuazdne o fian
1 dawaligreanimesinseunddaussdniwdun wluaaes @ g lusaiivue
fumlasilaiduamunuiiua sy Tngdnyasvewmihinuadeuiinwm 5x5 #

Ul 2.20

3/25 10/25 | 14/25 | 14/25 | 14/25

6/25 14/25 | 13/25 | 2/25 15/25

8/25 7/25 8/25 14/25 | 5/25

5/25 5/25 9/25 6/25 5/25
5/25 7/25 8/25 5/25 5/25

JUM 2.20 nihwuaiaunivum 535

[

NMSNTOWVUNIETI Y @ WIIOMIAF U SUNIULUULN 1ET 8 UlAR &
a

WNMNBYATNINAWIIA WM ITNINMIN T NNAN kazausadwarilyiAnnw
WA Y UAEINUAUNISNTDUUALRAYLPABUT NAYBINITNTBININAIAITNISNTOILUU

g AeguR 2.21
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(M) nMNAURTY (V) NINARIUNTZUIUNTHUULN AT B U

UM 2.21 nafildanisnsindideu

I e
2.6 nmIvingiaglumn
nringlupmtudunismdaisaulalunaw fduneunselyil
2.6.1 /N15AUAIN

15 n158UnW (Image subtraction) 10 U3 51599 AN WndIvoIA WO BN B9
ANTIUNITUUNMNIZAULNA (Gray image) 411U 2 A TWHLIUINYININ (Resolution) Lazdy
1948 (Class) Mvirfin Faawnsarhwiau (Subtraction) fuls Ieenadwsalagniiulilusse
(Array) ARV UIRINUDINN DudloAMUalA f, (M, N) wag f, (M, N) WuUnImseau
WPdvwavnu ntuansantunisaunmlagldaunIsnisaun i (2.11) FHaans

fildagui 2.22
fr(M,N) = fy(M,N) = f,(M,N) (2.11)
do  £(M,N) e amueinadns

fiM,N) A8 amaualu

f,(M,N) @8 A WNumnad
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(M) A MmAuaTU A (@) nmeauadu B (A) NAAWSVBIITMTAUNN

sU# 2.22 38n1saunm

2.6.2 N1IRIVIUVDININ

N1SIweUYeInM (Edge detection) [23]ilunswidusouing Jadlenudu

v
£

soudngiulaviliaunsarwIn N unvesing tusmunw el uiy n1sriveuvesingd

9
o

auysaliuduBe swnuaziiedefiddaegiinwazide avesnin danuazidonnind
AN e TzAN Al AL LA eIgAA s e Tua e iy
wdaties wiernuaiildadianefwesnin viliAnveunmiilifisusyasd iesnifia
mmLAnsYesAItILasIINgmiklUSBngantls Tsdmrundunassinaiumnnyeunmw
Thavilenisutnun wazdminarmuduasiietutsgveunnualsdaiau
1) A1SRIVBUNTNAB TS WLua (Sobel Edge Detection)

asnmeuniaesleua [24,25] Wunnsmeunlaglduiheaadeud
M B3 Fnnudemingnedeud Tnglinthanuedeufisussnlunisfuiiauwan 61
vosmudunadlunnuey (E,) waglinindupdeuisuiiaeslunismia wunng 19909

ANTNLATTULLIAY (E,) Tngnthdnsafounvisaesuuuisgui 2.23

NG 1 A2 —1
E,=20 -2 . E,= 0 0 0
10 -1 1 2 1

UM 2.23 nilwiaedeunlunismaiaie

Tngulethluldiunmauadulunisdumauunnssesaiudueiadly
winzwwd (E, war E,) meniskaszaulunanninuwasiene lneaimuduysailunaiiy
WANANYBIAIUTUVBIAIA NN TANNAVNNA TINVOI B, it E, 1003eiu Aaaunsi

(2.12) uagnanlonNn1saniunsianifagun 2.24
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(n) NINAURTY (V) YBUN M I8IT L UA

SUT 2.24 nsnveunmeleISiaiua

2.7 Tassungussanmiiay

=

a [ VRPN . = al v -~ % i = 1<
NI3L3UUSLUan (Deep learning) ABNNSLIBUFYBILATEY (Machine learning) ¥9tdu

(
ninsulireufiametuanunsavsnildimilounysd Tae3sn1adensiBsdnasnmun
Asilise Suguifertudoyauaginlineuiiamesite usiedioddaensan $130 LUy
nnsldmisssnanavatedu dainsruiunislunisdaundis fussuulasmieysyam
(Neurons) ¥adayud 138138091 lasswieUssamiiey (Artificial neural networks: ANN)
[26,27] mﬂﬁ?wiamié’ﬁmnﬁmﬂszﬁm%ﬂwwmﬁﬁwmuﬁ:}ﬂmﬂﬁiﬁmwhwszamLLUUﬂauI’JE;]

=

41 (Convolutional neural network: CNN) [28] Fa.lulasaeUssamiflonssavdn taedin
gnimldlunsiesieiam. nvdnnisviuiiugures ONN duinisviney 3 diude
druwsnfedinsut (nput) iunisSudeyarFen mingdunuisuidisulanunisuesiiu
YoUYLe diuiiaedfiodiuves Hidden layer [291131] udiudmiunisussanadeyad
gndoudiun visewSsuisulaiunisinuuedaseglssamaneweuywd a1u1 90
= Y a v | Y ] a A & v e
SewslunsAnuendadng 9 I wagdruganediuniamfodiu Output LOUAIULAAINAENST

lpannsussinanaludiunass lassa$raniluves CNN wanastagui 2.25



Input

Convolutional +RelLU

Pooling

Convolutional +Rel.TJ

Feature learning

C B

Pooling

20

Output
air
fiber

particle

|:| tissue

Softmax

Flatten Fully
Connected

Classification

sUM 2.25 andnenssuvedassigdssamuuunauligiy

laengun 2.25 asunglanasulagrzlired CNN Felsenausmediunig o fail

1. Input Layer: vimthiigutayagun il Input iwilulassieUszamiiiey

2. Convolutional Layer: 1191117 n3aeAadnwazue 101wl ld Features 91n1N13

AliUlATIERAMUARZINN N (Pixel) 2090 MAIlAB TN Banadnsiilade Convolution

Feature Map

3. Rectified Linear Unit (ReLU): ¥imshiidsie Linear function sanly Ineidenda

Neuron U983 81 Neuron HuglAae

4. Pooling Layer: nihil @i diuniddgnanvettoyauasiiuydnsninnis

Uszananalinmisidu

5. SoftMax Layer: 1117 tunanuae 1 Output I wansxagwsaanun luguiuy

Multiclass Logistic Classifier

6. Output Layer: YIutfLgninaansylsvesmsaauen (Classification)

Fafethunaiadudiutudmsunisilindueuudiaes lanasaguil 2.26

Layer (type) Qutput Shape Param #
conv2d_1 (Conv2D) (None, 224, 224, 32) -1
max_pooling2d_1 (MaxPooling2 (None, 112, 112, 32) ]
conv2d_2 (Conv2D) {None, 112, 112, &4) 18498
max_pooling2d_2 (MaxPooling2 (None, 56, 56, 64) ]
convad_3 (ConvaD) (None, 56, 56, 128) 73858
max_pooling2d_3 (MaxPooling2 (None, 28, 28, 128) ]
flatten_1 (Flatten) (None, 188352) ]
dropout_1 (Dropout) {None, le@3s52) ]
dense_1 (Dense) {Nene, 256) 25698368
dense_2 (Dense) (None, 18) 257@

LY

(%
o

5UM 2.26 diutuNIATFILYRE CNN
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2.7.1 MobileNet
an19menssu MobileNet [32,33] 10 ulA599 18U 2@ o3 UU CNN 97 81
Tnquszasdiiioanuunm (Size) uagarmdudeuvosuuudians CNN as Failusslovidm3u
nsldausugun salasndalaiy (Smartphone) lngUszansamuedanalilsanas deein
Usgangamnisvinulalndifesiulasiigyssamiisuwuun1siouiidedn n1sanuuie

YaIwuUTResEmTavlaRagun 2.27

Depthwise
Convolution

é:>t

Pointwise
Dkx.Dk Conv v Convolution
N 1 x'1 Conv
> : \U EEEE
\l

° ®
° Y ° 1
° °
|
P A
= w

3UM 2.27 nasdaluungnd1ugedin

Tun vl MobileNet Hvunvadlunanianas @1xisavilanignisvinn150n
| a = . . JrEpY o &
LUULENAIUTIaN (Depthwise separable convolution) BUYUNDUAIY
1) Depthwise convolution Ag channel-wise D, x Dj, spatial convolution oy
AMUAYDITULN 5 909 VI 5 D, xD, spatial convolution
2) Pointwise convolution ﬁamﬂﬂﬁﬂuﬁasﬁaﬂdmﬂmm@ 1x1 convolution
1A EUNs AUl unSAIUIMA  Convolution LTedn (Deep) Luuwen

duladaannisi (2.13)

Dy XDy Xm XDy X Dy +mXxXn XDy X Dy (2.13)

Tneil
m WY& eyaadn
n ENUINUY I IUDeN
Dy, WAUIUIALAD LG

Dy UNUVWIAWNUTIAMANYME (Feature)
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LardmTuN1TMAN Standard Convolution a@unsaniAnléssaunisi (2.14)
Dy X Dy Xm X Dy X Dy (2.14)

AITLATAINKATANFUT09 model lannnisAInmuaunisi (2.15)

D XD XmXDg X Df +mxXn XDg X Dy

(2.15)
DyXxDy Xxm XDg X Df

o Dy x Dy, Svueyianu 3x3 ilnaunsarnalatesas 8 599 w1 uay

yilviaAuLuganafiiswdnios

2.7.2 VGGNet
VGGNet AnAulay VGG (Visual Geometry Group) 290 University of Oxford
Tnelud a.6. 2014 Simonyan wa Zisserman [29,30,34] (aueaaiingnssia3otie VGG 3u
TnguuUsIaet VGG thi Sn13l49du (Layer) Wty 2D Convolutional v 3x3 Faifumsiiia
sﬁ”’umaué’mw‘uauwmﬁam CNN 110957u (Max pooling, Fully-connected lag SoftMax

layen) laglaseasnveatuilisidlungun 2.28

Input

l

2D Convolution

!

2D Convolution

!

Max Pooling
v
Output

5UT 2.28 anUnenssu VGGNet
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#1m%U Convolutional neural network (CNN) 18 8 511213899 U layer Ty
Network {fisdu A mannsavesuusansildasisuariinududeutu lngannisanwm
NANITYIN9IUVDY VGG 1, VGG11 (Local Response Normalization: LRN), VGG13, VGG16
(Conv 1), VGG16 kag VGG19 Wu31 VGG16 uag VGG19daa1mid anainsdian lne
AMMINETBNAT 16 Waziay 19 tuninei sunuwesti layer IngAmuiinnainves
VGG19 7idl 19 layer Sfmuliananaiinnnnin VGG16 71 16 layer Ssmangds s1uaudy
309 layer lilannsoandinuiinnainasld $nva VGG 19 deflvunaveuuusiassiinnnnia

VGG16

2.7.3 GoogleNet
GoogleNet \UulassungUssamifiutuy deep convolution ANENYUIN 22
Fu s?defJuEU WUUNTIUed Inception network Fadu Deep convolutional neural network i
faulagtinideves Google Insduduiulud ae. 2014 7 Inception V1 Idgnimutulag
Christian Szegedy [35] Wagily LﬁaLﬁummmmmiumﬁmwaauLLa:ai’WLLuﬂiquLwiamﬁm
TWATu Usenoudg suavesnisroulgduiiandniy (@uin 1x1, 9100 3x3 uag 1u1A

5x5) Ay U119 3x3 Max-pooling node fagul 2.29

Filter
Concatenation

1x1 Convolution | | 3x3-Convolution | | 5x5 Convolution | |3x3 Max Pooling

Previous
layer

JUN 2.29 lasaasnisuauvesluma Inception

Fastoanldfinsusuy vl seAndawlifdy Taemnnimageu Large
Scale Visual Recognition Challenge 2014 (ILSVRC14) wu11dA1 Error 91nn1svngeutio
7ian lne 38015 afl GoogleNet lefuuszansawd enisanvuinvesninyiiga lu
mmztﬁmﬁ’ué}’ﬁﬂmsﬁagaLsﬁmﬁuﬁ fiddaylundeu q fuld wazdeumdanuszauaudnss
Tusuudstudlod . 2014 GoogleNet IfinnsusuussnszuIuMMATUSEANEA MY B 9
N15R NOUTUUT o nel U (Training) A 28115911 Batch normalization technique #3 8158n77

Inception V2 %38 BN-Inception ReLU fidinsusulusnsnisdusivesaduaznislaianda
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gl Fadawavilinisnszaevesdn X AGuasiviedfinadsuwlaudniosazgnueie
oondloaslulutuidntuvonedorts Foilvsnnnisdeuiasiu uaglu Inception V2 16
3x3 convolution 11N U7 5x5 convolution Lt BLuAITARTILIUNNTITLABS LazsesN
Uudsafisdudu Inception V3 fifintuendaussneutes node convolutional luluga
Inception wazvilifiawaanas uaztagiufe Inception va ﬁU%UU’;ﬂmﬂ Inception V3
TagvhnsiialuganisEuduiininndn Inception V3 Ssannisnaaeudszansauansler
Wiwdn Inception V4 fisnsauiawaintioaiian uazldinardmiunis Training model 11

ian Wewguiugunaumtive 3 su

2.7.4 ResNet

0118 n33 ResNet n30 Residual neural networkg nuniauand susnlng
Kaiming He Wazamz [36] Tne filassase Usynaudis Residual block 7 ¥haae fu 34
annsn sy AnEamila uiasdermdnuestuiisdusminn laalassainsfives ResNet
ftupwAninasg ey 18 4u 50 Tu 101 44 oz 152 Fun iy d1msu Residual block
fududruiszneuiiug Trenelued Residualblock tuiituiidnsfmesdmsunsiin
siaupianly 9nialld38n1s Skip connection faflumafoududoyadiutuaouligtuly
Ui fipsanmsireulgtulustulifiddasiviiney Ssanunenimuadudu o 14
Tnefiidletoyadauntzgnasinildstudalulnelifinsgme aunsoiioudisulasaig
wuudn@lalil Skip connection flaguil 2.30 (n) waglassasneag Residual block Aa3uUd
2.30 ()

X X
AW SR £
| : I[ = |
{ Weight Layer | | Weight Laver :
| |
| - |
[ v : ! ' |
l[ Activation Funetion | | Activation Function :
| |
| |
! ! | | v |
{ Weight Layer | | Weight Layer :
| |
L _ | ___ I o) v -/
@ F@ x
v * f(x)+x
Activation Function Activation Function
(n) TUlATATNNINTFIWVBY ResNet (v) lasea319es Residual block

5UM 2.30 laseasnandnenssuvesluna Inception
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o x Aetoyariudn Insdoyathidunastiunisdasiminge fo anihds
AsialUs Activation function widmiu Residual block T Wefidayaindiuazs1uns
dsthmti anduthnsuduteyatind8nseudae foo. x nouddlus Activation function
8nnss

# MU ResNet azillasiaseiiusznautuain Residual block ijunseru Tne
nelulaseasne Residual block éﬁ“ﬂgﬂﬁ 2.31(n) FaUsznousie Convolution layer U119 3x3,
Batch normalization way ReLU Sailovunsesiufunuantinenssu ResNet Tnaduusn
vaslassneld filter vunm 7x7 ASudoyanimdr wazls Output wunm 64 uagimualw
stride 1 2 mugaety Batch normalization wawnasyin Max poolingiusﬂguﬁﬂlﬂ Usznoy
1Useduves Residual blocks wardIugainevedlasiteld Average pooling newdndns

Fuun (Classification) sl Tnglassairsan ngnss Resnet fagudl 2.31(3)

__________

1x1 Conv

__________

(M) drulsznounielures Residual block (¥) @a1UpenIIUYDY ResNet

UM 2.31 lassaswanUnenssuves ResNet
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ResNet lagnihiausiieundaminisaamieveunsiey (Vanishing gradient
problem: VGP) NAwssnaansinsiieutiosasluizes o aullanaisdu 0 dadunaannis

AuunuaLees (Network layer) Tilidnunanuin fie3sn1svingueed RestNet Adinsly

v
o

37U Residual block 1d udauusznoui ug1u TneaeTuves Residual block 9z 84 ufi &

(%
o

W'ri']ﬁl,ma%e?m%fum5?]m/°iu’wml,a WY Fesnuves Residual block nanetdusnuduve s
Network uny uaziilesanlasadeuos RestNet thiitunes Network iWusmnuunn 3adl
dudeslsszrindudiutulagluyn q 2 fwweanisneubgduaziiduiwduioudestie
Y8aAAIMURAANA1AVBINITH AU @S UNISH ARULUU 189 9999 ResNet 91U U299
W5 LM e Aot Ui I9d1 MY UNISI3unT 0 19U ResNet50 13 ResNet101 4 s1aseadnaues
ResNet50 9xil1nn [3.4,6,3] Fvunuis (3+4+6+3) x 3 =48 layer + 2 layer ¥i39%a1884 50

layer LLamé’agﬂﬁ 232

y
I‘ Cony 4-1
P
!
[ 7x7,convi, 64,2 | [ Convd3 ]
9/
3x3 max Pooling, /2
it [ omn
| Conv 3-4 | I 2-d, fc, Softmax |
Fiber Tissue

Uft 2.32 @niinenssuves ResNet50

€aN

2.7.5 DenseNet
annanssu ResNet [37] Wulassaienlunsazduaglisudaya Input WA
NFUNDUNLMIINUA LazasrInuanvae (Feature) MlFanduvasiued WEuaunamun
& = = ! & o ! < Yo o Y ' LY A < V1 o
Vanun Jan1adeudenwuuivililunsasduaslaudeyaniudusedunnuisiuainyn vy

naunin lag# DenseNet gniandunivediuantaymn Vanishing gradient problem %1

'
a

WiNAMENYE Strengthen feature propagation kagaigUTuUsUseansamusmilves

[ '

TiATY AeguN 2.33
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~O—

Chanel-wise Chanel-wise Chanel-wise Chanel-wise
Concatenation Concatenation Concatenation Concatenation

5UM 2.33 n1si¥eusrialrayduues DenseNet

DenseNet %150 Dense Convolutional Netvvorkvlﬁq nunauslud 2017 lng

Gao Huang agaue [38] anamusiuilslun1sAnAulag Cormwell University Wag Tsinghua
University 819898n8n15idousiofusyninedusae Feed-forward fashion
2.8 nuATeiieaTos

11l e, 2017 MobileNet lagninauelag Andrew G. Howard [32] #3mgUszasd
ileanvuinvesuudiaes CNN smsgnlimansandunisldailuguasalnani Tngds
annsndhwdssaniamniainulalndifesiulesie UssamiienuuunsiGeuivedn

Tul m.d. 2018 Yiting Tao kazA [39] 1AUn35n13 DenseNet tulalunsuAlutgmm
nstanaEsneUTifiamdend wasteyaiieguun maieemivion #3573 Depth-width-
reinforced deep neural network (DNN) #1ensiiaduninudnvesaiediouazauinni 1y
n¥1 (Width) wan13 Training model Lo llAn1sianduraauiaty

U .7 2019 Edna Chebet Tooa wagany [40] 1935015 DenseNet wLUSeuiiey
fuaniinenssudu lunsiUSsuifisuUssavsamessuuudassnisiangudnoulsafivan
amagvadluld mnyatayanm PlantVillage Usznaunag 54,306 A i 26 Lsadmiudiy
14 %0 Tnenan1sTdenudn 35013 DenseNet tuldnusiugfugadoya Plantvillage Tu
nsageud 99.75% FudlonSsuifsAmmusiugniuiagaini aornenssududld
NARDIIE Y

warlutidgaiu Tammina [41] Iaweisnisundamilunisdwungun milng 311in
Funuiegsvesnnuuudiass VGG16 sednnusietuiitesdian :nnimaasand
T udan1uudueg (Accuracy) kagAnaugade (Loss) Masandn1susuwe
Amsfisasues CNN Tnganarmusiugwaavinfy 79.20% anduiiniafivsiuugd nan
Ttunsinduwuuaewiliramkiugwviniu 95.40%

pounlul a.a. 2020 [33] lald@uaiSn1s MobileNet sauniu Transfer learning

algorithm dusumsitanginmuagnisandndmane dehuuiledamiluEe st
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Tunrsduunguainlva Ineldd olaseasnedn TL-MobileNet lae N34 el DropBlock kag
Global average 1lUTuguvas MobileNet LAy waannImaassnuIlunanii@usianiig

wiuglun1sviursuuudiassey 7 97.69% ve1tnt oyan1nsgIU Modified National
Institute of Standards and Technology (MNIST) dataset
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A5N15ANUUIIUIY

Tudrutuneuntsdfined foléwaungunsaidam Sunisn s1adeunn e uuazas
Uaoududuwuuluthifuuendn ieldanunsoldmuhutuszuunmiamitumengnves
Tsaauldl Tegoonuuulvidnansznudonminuved sautdosiian nsvienlduyanis
duduanudu 2 dauvdn 1iun 1) drunsimugunsaivied miunsmsiaaeuauyuiazds
Uasuuluhifugndn wog 2) a"auﬂﬂiﬁ’mmsﬁgumaui%‘msmwaauﬂ'gmﬁuLLazﬁaUaauUu

Twisfusgnsn ds1easdennal

3.1 daumsnaugunsalviediusunsaduuadiu

dmiugunsniviedmiunasn nedeu s wa s rawas sl uluihdun v § 1 duld
panuuulanuisaldams wduredudssihdungng1 ndwinnszuiunmsnsosingy
ugnENseLATevyUABA (Centrifugation) Feavthirdusgnrnunifiuliludwiniesents
5 Tavgunsalviedwiunsnyisaou i wagdwae s iluthifun zn 1 duiinag

P8ALUUAIFUT 3.1

LS
g2
0.

¥
2

-

5UM 3.1 sukuvaunsalviedmiumsnsisaeuaiuguuardsasuduluniuneni

Nniwinsdendannuunsguniskads nedenldawnuad wes 304 Mlddmiu

8AAMNIINDIMS (Food grade) wagldifnady 1l elaensuduszuunisvinunigly
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1599 UK AN U UNENE NN TNIFE LT ULENE NN UV DEWAWEE NAYDINITANTUNITLEAS

Faguit 3.2

(n) Tassasauazuviuganges (¥) nEANLATTALAUTWTURNAMNTINO M

5U% 3.2 gunsalviedmiunmisnisae ua sy uwazdsUas U uluhdungnin

k1

MN3UTl 3.2 Wethaunsaiviodmsun1sn s1adeumatukasasuasuy ul urdy
UNINIYIINITRANTZINUALLHUTA AU MIUNEMNIINBMI5 (Food grade) Laelaivinli
finsuudeuvesamaiitng Wunstestunsiudeuassing q finandalauuuund
Mniwimsaiesruudesainuneludeliuasaunsoaearmaitun sninindsaudve
ndoslulasalay Wodmiunsldsundasiannsaaniaeuautuiayasasuduluigy
ugwdnld MnntmeaemuImasdansilalaian (Ultraviolet) dufinmuvianzay a1u1sn

wanslanagun 3.3

(A) A1BUBAND () nelune

5UM 3.3 szuunishiuavesiedmiunimniaaeuanuyulazdsUasuuuluduugnin
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nushgunsalviedmiunisnniaaeuauyulazdsasuduluhduuen 5171
AnfdaznaaauniIsiiva wazwilvauauisailufnfanuiuszuunSHARUNT UL WS 12

vaalsanuld AU 3.4

(M) AINNBUNIIANAS (¥) NINRRINITAAFS

5UN 3.4 nsAnnsgUnsalviedmiunsaiadeualuyuwazdsUaeuluiliunenin

ludrueing3deldmudunisimule waduess uouisnisd w fun1sn i aaey
prutuiardsasuulnhiiuendnieitreneuiinme Sitatdusgnaudie nstnw
\ingnsUszanananI N13uUsduLesnM (Image segmentation) Airesnislunm wniy
¥11n15U3 0059019 (Image enhancement) 1t 91117 aanilen MAUTAT ULaza nd e
sumuiiiaduniglunm nsuszmananimammuesituusnimildnnam wagns
ms';W’]LLé"JﬁﬂLLuﬂi’quaamUuﬁaaj‘lwfwﬁum‘W%”n mmﬁuuamﬁwmmﬁuuazﬁaUaamJu
TnsnmmuwessruuNTinAA ULz Tatu A suuluthiusewinuanafagudi
35
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how to get Coconut oil image
g & Coconut oil image

Lamp 4 4
Coatsl Eind Turbidity o Eind Objectn
Coconutoilimage Coconut oilimage
i Gaussian Blur ConvertRGB o BGR

ConvertRGB to HSV

Convertto Bmary
Image

¥

Select laver Hof HSV

ik

Microscope Camera Morphology
Median All matrix in
H value Sobel edges

Moving Averagevalue Segmentation

Level 5

o

The turbidity level of
Coconut oil

SUN 3.5 A MTIUVRISFUUNIFINAIR LY ULAEN 595U sUaaudululiuiensn

3.2 33n155UNIWUITUNENS?

Tuduneunisvhaud Iddnaue [41] S uduainnandaliisiusen s nildan
nsrUILuN UM shiusgnifiensesdsUaeuuflegluiifasnimoonin Tngviy
sgninitlfargnanfewiiothdniendsuniinmnaiuaumuasninsatuds
Uasuuvesthiunendn Ingluiumiinisnsaadum wyukaznsnTaTud aUasuly
Usznouluse 4 drudnday laun ndeslulasalay vioaunuaaiiannsoliuasaenninisi
uzninle Tngldaunuaa wes 304 Alddmivgmamnssuemis naestasiulassuniuam
awuen uazgunsalliuasaindlunisdesuadvinoniuidiuenim Feszuunminanugn
uAumstenmihiugnindeneiumed dumaetimenimidunmanndosly
Iﬂiﬁiﬂﬂﬁﬁﬁwﬁwmaag{swdw 50 - 100 1 198diAuasdenvInInIwIn 1,280 x 1,024
n amildidunmiifennuasiiaeashiumsnininannssmuieudvesndedlala
salay 4 dlaidonlduacuuu Blacklight 7 A210819AE 14 410 nm (WATWUAS) WEWUY

Blacklight tuiinavinlinn1sagviaunsuveuasiuing deeian WelSeuiiisuiuwasan
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vaonliiily Tnslunsmeasdldinsiutuiindeyanmalia bmp (Bitmap) ieldlun1s
Uszanananinsialy

Bufumasnsihdayauvhnsianet Tdvinafudoyanmeedsueniniibe
mnnssuaunkdsllsnuduuy Anwdsludazdisnauenaeiu dusun 3 el
sudunmireswonidusznimiifianuguestdifungniiwend sty Tasiden
U L 95U 195 S ULUUT SMN AT 1,409 A1 1T ﬂuﬂm”agaﬁydﬁ Coconut Oil

Determine Turbidity (CCODT) [41] Sedoyanmisfussnimild uansdssuil 3.6

highest turbidity to lowest turbidity

/A

(n) 3¥FUAIUYURIEA (v) sERuUANNYUTDY Tign

oil o001 oil_Do02 0il 0003 il bod oil 0605 oil_0006 oil 00T ol 0008 il 0003 il 0010 ail 6011 il 0012

oil 0013 il 0014 oil D015 il D016 oil #18 wil_0020 il 0021 oil 0022 il 0023 o 0024

oil 0025 0il_D0Z6 0iL.0027 Qil 0028 ol 8030 ol 0931 oil 0032 CiL0033 oi 0034 oflpO35 OR.0036

ol 0037 oil_DD38 oil 0039 orI_DNtI oil_042 il DM2 oil_0044 ol s ol 0046 il _pea7 oil D048
B LY N ] [ ) Lo (043 1 L] o] I
odl_0049 oil_0D50 oil 0051 ol_bo52 ail_054 il D055 il 0056 il 0057 il 0058 @il _bosg o D060
------------
ol 0081 oil_DD62 oil 0063 @il D064 ol 0053 oil_06E ol 0068 il_0069 oil 0070 ol 7T oE_ 072
------------
oil_ 0073 0il_D0T4 0il 0075 @il D076 oil_ 0478 il 0079 oil_0080 il 00g1 oil 0032 oil_00a3 00034

(n) g9 mMYesyadeya CCODT

3UM 3.6 shaguamiiiungninildlunimaaes
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lnaguil 3.6(n) Wudegnamihdunenianiianuguinn uwazsui 3.6(3) 1Ju
Aegnmuuen SN danugutey Feladeninaviliindunsnindaiug uAads

Uasulusinag Negluiifiuuenimdioainlunndunsureiniwinla

3.3 N1SMAIAINNYUYBILUNTUNENST

Tun1snIAIA 10y uYesdunEns 1A d A maInYgAteya CCODT WY1 N3
Uszanana FavihnmmegeuuasiUSeuiisuiuwimun 4 35015 lawa 1) Jnsmaaieves
AMANTZAVEWI 2) TN 1MIANRAEINAILLTILTIVOIE 3) FFN1TFUNUNINAIMKT IS

= aa ! d' 2 a o = a = v
VR9d WaE 4) 19N1TUIARAYULARDUNANNAINULUIL IV D9 [41] aquqﬁﬂ@ﬁUqﬂﬁqﬂagL@*ﬂ@lﬂ

e
2D

3.3.1 3511911A1RABVINININTEAVEINT (Median of Gray Scale: MoGS)
A8asidudSnisulasnng RGB Widunmseauma (Grayscale) neu antu
UNANYDIIANNLAAZIANN YBINNITEAUW N MIANRAEAINAI (Median) Y8990 0 N

Vaviain ik lAAR A e In MsEAUWNULLAEITUR D ULARIAIFUTN 3.7

Input Image Convert Find mean of

14 — === Store value mean
(Coconut oil image) RGB to Grayscale Grayscale

(%
o

5UT 3.7 Tumaun1smiAInNuY e iU n31IAeN 1IMANAR I INANTEAUNT

Mnduneulusun 3.7 Wethiunauuiaunlusunsunuds MoGS wandly

Algorithm 1
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Algorithm 1: MoGS Method

Input: Im = coconut oil image // image with values from R = 0 to 255 G = 0 to 255
and B = 0 to 255 for each pixel
1 FORi =1 to 1,409 images
2 image = Im (i)  // convert RGB image to grayscale image number of shades are
between 0-255

3 FOR all the RGB image pixels

ConvertFactor = 255 / ((Number of shades > 1) - 1) // Number of shades
must be greater than 1

Avg Value = (Red+Green+Blue)/3

Im_Gray = Integer ((Avg_Value/ConvertFactor) + 0.5) x ConvertFactor

END FOR

// generate (Im_Gray) Matrix of grayscale image from the value obtained

a4 M Gray < Median (Im_Gray) // _nd the median for value in Im_Gray
5 store [i] DM _Gray // save to array
6 END FOR

mﬂuumﬁuauamwmmmﬁuaua CCODT ynamw mmuéuumau Algorithm 1
Immmswmﬂmaml,aaaeuaqmvmmummlwwm mmmaamﬂmwaﬂmWimULWHm
33015 MOGS Wavnuaial umqaqmaq‘m 0.826049 LL@%JJ(F]’]E!@E]EJJ‘VI 0.526254 ABIHATNETLS
NITNITIENIINIA LR A VB IN NN TEAVENT MOGS LLamﬁqgﬂﬁ 3.8 TngANUAlALAU X
UNUEINUAIW LAZLNU Y WMUALRAEVDINMIZHUINT

Value of Grayscale

3UM 3.8 AWBwadnsnlaanisns MoGS
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LA 7ANEIEAA TN UAIAI MY WB T U en TN UouNan wagA
AgAAINNTI LU UAIAILY R uEnE TN Tanld veulunvestoyaniutuneu

35115 MoGS HULARIANNIAITINN 3.1

M13197 3.1 N1SUSEULTEUA DU ATRLA YDA IBN15NU LA

Method
Value
MoGS MoH RPMoH MAMoH
Minimum 0.526254 0.804513 0.80307 0.80468
Maximum 0.826049 0.833719 0.83515 0.83355

3.3.2 3301911ARA8NINA19INAIULTLT VD E (Median of Hue: MoH)
Btduisnisfionduainiuudnsiwesd (Hue) Noglulawmud HSV (Hue,
Saturation, Value) 1 unaie  §991nn15ANE 1A UATINUIIAIAIIULT TV D98 TuTA7 1Y

AusadssunIU (Noise) nileglunnlasinilaiiud RGB Tunaukanilanigun 3.9

Input Image . 2 / BEAweN Convert
(Coconut oil image) PAA AR & RGB to HSV

Find mean of Hue ¢

Select Hue layer
layer

Store value mean  ——

(%
v

3UAI 3.9 Junaun AN LY uresiuuEnd A ALaAe N INaNY8IAI LTI 0 9d

mndumeulustil 3.9 dothdupousniauilusunsunuis Mo Tneidudy
nnsthamanyateya CCODT WumiiunszuIunsluaenmiis35ns Gaussian i1
70 Wesdudifiorasandssuniulunm Tnenisivaefaglunwlindulufufiundsveanan
B urinsiUasulaund 990 RGB 1T u HSV L a9 nTawud HsV ufl A mmsnisie

@ -

S a < A o o v v g o &
dayausuniuianiuaziiAiad mudauswesdiaunsathildusslevild  Mnduddu
T3 aY83AE H 111114 11 9NA190890 03 AN NIANINTIUUA LazyinIsTunnALade
= Y LA~ v cay v i | 3 o 1% oY
fanawild uazuanmasnsdragnsnlaunuaauyuluiiuenin lngdvunaunis

Wau U TN Iun LIS MoH wanslu Algorithm 2
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Algorithm 2: MoH Method

Input: Im = coconut oil image // image with values from R = 0 to 255 G= 0

to 255 and B = 0 to 255 for each pixel
1 FORi =1 to 1,409 images

2 image = Im (i) // convert RGB image to grayscale image number of shades

are between 0-255

3 Blur Im & Gaussian (image,70) // blur image for reduce noise at 70%
a4 Im_HSV = HSV € RGB(Blur Im(i))  // convert domain color RGB to HSV
5 H Im = Select H layerfrom Im HSV // split H color layer from Im_HSV

6 M H Im < Median(H_Im) // find the median for value in H Im
7 store [i] =M H Im // save median value to array

8 END FOR

U sa v

Wigthyadaya CCODT WWudunau Algorithm 2 lagvinnistunnuadnsla

Tukdiaznm FaieviindnBesdeyanaaninlanuinliiatansyn 0.833719 wavilignet

71 0.804513 HARNSVIVUATDIIZNIINIANRALAINANIINAIINUDIUTVDIFUANWITUT 3.10

TRgNNWAUALE WU X WAUSIRUAMN LAY LAY Y WNUANLARENNNANIINAIAIULTILTIVD R

0.84

0.835

0.83

0.825

0.82

0.815

Value of Hue

0.805

0.8

0.795

0.785

307
341
375
409
443

O S e e e o -

Imsge

3.10 ANUBIHNAGNEN 1HAINITN1T MoH
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U

€aN
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dmSunANgegaausn L UAIAIIguYR T U NS NNUeTIan uay
APNEAAINNTOTNWNUEANAIINY BYB s dunEnS NN Taals Tngvaulunvastayaniy

(%
[

JUADUITNIT MoH TULAAIAIRINITIN 3.1 Nlenanlunan

333 33msguiluiiatnaauudeusswasd (Random Position Median of Hue:
RPMoH)

FBnsthduisnsduiundsiioglun mihiuuendn ietAwesgaanly
sustunyssnanauunsUssanananm TnsaanidludosarlunsUssananadi
ffo8a931n38n13 MoH Bv3smsiifinsSuduudeatutuisnig Mot usumnsinludiuves
nsARsnaaInnITIATndeyaien midun1mAaRnatsand U 10 duns

WY Gailvumauiegun 3.11

Input Image & f el Convert
(Coconut oil image) FaAALR RGB to HSV

Find mean of 10

Store value mean g it
positions

=== Random 10 Positions g  Select Hue layer

(%
o

JUN 3.11 TURDUNISWIAIAIINYUY B TULENETIAIEN T LN INA UKD 599 0 98

andumedlugudl 311 Wevhdumewsnitauily sunsum1uas RPMoH 1
Susudupeuisnmauieafuiuiing MoH Ssmdsnlétu H aan Tawud HSV 11 sy
nsdusiunaiiel$8edenseuteyavestu H lasdusiumntionmn 10 funs a1nduis
SruArNFuadBels washumnaiinaiwesen 10 sy Seadwsainen

Asnanesnlaunuanuyuluihiuuensn Inelivuneuinwilusunsuwandlu Algorithm 3
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Algorithm 3: RPMoH Method

Input: Im = coconut oil image // image with values from R = 0 to 255 G = 0 to 255
and B = 0 to 255 for each pixel

1 FORi =1 to 1,409 images

2 image = Im (i) // convert RGB image to grayscale image number of

shades are between 0-255

3 Blur Im & Gaussian (image,70) // blur image for reduce noise at 70%
a4 Im_HSV = HSV € RGB(Blur Im(i))  // convert domain color RGB to HSV
5 H Im = Select H layer from Im HSV // split H color layer from Im_HSV

// random position (x, y) for select pixel in image
6 [XIm,YIm] = size of H_Im // find size Image
7 FOR 10 Positions
X[i] D Random [0-XIm]
Y[i] D Random [0-YIm]
STORE RH_Im(i] €< Read DataH layer in Position

X, Y]
END FOR
8 M_RH_Im € Median (RH_Im) // find the median for value in RH_Im
9 store [1 € M RH Im // save value to array

10 END FOR

mammmaua CCODT wWdumeu Algorithm 3 Tnavinnstuiinnadnsdilg
Tulsagnm mmammsamawamamaawwlmwmmmmamasm 0.83515 LLazaqungjﬁ

0.80307 N’ﬁﬁ‘WﬁVIVLWVNVTQJWU’PNUﬁﬂ’ﬁ‘Vi'Wﬂ’]LQaUﬂﬂﬂﬁ’]\‘lﬁ]ﬂﬂﬂi}’]QJLL“U\‘lLLNSZJ@QETLLﬁ@\‘l@QE‘Uﬁ 3.12

A8 LAU X WAUEIPUAIN LAY WAN Y LNLALAAEAINANINAIAINLT 1L5I89E
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0.84

0.83

o

081

Value of Hue

5UN 3.12 AOIHARNSNLH1NIZANS RPMoH

lpgfirgeanannniinnunuaAinmyueestiumen ntdesign Lagen
AEAA NI A AT wIe s TuNsn I NN Tgala Tapveulunvesdoyaniy

(%
v

JUnDUITNIT RPMoH tHalARan1s 17 3.1 Alananilunan

334 33n1smaeaenaeufiannaanaudaswesd (Moving Average Median of
Hue: MAMoH)

WHuAsn1eUFuY 393813 MoH Tnenshasadwnsildannismeienans
yostu H Haq0u wAnadehutusmadnsildannimaaifnatsesiu H fildneunth
Feanisnsmeadeuuurdeudils (Moving average) fiosfin1stanunvuinvtng 19v e
Toyauiieltlunsiiansan dsldvinnsmaasaiiieiuoufiounthanarurafiun s 197 ui

witnzauson 15U lUTrN F9350150E0 155U RSN UAUITNIS MoH  Leanegluau

VBIHARNSN LAY NN MIANRALSIUAUAINBUNIN FIHTUNDULAAIF NN 3.13

Input Image Gaussian Blur Convert
(Coconut oil image) = — RGB to HSV

Store value =  Moving Average G T n;;;enrof HUC g Select Hue layer

[
o

UM 3.13 TuRauUNIIAIAIINYLYBINTUNENITIMENTIARALIAT O UAINAT Y

< =
ISINIYS RN
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nTuneulugun 3.13 Wiethtunauu Wil sunsuniais MAMoH lag
BUALTURBWIS NS UA T UAUITNIT MoH B9a9nleAININa1auaInIngu H 910 Tawu
d HSV 11 921 lUnIARag kU ULAR U kA Lag TTUR D uWAIL L USWASUAILAS MAMOH Wwana

Tu Algorithm 4

Algorithm 4: MAMoH Method

Input: Im = coconut oil image // image with values from R= 0 to 255 G = 0 to 255
and B = 0 to 255 for each pixel

1 FORi =1 to 1,409 images

2 image = Im (i) // convert RGB image to grayscale image number of

shades are between 0-255

3 Blur_Im € Gaussian (image,70) // blur image for reduce noise at 70%

Im_HSV-= HSV € RGB(Blur_Im(i))  // convert domain color RGB to HSV

5 H Im = Select H layer from Im_HSV // split H color layer from Im_HSV

6 M_H_Im € Median(H_Im) // find the median for value in H Im
//-moving average value

7 store [i] =(M_H Im(i-1) + M_H Im(i-2) + M_H Im(i-3) +...+ M_H_Im(i-n))/n
//save moving average value to array

8 END FOR

TAgfIsn1sARdgAdaunaINAL WS s 51vedlavian 1maae T I Y 5
P l v = A = . a ! 1% A

50U LienIAemIsuAiaul (Moving Windows) Niwisnzaddenisideanunian tag
Avuabinihdndvuawiany 3,7, 9, 13 waz 21 auawu Wethuadnsnlnanyndeya
CCODT wuFsuiigunanisldsmasmiimsndsunnuatioldauinniin9iaundn 9
Toyatulutu dwmalirvesdoyanldeginitrininndusie vesdoyauniiuly vidliileen
° Ay va A ° A 3 = a U say v v
AmauTladnAaIAdausINIIAAISlY AsiUSeuisuraansilaannisiduruin
NANTALANANAU IgAMNUALA LAY X LNUAINUAIW LAY AU Y WIUANRAEAINANTIN

AL ISV 9E FagUT 3.14
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0.832

0.827

0.822

Value of TT (Hue)

0.817

0.812

0.807

0802

UM 3.14 1WSsuiigunanlannnisldvnanthnenuandieiy

MNJUT 3.14 nailsaniuSsuiisunanisldaumihiaadeuiivuaunneeiy
wuideldunaminaneiiiundt 9 doya Tulududwmaliawestayadils fawndidem
dusewesdeyaunifuly silderdmeunld fnimaaiamdsusiindianudusie da91n
nMmeassnuImaivsnzaslun st whaedeuegluiae 7 Yeya lae
pdsnnniaiteyaiAin e adsuuuiedeuilaty Adldgegluiasastayaiuarls
dudayalnaifidanuGeufintu lasf unu x unuddunm uag wnu y unuAnedsAsnans

AINANAITLLDILTIUDIA AegUN 3.15

0.84

0.835

0.83

0.825

0.82

0.815

Value of hue

0.81

0.805

0.8

0.795

5UM 3.15 Aewadnsnlaanisnis MAMoH
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3.4 A15W1naTaY Ul uLEWED

q v

dmfunimeassingiioglunisiuenim Ihamildfutuiinlinnnssuiuns
samisimendmlursnauandeiy Weniinguasuluiiivuadnieraidaasaain
fupunnsestifuueninld Feinguasuduiudmanssnulnenssennniny oty
ugnim dmunuaznisnnaasuiaUasslurhiusgniniiawnsoudlsdu 2
d1u fio 1) dauvesmmingUasuuilegluthiussninuay 2) dun1mnadeuTun

Taguasudunegluhduugnin

3.4.1 nsninguasuvuiiagluunduuznig
dmiunrninguasudunegludfuusninuy awnsaiilaleeldnannas
Uszananann autuseun minguasuvunegluhiuuensn Junsunisminglunn

wansledssud 3.16

Input Image Convert Convert f?onvel't
(Coconut oil image) === RGB to BGR e v to Grayscale I~ to Binary Image

1

Store image
Sobel Edge A morphology

Segmentation = Segmentation <+ Detection

(%
o

JUM 3.16 Tunaunsinglunn

nnTupeuniulusun 3.16 Wisthamhduseninidngnisuszuiana
Susunnskladlaumres mihduig ninneglulawud RGB (Red: R, Green: G, Blue:
B) lvieg/lulaiuud BGR (Blue: B, Green: G, Red: R) FelitlydAtyhuuifieiiu wansdafulu
druveIn1saduuesty duaTeisnldlunisiaiuninisesdalaiuud BGR 39A0911013

d' = A A gy J = o DN 9 =

Wagulawudauasedienldanu mntndwinisudasnmlieglugiuuunmsziumi §9
Junsvinnnd BGR dsgui 3.17(n) Tiilunmszauminisanvunnnim anam 3 fudeya
Widu 1 Tudoya FohliganmiaseAugnnmeaans 0-255 szivu Asguil 3.17(2) 9Nt

[y |

nsulasnmsgaumilieglugduuunmluui (Binary image) visen mu-an NflAEAY

o aa

NN 2 SEAUNLAT 0 38 1 Wit 1A 0 wWnudmwazen 1 wnudvnd aegui 3.17(A)

Fananla Aegun 3.17
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(n) A7 BGR () NINTLAULNN (A) AINYINN (1) NMINIINITASUA

3U#1 3.17 wadwsn1suuaan 1w BGR tlunma1asi

mﬂﬁ?uﬁluﬁgumawialﬂﬁ'}fmﬂ%’Uﬂwmwé"safs%é’mg'm%wm (Morphology) e
andssunaulunmiie3snasda (CQlosing) Fudunisvireuiniusewinnisvene (Dilation)
waznsnsou (Erosion) TneBudunisrhailuseun snaeisnisve wantul useuias
fiunsfeisnandey wafilédagus 31769 amildldBnsmningfeglunmainnasg
Ténnmveuvesinglaeislawua (Sobel edge detection) F997fEMIAUMIAINLUANGNITBY
ALTLLLES mmfuﬁwmslﬁuGTWLmﬂ@ﬂﬁﬁmmumnsiNﬁuammmﬁmmﬁwﬂﬁ dlonism

[

Taglunmiadeduas thaunisiinilanisnsmvevsesinglaeidleua uvinisdanin
Tnaeglun e ninnudunianlaiuld Tngfiasannming Nfivwngan msiuiu
11NN 8 g Livedunmanidesdsuniuiiogluniufulaenadwsvo n1smaaswis

SU7 3.18

(n) Tmgfieglunm (1) nwringAnis
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() AT 1053 (9) pwingiany

(3) nmingid

sUM 3.18 nadnsannimningneglunmaeuiiuuens

PNtwiNNUTIUIILTaya 3N e UTueenETiienidUas ud uly
Wfungnsriindy Tasainnisiuduiina e igdiumenimann ssuaun suan un
wgniady lilanmaeundunendiaundau 4,725 o dadisthamaieuiiu

¥ gj 1 v d' « v al' o 14
UgniusmRaLRILnTzUIun M Ing Meglun mdienssuiunis Tuguil 3.16 villa

N . | ) P 7] ° = o Y Y 1%
A wingieglunmateuiiuteninvionun 91au 14,784 A Fadlaming luihdusgniiig
Mlyanysaivgduagimy MntuIahamimuauvinisdanseanmingnegluiiuuensn
lngfinnsanduunangunswesingmdugusn wasnmingiiliansassugusunianin
T lianysal Wanunsadwundngla fannsdauenaugunsvesingvintlivdonming
Megluiiunenimdnnu 7,861 am andunmingraualagnianqulaedideagay 34

WermglasinisuuinguuasnmingUasuiusenidungulavienun 10 nqu tnswuadunay

£2Q
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V8NN 1 ngu (A nguvesnnle fier 31wau 4 ngu (FiberT1, FiberT2, FiberT 3
wae FiberT4) Nq uYDILAYH UNITIWIY 4 nau (ParticleT1, ParticleT2, Particle T3 wag
ParticleT4) waznguvatiloigaiilonyni1n 9w 1 nau (Tissue) Ingdayanming Uasinu

luksiagnay A5 3.2

M15199 3.2 A g Uuasuduluidunensndnny 10 nqy

Class Example of particle image for model training
FiberT1 : - ) = e { 7
e N - ‘
, -
Fibert2 -’.' - - n -
( R V¢ Y -
- = i Lad
FiberT “"") - - - -
- ‘ ~
e S [ [ 0 2 N N
: v 1 | =T — ==
i < 7 ak :
~cer| G i O S N N 5 )Y

i 3.2 HudeyaneazBesvasnwinguasuuiiaglnifsensniifes
ynsnedey deandeyanminguassuiiegluiniusning oy 7,861 am i
fadugndogaiiielddmunimaaaeuinglasutuiiedluiniusnin Tasuusoonidu 2
yadeya Seyndouai 1 gnilulddmiunndusuudiass (Training model) ¥o4A13
Bouiidadn wazyadeyadl 2 gnilulddmunismedeuyszansnmueauuiiass (Model)
Togi

yateyadi 1 (3071 “Particle in Coconut Oil V2 (PICO V2)” illuyateyaiild
dmiumstindukuudnass Amusdiwudeyanininguasudu particle VAN 6,861 AN
UsENauna8 AN Air 99U 1,529 A AN FiberT1 8743 1,107 A A FiberT2 91wy
311 21w A% FiberT3 97U3Y 398 A1 AN FiberT4 9713U 391 AW AW ParticleTl
71U 516 AW AN ParticleT2 97147 661 21 AW Particle T3 97U7U 483 21N 21N

ParticleT4 974734 898 AW LAz Tissue 1IN 567 AN
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yateyad 2 (3und1 “Particle in Coconut Oil V1 (PICO_V1)” iuyateyailld
dmsunImaasuinA1UsEaNS A NLUUIIaed lngnmundiIudeyanining Uasuly
particle Vi 1,000 AW Usznauade AW Air 919U 135 AW AW FiberT1 910U 186
AW AW FiberT2 §7W3U 72 A A FiberT3 91wy 111 a9 A FiberT4 310U 76
AN AN ParticleT1 919U 63 A1 AN ParticleT291U3U 91 AW AN ParticleT3
1Y 64 A AW ParticleT4 31U 86 AW Lag AW Tissue MU 116 A
Tneyadouasia 2 4n PICO V1 wag PICO V2 gnimffuifunmssdumiiiiinas
UFUUNAN AL TFUAVUINN MV 224 x 224 UATIUIANWMATU 299 x 299 Lile

Tdauluansudnld

342 msasrvdeusmuningUasuluiioglutinfunznn
zi’m%fumﬁmfgﬁlaauﬁ‘i'lLLuﬂi’mqﬂaauﬂuﬁaeﬂuﬁwﬂumw%a lodunisasngy
wuudaesne q aaniinenssuuy ONN WegaelunsduunagUaeuduiteglutisty
ugni1 Ineviinismaassswdvdeya PICO V2 4 saaninenssu CNN 7 I mmeass
Usenaun a8 @o1Umenssy Standard CNN, MobileNetV2, ResNet50, ResNet101,
DenseNet121, VGG16 uag VGG19 Gsordenmivuanmivindy 224 x 224 99 (Pixel)
Tun1sdnu wazaa1Unenssu Xception, InceptionV3 lka s InceptionResNetV2
architectures 91FIAMAYUANNATU 299 x 299 9901 Tun1sHNelu Ingn1siaILINIg
Andunuuitaes laldlusinsy Jupyter Notebook aw Python 3.7 kernel wiondulauss
TensorFlow, Keras 4ag OpenCV Inendsndniunisiauidndusuusiassdideanisle oy
ynshkuuTaewviNImegeusmetntaya PiCO_V1 Aaly
TunismasesdruisnuesnisiinlukuuTaesnaan1Unenssy CNN dugn

Antun1sudlastasaadnenssu MobileNet winiiu dagui 3.19



Model: “mobilenet_1.80_234"
Layer (type} Output Shape Paran
input_3 {InputLayer) [{None, 224, 224, ¥)] @
comvl_pad (ZeroPaddinglD) (Nene, 225, 235, 3) @
convl (ConvaD) (Nene, 112, 112, 32) B64
convl_bn (BatchMormalization (Nene, 112, 112, 32) 128
corvl_relu (RelU) {None, 112, 112, 32) )
cony_dw_1 (DepthwiselonviD) (None, 112, 112, 32) 288
cony_dw_1_ba {BatchNormaliza (Nene, 112, 112, 32) 128
cory_du_l_relu (RelU) (Nene, 112, 112, 32) [)
conv_pu_1 (ConvaD) (None, 112, 112, 62) 2848
conv_pw_1_bn (Batchhormaliza (None, 112, 112, 64) 256
conv_pw_1_relu (Rely) (None, 112, 112, &4) [
conv_pad_2 (ZercPaddingD)  (Mene, 113, 113, &4) @
corv_du_2 (DepthaiseConvaD) (Nene, 56, 56, 64) 576
conv_dw_2_bn (BatchNormaliza (None, 56, 56, 64) 256
conv_dw_2_relu (ReLU) (None, 56, 56, 64) @
conv_pw_2 (Convil} (Hone, 56, 56, 128) #1192
(n) ddfutuii 1-16
cony_gw_5 {ConvaD) (Wene, 28, 28, 256) 65536
conv_pw_5_bn (BatchMormaliza (None, 18, 28, 256) loza,
conv_pw_5_relu (Rell) {Hone, 28, 28, I%E) []
conv_pad_6 (ZeroPaddingiD) (Mone, 29, 29, 256) @
com_dw_ B (DepthwiseCoryviB) (Nona, 14, 14, 158) AL
cony_dhe_6bn (Batchlormaliza (None, 14, 14, 256) lara
conv_dv_6_relu (RelU) {tene, 14, 24, 256) [
£orv g 6 (ConvZD) {Mone, 14, 14,°512) 131072
conv_pw_6_ta (Batchiormaliza (Mone, 14, 14, $13) 2048
canv_pw_6_relu (Reld) (More, 14, 14, 512) B
gorv_dw 7| (Deptimlselor20)  (Hone, 34, 14, 5127 Ac0g
fany_du_7 b (BatehNornaliza (Mone, 14, 14, 512) 1048
cony dv_7_relu (Rell) [hone, 14, 14, 512) ]
conv_pu.? (ConvdD) {Mone, 14, 14, 512) 262144
conv_pw_7_bn (BatchNormaliza (Wone, 14, 14, 512) as
conv_pw_7_nelu (Rell) (Mone, 14, 14, 512) o
conv_du § (DepthwiseConyviD) (Honw, 14, 14, 512) 4684
conv_dw_B_bn (BatchNormaliza (Mone, 14, 14, 512) 048
(P) &t 35-52
cony_dw_11 relu {RellU) (Nosim, 14, 14, 512 L
Conu_pw_11 [(EonvaD) (None, 12,14, 512} FIFTITY
conv_pw_11_tn' {BatchNormaliz (None, 12, 14, 512} o4l
cony_pw_11_relu (Rell) (None, 14, 14, 512} ]
conv_pad_17 (ZercPaddingid) (Nene, 15, 15, 513) .
conv_dw_ 11 (Depthinl selon D) (Nene, 7, 7, 512) 4EQZ
conu_dw_12_bn {BatchMormaliz (None, 7, 7, 512) 2048
conv_dw_12_relu (ReLl) (None, 7, 2,512} ]
come_pw_12 (ConviD) (None, 7, 7, 1028) 574283
ony_pw_13_bn (BatchNormaliz (Nene, 7, 7, 1024) 096
cenv_pw_12_relu (Rell) {Nene, 7, 7,1024) Cl
conv_dw_13 (DepthwlseConviD) (None, 7, 7, 1024) 8216
conv_dw_13_bn (BatchNormaliz (None, 7, 7, 1024) 4096
cony_dw_13_relu (Rell) (Nene, 7, 7, 1024) 3
conv_prw_13 (ConvaD) (Nene, 7, 7, 182d) 1848576,
cenv_pr_13_be (BatchNornaliz (Nene, 7, 7, 1024) 4096
conv_pw_13_relu {Rell) {None, 7, 7, 1024) o
global_average_pcoling2d 2 { (Mone, 1924) o
(9) ddutudl 71-88
o

U

eafl

=p

3.19a1

conv_pw_2_bn (BatchMormaliza (Mone, 56, 56, 128) 512
conv_pu_2_relu (RellU) (None, 55, 56, 128} ]
conv_dw_3 (DepthwiseConvD) (None, 56, 56, 128) 1152
conv_dw_3_bn (Batchlormaliza (None, 56, 56, 128) 512
conv_dw_3_relu (ReLU) (None, 56, 56, 126) []
conv_pw_3 (ConviD) (None, 56, 56, 126) 16384
conv_pw_3_bn (BatchMormaliza (Mone, 56, 56, 128) 512
conv_w_3_relu (Rell) {None, 56, 56, 178} @
conv_pad_4 {ZercPadding2D) (Mone, 57, 57, 178} @
conv_du_d (DepthuiseConviD) (Mone, 28, 28, 178) 1152
conv_dw_d_bn (Batchbormaliza (Mone, 28, 28, 178) 512
conv_dw_i_relu {ReLl) (Mone, 28, 28, 18} a
conv_pu_4 (ConviD) {None, 28, 28, 256} 31768
conv_pu_d_bn (Batchlormaliza (None, 28, 28, 2568) 1034
conv_pu_d_relu (Rell) {Mone, 28, 28, 256) a
conv_du_5 (DepthwiseConvID)  (None, 28, 28, 258) 2304
conv_dw_5 bn (Batchlormaliza (None, 38, 28, i56) 124
conv_dw_5_relu (RelU) (None, 28, 28, 256) a
(1) duduil 17-30
conv_dw_B_relu (Rell) {Mone, 14, 12, 512) @
conv_pw_B (Convil} {Mone, 14, 12, 512) 148
Jcont_pw B bn (Batchlormaliza ﬂlmf. 14, 12, 512) 2048
conv_pn_B_relu (Rell) {Hona, 14,014, 512) @
coni_dw_5 (DepthudseConvl) (Nene, 14, 14, 512) 2608
conv_dvn_9_bn. {Bavchliormaliza (None, 14, 18, 512) 2048
conv_di_8_relu (Rell) {None, 14, 14, 512) []
cony w9 (ConuaD) {Mons, 14, 14, 512) 262144
o pn_5_bin (Eatchiormaliza (Hona, 4, 14, 512) 2048
£ony_pm_9ocall (Reli) one, 14, 14, 512) O
60v_H_ 10 (DepthwlaelonyaD) (None, 14, 14, 512) 2608
Eonw_dw_18_ba {BatchNormallz (None, 14, 1£, 512} W43
€on_th_10_reli (ReLth) (N, . 3
cony_pw_18 {ConvlD) (None, 14, 14, 5125 262144
con_p 10 b (BatcNiorpaliz (Nene, 13, 12, 513) T
cony_p_10_relu {Rellh) (Nene, 14, 14, 512) []
cony_dw_11 {m!mym:_ {Mone; 14, 14, 512) 4608
convow_11_ba (Batchllormalls (None, 14, 14, 512} Fr
(9) dudud 53-70
peshape 1 (Reshage) (hone, 1; 1, 4024) a
drepout (Dropaut) (None, 1,71, 1024) ?
conv_preds (ConvaD} Atone, 1, 1, 19) 10150
reshape 2 (Reshape) AHone, 18) ]
act_sofwmax (Activation) {Hone, 18) @

Total params: 3,239,114
Trainable params: 3,217,326
Mon-trainable params: 21,888

() Swutui 89-93

yyumulasaaseannenssy MobileNet
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TAgKANNITNAABINSHAK U wan1Unenssy MobileNetV2 yinllaluina

AnkendsUasuvuiieglud1duusnin 4 dlagniurundguiis il enaen
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Tuunillanaifwanlaainnimeaesnsisasua uyuia gd swasuduluuiu
uzn$1 lnenisvaula wusnasadunui eniaiuszdns ameenidu 2 daunen
Usenaud1en13mUsednsamyesisnismiaianuy uludidungniig wagnismien
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4.1 dauanmundanlunisneassiasyndaya

A funaseiidunsmdszans niwesisnismaianuruluun i nlale
TUsunsu MatLab 2018b Tunmaassanyszansamldldyndoyaiiiienin Coconut Oil
Determine Turbidity (CCODT) 1t 89107153 AU SYANE ANwe IuAaz T unauI S thiaue
nideinsiauidulusn mﬁ”u‘%agﬂé’m%u’t%’mumm%umau’i%miﬂmﬂ'WLQ?{EJ LRI
AT UL 599898  (Moving Average Median of Hue: MAMoH) Ineld Microsoft Visual
C# 2019 320U library EmeuCV uax Aforge Net lunnsnaaeadfienisuszansamiunisld
91U dwmsunmaizansawlun asaadudsaesuluiuzadn IWluun sy
Python $3uriu library CV, Keras waig Tensorflow lun1suaaamiA1Ussdnsaanlaldyn
Yoyailizand1 PICO_VI dwsunisasadvasUasuuannisSeuiidsn Tngnsmaass
FAVLADEU LU I VL8 USeanananals Intel(R) Core(TM) i7-9750H CPU @ 2.60GHzZ
NMDYAIWTVUIN  16.0. GB vuszuulJUan1s Windows 10 wuu 64 Ua wazd1miunnsg
neaadldlifuiives uEm nseliann sesd d1in lunsin Tnsfndigunsainmaduds
Uaeudiluthiumewimimiuszuvaenissdmbiiuendn fsiumidunisfiadagunsel
dmfunsivaevisaonuiludiusninduianatigud 4.1

Tun1ameaedlévhnstuiinnmeesidieeninilvaiugunsninsagidfu e n 1
Tuganamesnsdnthiuugniniuandetu Ssnmivuiinlfinadazgnideninadoya

CCODT Afinmane ALY uYsduNesnINIT Y 1,409 AW
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UM 4.1 dunuslunisindsgunsal

4.2 A5N15N0a99

dwsunmeassldthyndoya CCODT mrwisnsiithiaue Jsiidodu 4 8nsde
Fnsmetedsvesnmannszdudin (MoGS) 5nsmAnadsfananmneuduswed
(MoH) F8nsduituiinnanuudiuswesd (RPMoH) warddnismeadeindouiianainu
ufaus9w99d (MAMOH) Fs91nmsit 3.1 derhAgeaauazsaauminisudsue oy a

panu U 5 52 TANanIRNITINTN 4.1

a = a ! | ] U U oAy aa A o
M1919% 4.1 LU?EJ‘ULVIEJUﬂ']ﬂ')']ll"qu%'E]\TLma333@‘Usﬁu‘1/|‘lﬂ‘U']ﬂ')ﬁﬂ']ﬁ/]u%ﬁu@

Methods
Level MoGS MoH RPMoH MAMoH Value
Min Max Min Max Min Max Min Max
5 0.7661 0.8260 0.8279 0.8337 0.8287 0.8352 0.8278 0.8336 Excellent
a4 0.7061 0.7661 0.8220 0.8279 0.8223 0.8287 0.8220 0.8277 Good
3 0.6462 0.7061 0.8162 0.8220 0.8159 0.8223 0.8162 0.8220 Fair
2 0.5862 0.6462 0.8104 | 0.8162 0.8095 0.8159 0.8105 0.8162 Communicable
1 0.5263 0.5862 0.8045 0.8104 0.8031 0.8095 0.8048 0.8105 Bad

mnindusdusnldvinadieudisusmaumues e nimdieisnig MoGS 4
BuasnmAnuguweshiuuzndnannsuUainmassuma lunimaseddyndeya
CCODT $1uau 1,409 am Tastharausuwesihshumeninildlusaza muniouifioy
fupsERUALYUIE MoGS Tunmeil 4.1 wadnsildmnyadeya CCODT wansaguil 4.2

TAgUNU X WNUTIWIUFUNMUAZLAU Y WAUANRAEUBININTZAUMN
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1o Level of Turbidiy

h

JUN 4.2 nan 158 uieUAIn YUY e s UNE NI AUATEAUAINY YD MOGS

13Ut 4.2 Hunshaassuildannisussnananmangadoyan CCODT
wiUFsuifisufuassdummguuanitimendn lnernsanimaaosiansliifiuinism
AATIYLINTTNTS MoGS ldansnandiiunseiunuguyestniisenimldagedaio lu
psiiaadldvinninuieudisueamurenitumswinieisnas MoH Fuduisnisfiende
Auudansweed Tuntweaesldyadoya CCODT 31U 1,409 AW lagiAAILYUY B
thifuenimildlusdasnimiu i Jsuisuiuasduauguaes. MoH lunsedl 4.1
nadwsTlFanyateya CCODT uansgud 4.3 Tasunu x wnudausUnamuazuny y uny

mmwmvﬁmiwaaﬁ

Level of Turtidity

1

5UM 4.3 wan1sIguimis uAIAuuY e sdunEns1IUATEAUAIMNYLY DS MoH

NN3UT 4.3 Wunsieauuiildannnisussanananmaingadeyanin CCODT

wnUTpuisuduAszRua U stuuzndn Tneannanisaasauansliiuiinim
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ASEAU 1 LATANTEAY 2

pautupsaian levinniswSsumisuaiauuve s uten313a835n15 RPMoH
= & aa f-:ll [ 1 [ oA & | ' a < =
Feduisnsnedenisdudumiaieglunm ntugmuAtaisvesnImuudswed lun1s
naaadldyadaya CCODT F1wau 1,409 am lagtharmnuguvestifiuuegninilalunday
AMuSEUWEUAUAISEAUAIINYEYRY RPMoH Tupnsidl 4.1 wadwsnlainyadoya

CCODT uanefaguil 4.4 Tngunu x WLIMILTUAMLAZINY Y UWINANAIINLDUSUDed

Level of Turbidity

o - - - —
) € = =« o -

Ihnage

SUN 4.4 nan1silTgume uAIm N uYe sEusEn 1R AUAITERUAINY LYY RPMOH

MU 4.4 1 Dunsihainaeuiilsennisussaianan manyateyanm CCODT
wiFsuifsuiuanssiue e shiisenin Tennuanimaaeuandliifiuinism
A1ATMUAINA3N13 RPMoH wudaRnnannlun1sdauun sedu atat we s dunen ¥
1INNT135113 MoH

dmulunismeasindianing IdvnisiSeuiisuaauy westhiungn§1adae

aa

38013 MAMoH Fafiisnsfiondunisd uiuniisiieglunmanduguaiadevesna i
wdauswesd Tunmnaeddyataya CCODT S1nu 1,409 nm Tastharmmejuuastisy
ugnnildlusaznmunIouifisuiussiuarueures MAMoH Tuansd 4.1 wadws
fildanyadeya CCODT uansiaguil 4.5 Tnsunu x unudwaugUnmuasiny y wnud1Ay
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JUN 4.5 nan 153 uiieuAIn N YUY B s iulE NI NAUASEAUAI YUY MAMOH

9n3UT 4.5 WunisihaianuuiildnnnisUssinananmainyadeyanin CCODT
WS uiviguiuAszRuARYuUsiuuznE Tngnnnani1svaaetuandiliuiin1md
AIAINYUIINTINIT MAMOH diAnadruusiugndnilslSeuiiisuiudn 3 35n1snuiaue

HItUANEDNIT MAMOH dmsun1svagauasIksniialblunisnadaunsaidesnalu

4.3 15198991925 MAMoH TunssuaUNISHANUINUNENS 12

A mSun1Inaaadlainisn1s MAMoH umaasdldauass esanuadnsnlave nns

sala U

naassINYyAtoya CCODT Mllinadwsfiana3snnsau lunsuudssduauguuesthify
ugndn Gelummnassdifeldisummeweseithiuiiiun szuaumamisshiungn §19
savun 3 seunisndninsluudazsounisndndiafulaziia a1nduna lfunu e
UsrAndamdmiunidldarads dulusnsufigniaundunwiinig MAMoH uiiidns

TUSUATUNIASEAUAIMYUY INTUNENITY Wanswagui 4.6

o2 Winform C# WebCam x

- R
Oil Transparency Measurements with Image Processing S é‘moplc ANA

Oil Transparency Value
Status

Avg. value: (.83202

Qil Level : Level 5

21/01/2019 13:43.48

1 H1400 LISB Camern

JUN 4.6 wihenen1svinnedlusinsumienssaua g ureatiuteng?
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M15799 4.3 AN oatdiutens i luksagsauNIwEe

5UNNIWART AAEn ANE9ER
1 0.83198 0.83211
2 0.83114 0.83145
3 0.82996 0.83021

PNATUAITNT 4.3 wansliiiuini 3 seurednImnaeaznsUuTindoyaa AU
AuguYeatiunznieynseau 5 lun1sem 4.1 laglusaulsnyean1suuiinuanisnaaes
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0.58326
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058311

Valueof H

0.5306

0.8301 W\M/\M‘M_’VW\V/\/W

05296

Round 2 Round 3

Ch &4 W o0 =1 e T e B e e i~ e
AL EsIEERERLES B 2R

100

Image

sUM 4.7 nansiTguiisunanmisinadiusgninlunssuiunisnandnuau 3 seu

Va o

dmiun1snsiaauguuenhdulgniitue niilavainvateignis 935015
Ipdnauetiuduiie Snswllsnamisarisad e mdeiuliiun ssuiun snanntelu
Tssenniifusendnld 38013 MAMoH tuanmsonvsssiuaueuuemndunsnirlddaau
A o = = U ax i A voo . 9 a % o
an WelUSeuiig uiuIsn13du 9 Almhlaue kazann1MAaeeILiusBUUNSHEN ULy
UW3I9 3 58U WUINIBN1S MAMoH HRumsnusionsagulUasuetayaniuaiisusy
uinswasuiuaslutuneun 1 minthduugn i nlnd §938015 MAMoH fsannsauans

HaansYaIAmoulaee19gneas

4.4 msiauszavsniwaslnaluntssuundagluthdiunendn
lunmadeuinAsEansamnshiiun g iusUuegluhiunendn 1dldyadoya

PICO_V1 dmiunisinawszansamueslumamuanntnenssusing 9 Minaue lngvinisg

neaesAlaeimniwosivmray nindwihneinanszansnmuoduaaannasld

#1979 Confusion matrix

4.4.1 n1snaaasalaasnisiiines
Tun1svaaesiiomamilawosiniwesfvnzautuaninenssu MobileNet
fu S 2 lewesmaimeifiAsatesty Ao MamAunia (Width Multipliers) uag
AuazBunuenm (Resolution) Fsnadnsfildannivaassannsanandld iuiaaay
wansngtunski A laasnisi e Suaziandli i udemUseansamuesaa1Unenssu
MobileNet #lsannyateya PICO V2 lagnasnmimaassimunavesauneiuaneig
funudn Amesraunite Width Multipliers Hudanansenuserussansnmaaaus ugh

= v & Y 1 o q‘
LL@%?JUW@?J@QIJJL@@ ‘ZNLLﬁ@ﬂ‘M LVUl@EJEJ’N?I@L"\]UIUGﬂiNVI 4.4
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M13197 4.4 UszdnSnm MobileNet UUFIAMAIIUATINNANAU (AN UALBYAAIT = 224)

Fagaind1und1aiisn ety ALAIUED (%) yuniufidaiu (Mb)
1.00 94.05 12.52
0.75 88.72 8.38
0.50 71.54 5.60
0.25 74.25 3.88

Tnenadnslunsed 44 wandiriuismnudusiusfussinadgaaiuniag
uazvinavedlung Juilevhnimeassuiuavosiiguarunidlidiaanasdamal iuin
vodlunaduiiranasuiluferuii wasmomauadvilivmeedlunaiinas Swdswam
A szanBnmAmLsiug1anaseIn 94.05% wdeifies 71.50% eewseilownuludie

Tuddusieanlévinnimeasifienianuuansganlawesminiine faa1u
azlBunvesnmiiiaguadnEuAnd1ety las i NadnsARTignannmaaeuldieunthain
MsIMUATLRA B AT AT 224x224 Faviilsilar gAY e
ogffl 1.0 AMntAsimunrvhgununiuaisgil 10 uagimmaassasnsldain
aziBunvesnmiuansaiy TneBusuana mlugateya PICO V2 ifm uaziBunvesnm
ogfl 220x228 anihwinsuuravessunmlugadaya PICO V2 imnuazideanes
mwﬁaaaaImafi’mummmamﬁamsuamwwasﬁ 192x192, 160x160 Lay 128x128 AuaeU
Tnommeasslaldmsiinlumaniuaantiaanssu MobileNet nufrnaziBenyo anmi

! v 1 o dy gy <3 a
WANANAY IAUNAUDIAULUUET LA LV LIAN U TALAULERASIUA5199 4.5

A15197 4.5 UsEENSnan MobileNet UNAIINALLDEATBININAN19AU (AINUNIN9AST = 1.0)

AUAZLDYAYBININ ANULUET (%) WU (Mb)
224 x 224 94.05 12.52
192 x 192 93.40 12.52
160 x 160 92.56 12.52
128 x 128 91.22 12.52

' a Y @ 1 @ a S A
Al 45 wansliiviinisuSuainuasidenvesn niiy Inansenu
AaAuLiiug dorin Ingaimuwiug1INAIsAmMunsInuAI NN I9A 1.0 T Ja1

ANUKIUEIDYTENTIN 94.05% 9 91.22% FINHIIINNITMARBINISUTUIUINAINAELEE A
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YDINMNLANAWAUY WUINAITUALLD YAVDININLFARLVUIALY TUFINANIENUADIUINYDINUA
TunsdmrAvvedlaea niuisihailaosnimdwme e 2 A1 AlAaNa1s19A 44 wag

AN597 4.5 UN5UNU Al aswsTiwesTnunzanlun1siau taeannsen 4.6

a o . Y 9 a
N1919 4.6 AULUUYIUDY MobileNet ﬂ‘UCﬂ'J@ﬂJﬂ'J']@Jﬂ'J'NLLa%ﬂ'ﬂ'}NazLaﬁJfﬂsU@\iﬂ']W

. A2AMAIUNTI9
ANAZIBEATBINTIN
1.00 0.75 0.50 0.25
224 x 224 94.05 88.72 71.54 74.25
192 x 192 93.40 88.77 7235 74.44
160 x 160 92.56 88.21 183 72.87
128 x 128 91.22 87.83 70.96 73.23

FAINONITNG 4.6 UanIHaaNSNmLzandmsunsimuaAlaesninine s
VBIFIANAIUNTNG 1.00 UAEAIUATIDUAYDINMNMUIZANBYNAIWAZIBYA 224 X 224

dmuyavoya PiCO V2

4.4.2 WSeuguUseansainalnumsiugrainnisinlamanidanUnenssy CNN

dmsunisveaesludiut WunisneaaaialSsueuniuantnenssuvea

Tunadieg vuitugruaaiiingnss ONN Weadu Tastmuanuelaesnnfiwesiasian 7
Idnmamaassnountig A Adapmaunauaginwasdoavenin lnefwmuaaih
ANAIIUNTIYINAU 1.0 LAAIAINAEIBEATDINTNMNNY 224 x 224 30w wazdmTunis
naaeunvadunsihiddeyalaglsifinisufurun resolution 224 x 224 Fsian dmenssu
Tuwma (Standard CNN, VGG16, VGG19, ResNet50, ResNet101 way DenseNet121) wagnns
USurtnanmiiAn Az S nvesnmyindY 299 x 299 amderimunvesieyatiidves
lma (Xception, InceptionV3, InceptionResNet\/Z)Iﬂ&lﬁ’lmﬁﬂﬂh\lmaﬁgﬂ%muu“qwﬁja{JJa

PICO_V2 wazimmunsaun1sinlumad epoch = 15 50U Naansyikanslunism 4.7



59

A19799 4.7 NavesUsEdninmanuliug1aInn1sinausuling 7 epoch = 15 58U

Input Accuracy Trainingtime  Test Time  Size Model
No model
resolution (%) (hour) (minute) (Mb)
1 MobileNetV2 224x224x3 94.05 513 18.20 1252
2 Standard CNN 224x224x3 89.70 1.17 18.35 8.27
3 Xception 299x299x3 9282 30.08 2244 842.33
4 InceptionV3 299x299x3 93.23 1538 20.22 96.88
5 ResNet50 224x224x3 91.65 16.04 19.27 689.54
6 ResNet101 224x224x3 90.21 2542 19.37 795.23
7 DenseNet121 224x224x3 93.53 21.47 20.10 827.27
8 VGG16 220x224x3 9195 8.39 1856 689.41
9 VGG19 224x224x3 91.12 12.19 19.55 722.58
10 InceptionResNetV2 299%x299x3 90.93 30.25 20.37 956.36

Tnonaanslunisnei 4.7 nansldifiuingordnenssy MobileNetsv2 ui
Uszdns n s aunnuuduguiondiaadaenssy CNN 8w lngaauwy ugves
MobileNetV2 aq'ﬁ 94.05% @1uA78 DenseNetl121, InceptionV3, Xception, VGG16,
ResNet50, VGG19, InceptionResNetV2, ResNet101 wa Standard CNN 71 A3 73163 ugnfi
93.53%,93.23%,92.82%, 91.95%,91.65%, 91.12%, 90.93%,90.21% waz 89.70%
ATy Fenadnsilaguansliiduisadinnines MobileNetv2 fidiuisaviladng
Standard CNN @gUseainn 4.35 %

dmiunsivssulfisvumiiuivesluma (Model size) Algndsainnisin
Tumaaantinenssalumanuy  MobileNetv2 tuduaadnonssuluaadifosnsvuave
fuilunsiaiulunadidniign Wodunisusendaninensvoneiosaeufinmeivieidy
Tinad muzdmivgunsalffinsuszananateyaliawin lnsdvuinvesluea
MobileNetV2 ol 12,52 Mb Getfoeinin DenseNet121 waz InceptionV3 aguszanal 66
Wi WAz 7.7 Wi aEiy @auvunued VGG 16 way VGG19 T AUsyansaamaiug
949 VGG16 mamaLLamﬂ'wmmLL;Jushﬁ"qqﬂ’jwhﬂ3351/1%mWﬂm,JLL3JusJ°ﬂsuaa VGG19 usisis
VGG16 war VGG 19 tuddesnisvinavesiuilunsimiulunaiiunnnit MobileNetV2 sis
A Fatud ud gnsuusi s udud ynivesdn1d nenIsuLUU DenseNet, Inception,
Xception kag ResNet Afvuavesituilunsdadiviumaiinnnit willauuilugives
Tuwaiitosnitanitnenssuy MobileNetV2

drunadnsvasnanidtunisinlunaluni1sai 4.7 Wunadnsnwansliiiun

wagnldlunisinluearisnuni epoch = 15 sau Ingd8n13 Standard CNN Lulunaiiley
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natlunisinlumatesiiga lagldnailnlunalssuna 1.17 $2luauagdusu 2 Ao
MobileNetv2 T iaa B nluinauszunn 5.13 T2l Susu 3 Ao VGG16 19 nafinluna
Uszanas 8.39 Falua susu 4 Ao VG619 Tdnainluwaussum 1219 Falua sudu 5
Inceptionv3 18 13a1dnTunauszunns 15.38 2109 Uy 6 ResNet50 191aa17 nluna
Uszanas 16.04 92109 Susu 7 DenseNet121 Mnaflnluwauszung 21.47 $alus susu 8
ResNet101 Idalnlaaaussunn 25.2 F2lus Sudiu 9 Xception Mnafinlumauszumn
30.08 la1s Lardusugaving InceptionResNetv2 I nafinlanaysyanm 30.25 Falus ag
NnuasniTnandluanseil 4.7 wandliidiuin MobileNetv2 T §iuszansanmniiondn
Tumaduitldtauemn dmiulanna MobileNetV2 thignunsaansiuazuenssn nyeaa

UasnUuluifuueniilafngs

4.43 nN153aUSLANSAINAEANTINUNI NG AMUFUEY (Confusion matrix)
dm¥unisuieuszansnmlaslinisis Confusion matrix Hu Wuase 1o
dAglunsussillunaansvesn1siiue  (Prediction) ldardmauanliag Ngnaiatu
! v Yo =& & ) o an v P P~ Y
mudatdaenssuag 9 Alattaue Jadunisipanadimeeuilannlues Wisuliguiu

AMBUTIQNABY Confusion matrix WaAIRIRNIT17 4.8

M15199 4.8 1519 Confusion matrix

Predicted Values

Actual Values

Positive (1)

Negative (0)

Positive (1)

True Positive (TP)

False Negative (FN)

Negative (0)

False Positive (FP)

True Negative (TN)

laeA1lum1519 confusion matrix duazgnihaldlun s sednsa mves
wuulamadmiun1sdnngu (Classification model) @aanunsadmnaliainaunis (4.1) -
(4.4)

Accuracy = ——+™N__ (4.1)
TP+FP+TN+FN
Precision = —— (4.2)
TP+FP
Recall= —— (4.3)

TP+FN
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(4.9)

Precision x Recall]

Flscore = 2 X [Precision+ Recall
Taed
TP @ True Positive Jsvanedadoyaiinisinnenseiudoyasislu Class
AaaNasan
FP @@ False Positive 4 4nu18fs Tayafin1siuiedalu Class 7 nda
Wsan
TN @ True Negative mnodis feyaiivinnenseiudoyasislu Class il
WATAN

FN  fi® False Negative @avaneiis Toyafivinuneinlu Class filalanaisan

1 '
v

naunsi (4.1) Wusunisildlunmd Accuracy Famneds Siuounsad
Foyanisvinesseivdoyaddy tansutudeyanmwinneasifudeyasislundy (Class) 7
lailéRonsan dudlovumsiaes i udeyarivuavi lda 10 seAnsn o an svrune
Accuracy 80w 1 Precision @unsoAmnnldrnauntsit (4.2) vineisiunuadsidaya
NFVIMNERTINUTBLAT mﬂﬁ'uﬁwmmiﬁﬂmuﬂ%ﬂﬁ%@gamiﬁmwmﬁusﬁagaﬁﬁa 574
fudayafinisinneialunguin dsfiansan Jsan Precision fuanansIondndodnen
WY INIUBIUINTTO Positive Predictive Value (PPV) A1 Recall amnsnmuiadlaan aunis
il (4.3) mnefe dnnuafiiideyanminngmsstudoyass mntuhasunuildumisie
$nnuefsiiteyanmimnensiuteyasimududoyaiiviuefinlu nguilaldfins uas
anvnee Flg,, @annmannaldannaunisi (4.4) weds Adildainisiian Precision
a2 Recall 1AL B9 Flggre Qﬂﬂ%’]&ﬁﬁuu%ﬁmﬁu Single metric #13aA LA
vosluna TasAnidurnadsnuuesueiin (Harmonic mean) 5¢wind Precision waz Recall
Tngws a fad ldnannandu g atunldlunnsnid U sednsamduy nuuuluing ves
annenss CNN fildiaue

dwmdunadwsitlsannisinlunanuaninenssy NN fildannmaass
nounta 1e'g niunldlun1smeaesdni Wi ema1Usans nmaanaug aannsld
Toyanmussyadoya PICO V2 fiflinnmuazideavesnmiinssmudonmunve sudaz
an1tinenssuuuy ONN Tnsuuseantdu 9 nsmaasafioludl

1) msnaaewmnAUsEAnSnmanaangnssy MobileNetv2

naaeAsEANSAMINanTnenTIH MobileNetV2 Fufuainn s

gedoya PICO_V1 wldluntmageu lidnnudeya 1,000 nw lnedudoyanmiingu
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DINANEUDIAIMBUAWMINNDULAT EDUNTaLAN MVINUALHUNTYINIUNE Toya N 1N A3 g

an1nenssu MobileNetV2 Hadwsitauuring 181519 Confusion matrix A9n157199 4.9

miwﬁ 4.9 %1579 Confusion matrix ﬁlé’mﬂamﬁmﬂiim MobileNetV2

Class Air FiberT1 | FiberT2 | FiberT3 | FiberT4 | ParticleT1 | ParticleT2 | ParticleT3 | ParticleT4 | Tissue

Air 110 3 3 0 4 0 9 1 5 0
FiberT1 3 154 10 2 2 5 6 0 4 0
FiberT2 0 1 66 0 0 1 3 0 1 0
FiberT3 4 10 3 80 4 1 6 0 2 1
FiberT4 1 9 a4 3 ar ) 6 0 3 0
ParticleT1 3 2 0 0 0 46 %) 2 2 3
ParticleT2 3 @ 2 0 0 0 9 a4 0 0
ParticleT3 2 1 1 0 0 0 6 50 0 4
ParticleT4 2 0 0 0 0 0 0 0 84 0
Tissue 6 5 2 1 0 1 13 2 0 86

INNITIT 4.9 HAGWE V8 IN 1TV IUILNUI1 da1U aenssulaunaluy

MobileNetV2 tufinguved FiberT 1 Nd1WILAANa19u1nAan Logyungdanaindiuiy 32

AN ANTDLYANIMVINUA 186 NN UAZTOIALIAL NANTO Tissue MNgRANAINT WY

30 2N IINTBUAAIMNTINIU 116 A0 T 9T BRANAIA T ULIINT UNTIvReTn

q

¥ = o Y 1 v a‘d‘ Y o a L r-:ll
AANYAFINUYBININ I@EJG\'JEJ‘EJN‘ZJ@Qﬂ']WN@@WﬁVlSLVTﬂW]@UN@Wﬁ?ﬂLLﬁ@ﬂ@ﬂgU‘V] 4.8

(n) FiberT1

(v) FiberT2

sUM 4.8 shegwdsasuuuluhiuieninnlidmeusenin FiberT1 uay FiberT2

N a
NNUAITU
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Taga1nwatum1319 Confusion matrix § nUINAIUIUNIANUTEANT AW
ANukiugwasuuTaeduwa lun1sdnngunimvesyadeya PICO V1 Freaunisd (4.1) -
(4.9) oA mgdes (Accuracy) AAImusiLgn (Precision) A1sla (Recall) uagen
Flgegre 39USANEA MBS MobileNetV2 thitien Accuracy 80.20% @1 Precision 71.61%

A1 Recall 81.15% Waz A1 Flg.gre 76.08% lngnan1saassianuadilduandlunissd 4.10

M13199 4.10 HadnsALLLLg1YealuAaaINN15LY Confusion matrix Uu¥ATDLA PICO_V1

Test model with Confusion matrix from

No Model Image input PiCO_V1 dataset (%)
Accuracy Precision  Recall Flgcore
1 MobileNetV2 220x224x3 80.20 71.61 81.15 76.08
2 Standard CNN = 224x224x3 54.82 45.09 61.01 51.86
3 Xception 299x299x3 F .95 64.62 76.24 69.95
4 InceptionV3 299x299x3 75.13 68.19 77.14 72.39
5 ResNet50 220x224x3 68.88 62.12 72.61 66.95
6 ResNet101 224x224x3 66.44 66.56 67.29 66.92
7 DenseNet121 220x224x3 68.55 62.75 69.38 65.90
8 VGG16 220x224x3 68.52 60.55 73.02 66.20
9 VGG19 2204x224x3 70.02 69.38 71.89 68.58
10 InceptionResNetVZ 299x299x3 55.55 55.25 58.79 55.44

2) ANsVAaRIA1UIEANSAINRIndaUnenssu Xception
n1snAaeIAEaNIAmAINanIUnNsIU Xception BUAWINNITUYA

aaﬁa PiCO V1 wlglun1svegeu "’UQILI‘U’M’JU‘UE]&IE% 1,000 a7 IW?JLUUGU’OQJ@IY]WVW]‘NUO\‘I

s

HAANGVBIANNDURWNNINNOULA LEJ@U']“U@?J@JWWVN%@J@EHN’]U?]’15‘1/1714'18% gdann NAY

=

an1UnunIsu Xception maawawlﬂ‘uumﬂmamm Confusion matrix mm’m‘m 4.11
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Class Air FiberT1 | FiberT2 | FiberT3 | FiberT4 | ParticleT1 | ParticleT2 | ParticleT3 | ParticleT4 | Tissue

Air 110 0 0 0 2 2 17 0 4 0
FiberT1 3 140 12 0 0 19 4 1 5 2
FiberT2 0 2 64 0 0 0 6 0 0 0
FiberT3 7 16 8 59 0 5 11 0 5 0
FiberTd 1 25 2 1 36 1 7 0 2 1
ParticleT1 a4 1 0 0 0 40 5 5 2 6
ParticleT2 6 a4 1 0 0 1 75 3 0 1
ParticleT3 3 a4 0 0 0 0 13 40 0 4
ParticleT4 1 0 0 1 0 0 0 0 84 0
Tissue 16 3 0 0 0 3 11 2 0 81

NENTNT 411 baRIHAaNSVRIRLAANATAATIIaFUA M NYITWE
Iy FiberT1 ununvesdnay FiberT3 laglunsalll In1svinngRanaindinu 52 A
LartaRAnamdndutnintuann s uIe dnglundy FiberT2 uag ParticleT1 unu

Y o

AmaunignAedlaedungy FiberTl sfidusunani lignsesdawiu 12 3U 9nngu
FiberT2 wazgUunmilalgndes 19 sUanngu ParticleT1 Jdralvinadnsalaannisiiung
sUAMRRT AN 271 U n308nTIWRRANAIAMNIY 27.05% LA8ATI8ENUBIN TNHARNENLA

ﬁwmauﬁmwmmmmﬁqgﬂﬁ 4.9

(n) FiberT1 () FiberT3
UM 4.9 shegwdsasuuuluhduneninilvidmeusening FiberT1 wag FiberT3
LW DUINAGNE 71 LANIMIAIAINDUIINATTATUIUNIAT Accuracy AN

Precision A1 Recall wa® AN Flgeoe HAANST IAAD 72.95%, 64.62%, 76.24%, 69.95%

muanu Inenanlignuandlunised 4.10




WA

=
tNNA

anUnenssu InceptionV3 nadnwsn LAl uiindem1519 Confusion matrix AIR157 4.12

ua PiCO

Y
s

ANTUNA

[

3) A1sNAasmIAIUTEANSAIWAINaa1URENIIU InceptionV3
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N1INAaRINIANUTEANS A MAINAUABNTTY InceptionV3 IIUALIINATT

Viwlglunsnaaeu Feliduteya 1,000 a1 lneidudaganmingm

WOUANNTNNBULAD HBTUBLAN MYIMUANIHIUNTYINNETBLYA NN AT E

A19719% 4.12 71519 Confusion matrix lAanaatnenssu InceptionV3

Class

Air

FiberT1

FiberT2

FiberT3

FiberT4

ParticleT1

ParticleT2

ParticleT3

ParticleT4

Tissue

Air

108

2

0

0

0

22

FiberT1

127

31

5

5

FiberT2

64

0

3

FiberT3

17

7

FiberTd

ParticleT1

NSO B O

O N

ParticleT2

—

ParticleT3

N O N

ParticleT4

o | ©

85

Tissue

19

oO|lOo| O O ©| ©

78

NI 4,12 uARIHAAWEUBsANRAN R TR TLY RIS A TR
InceptionV3 L ohnviunen it edanguguaiw Taglaea InceptionV3 viuneam
Aanannsiunu 53 nwlungu FiberT1 Fsduiiasmdnmsedlungy FiberT3 Moguuaanm
nadwsAliAmouRana1nlusu 4.9 wazluna InceptionV3 imngamianaindnay 59
A Tunguwes FiberT2 mseglungu FiberT1 faslosuiuanufianainlunisdiuunngy
dulutuenia ayntn wagitleidle lésunwianun 249 amgniidwunyssavin Gedidne
AUAANEIN 24.87% lothadwsTildinmIAFIm auRINNISAIWILNIAY Accuracy A1
Precision A1 Recall way A1 Flgeore NASNSTLGAD 75.13%, 68.19%, 77.14% uas 72.39%

ANUARU I@awaﬁiﬁgmmﬂﬂumiwﬁ 4.10

4) n1IneamIAUsEaENSAIWRInaa1lnenssu ResNet50
nsmaaewAUsEANEn maNan tnenssy ResNet50 Euduainnigt
yadaya PICO_ V1 wldlunsmaaeu deldwnudeya 1,000 am Tneifuteyanmiinsuis
nadnsvesmeudmindeuds dethdayanmimuaununshuetoyanindae

an1Unengsu ResNet50 Nadnsnlauuiina1em1519 Confusion matrix #4M15197 4.13
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A15197 4.13 »1579 Confusion matrix NlaaNan1dnenssy ResNet50

Class Air FiberT1 | FiberT2 | FiberT3 | FiberT4 | ParticleT1 | ParticleT2 | ParticleT3 | ParticleT4 | Tissue
Air 101 1 0 0 0 0 19 0 14 0
FiberT1 1 116 31 6 0 8 18 1 5 0
FiberT2 1 1 59 1 0 2 7 0 1 0
FiberT3 5 13 a 58 a4 5 11 0 9 2
FiberT4 1 7 4 2 a6 3 5 0 6 2
ParticleT1 3 2 0 0 1 37 10 5 3 2
ParticleT2 5 0 1 1 0 2 7 3 0 2
ParticleT3 3 0 0 0 0 0 14 a6 0 1
ParticleT4 1 0 0 0 0 0 0 0 85 0
Tissue 24 a4 1 0 0 2 19 3 0 63

PN 4.13 wanmadnsresrmAanaaiiiatureuuudae i
ResNet50 Tpglaiaa ResNet50 wudndnsinuwgamaanaatungs FiberT1 $1u3u 31 A
wazdinsiwnen wianainlungs FiberT2 $wau 18 A adlevunsuiuniniinag
vimneianguiiiannn 312 nan Amdusanesinanaind 31.12% Fudlethuadnsildum
ANFINBUINNIIAIUIUNIAT Accuracy A Precision A1 Recall Wag A1 Flgog e NASNSTL

A9 68.88%, 62.12%, 72.61% way 66.95% MIUAINU I@&Jmaﬁiﬁgmmﬂﬂummﬁ 4.10

5) n1sneaeA1UsEansaInananinenssy ResNet101
nmnaeIIAsEANS A mAINaIRensTy ResNet101 FfuNNNT
thyadoya PICO V1 arltlunismadeu aldnnudeya 1,000 am lagidutesanmiingm
fanadnsupsdmauarminneusds dethdoyan mitsmmnukiunisiunedeyanwdae

anUnengsu ResNet101 NadnsAlauufing 21881579 Confusion matrix #4519 4.14

A15197 4.14 »1579 Confusion matrix A kwaNan1TneNsIU ResNet101

Class Air FiberT1 | FiberT2 | FiberT3 | FiberT4 [ ParticleT1 | ParticleT2 | ParticleT3 | ParticleT4 | Tissue
Air 106 3 0 0 3 0 11 1 11 0
FiberT1 3 128 16 8 7 3 12 3 6 0
FiberT2 0 7 45 10 1 1 6 0 1 1
FiberT3 2 20 4 45 16 1 10 2 10 1
FiberTd 0 19 1 1 a5 1 0 0 7 2
ParticleT1 3 4 0 3 0 32 5 5 5 6
ParticleT2 5 2 1 0 0 2 68 9 0 [
ParticleT3 0 3 0 0 0 1 7 53 0 0
ParticleT4 0 0 0 0 0 0 0 2 84 0
Tissue 22 7 0 0 2 1 13 13 0 58
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d’ L s a d’ a dy o

NAITNA 4.14 UAAINAGNSVDIAMUAANNATIAATUTDIMUUT A DS Laea
ResNet101 lpgluaa ResNet101 wudndinisvivnen midanaialungs FiberT3 uinfian
U 36 21 Ingamagnaesaseglungy FiberT1 913U 20 AW HI08NYDINTNNAGNS
a9 v o a a [ | . ° =~ 4 o o
wiwmmaumwmﬂugﬂm 4.9 LLazaqiuﬂqm ParticleT4 911U 16 AN YU IUNY
aAmadnsvineanguinanun 336 o eadudnnaruianaind 33.44% Fadiein
HAGNST LAUIMIAIAIADUINNAITATUIURIAT Accuracy A1 Precision A1 Recall wazan
Flgcore NAGNSTIARD 66.44%, 66.56%, 67.29% Wa 66.92% AuaWU Lagnanilagnuans

Tuns1991 4.10

6) N1sNaasInIAIUsEaNSNIwanan Unenssy DenseNet121
ANSNAABINIANSEENS NMAINADIURENTU DenseNet121 ISUANINNNIS
Wrgataya PICO_V1 wildlunismagey Fsfidiwiutaya 1,000 a1 Ingidudaganmingm

DaNaaNEUDIAINBUAWNMINABULAT WD UTaLan MIMUAINHIUNTYIIUE Toya N 1N A3 g

anUnenssu DenseNet121 HadNSALAUUNNA 8615719 Confusion matrix A9ANSI9A 4.15

AN5199 4.15 %1579 Confusion matrix AAaNaadnenssy DenseNet121

Class Air FiberT1 | FiberT2 | FiberT3 | FiberT4 | ParticleT1 | ParticleT2 | ParticleT3 | ParticleTd | Tissue

Air 108 2 0 0 0 3 12 1 9 0
FiberT1 2 122 26 Ik 2 11 11 2 8 1
FiberT2 1 0 58 6 0 v 4 0 1 0
FiberT3 8 18 8 o8 8 6 a4 0 4 0
FiberTd 1 13 4 3 a1 7 0 0 7 0
ParticleT1 11 1 0 0 0 39 3 6 2 1
ParticleT2 6 2 1 1 0 1 63 15 0 2
ParticleT3 2 2 2 0 0 3 7 a7 0 1
ParticleT4 3 0 0 0 0 0 0 0 83 0
Tissue 18 a4 0 0 0 Z 7 10 1 69

PNANTNN 4.15 LAAINASNTVYBIAINURANANNAATUYBILUUINF DI LIAD
DenseNet121 lngluina DenseNet121 wudninisyiwenmianainlungy FiberT2 u1n
.

Nandnnu 26 A lnenmngnaesnlIseglungy FiberT3 lngfiog Nuean mHagws Ly

AmauianaInfagui 4.10
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(n) FiberT2 (v) FiberT3

5UM 4.10 shegndswasuuuluhiuizninaliaine usenin FiberT2 wag FiberT3

dothunsaudunmadnisvieianguiivianan. 315 a1 Fsdndudns

a d' = = o v say v ! o J 1 1
ANUAANAINT 31.45% FULTBTHARNSNLALMIAIAINOUIINAIIAIUNIAT Accuracy A
Precision A1 Recall W@y AN Flgegre HASNSNLAAB 68.55%, 62.75%, 69.38% way 65.90%

muanu Inenanlignuanslunisnm 4.10

7). msnaaemA1UszAnSnwandadaenssu VGG16
nsueaaaAUsEansamaNandnenssi VGG16 Buduainnisuie
Toya PICO_Vialdlunmedeu dfidmnudeya 1,000 a1 nedutayanmivsud s

HARNEY A MOUAIMTNNDULAT Lo UBYANMYIINUANIHIUN 1T U TB YA N TNA DY

anUnanIsu VGG 16 Haansilauunne 1891919 Confusion matrix f9n15799 4.16

miw‘ﬁ 4.16 1579 Confusion matrix ﬁlﬁ%ﬂﬂaaﬂﬂmaﬂiim VGG16

Class Air FiberT1 | FiberT2 | FiberT3 | FiberT4 | ParticleT1 | ParticleT2 | ParticleT3 | ParticleT4 | Tissue

Air 104 1 1 0 3 1 15 0 9 1
FiberT1 2 139 6 1 0 14 15 0 9 0
FiberT2 0 6 56 1 0 [ 3 0 2 0
FiberT3 6 15 6 57 0 8 10 2 7 0
FiberTd 1 12 2 1 a2 10 6 0 2 0
ParticleT1 5 2 0 2 0 34 10 1 5 4
ParticleT2 6 2 0 0 0 2 74 5 0 2
ParticleT3 0 4 0 0 0 0 15 a2 2 1
ParticleT4 2 0 0 0 0 0 1 0 83 0

Tissue 26 2 0 0 0 5 25 3 1 54
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NIINT 4.16 uanmadnsvasawianwaRTIiAn T e UL AeeR
VGG16 lagluna VGG16 nuindnsinneamianawlungy FiberT3 unflandinu 15
am Tasnmdignéesaseglungy FiberT1 dadlovsnmufuamiinisviuisdnngud
sanua 315 a1 Andudnmnruiianaind 3148% dethuadwsiildumadmeuannis
AR Accuracy A Precision A1 Recall wa e A Flgore NAGNST RS 68.52%,

60.54%, 73.02% wag 66.20% MUANU Imawaﬁlé’ammmhmﬁmﬁ 4.10

8) n1snaaasnIAIUsEansSnIwanaadnenssy VGG19
ANSNAABINIANUSEANS AMnEa1UneNssy VGG19 L%uéfumﬂmsﬂwm
a;ga PiCO V1 wlglunimaas mmmumam 1,000 AN Immﬂumauamwmmwm

HAANGVBIAINDUANNINNOULA LN@UW%@M@QTWWQV@J@M’]N’]U?]’13‘1/1’114’]8% gdann NAIY

anUnenysu VGG19 maawamimuummﬂmﬁm Confusion matrix @Q@]’ﬁ']\‘ﬁ/l a.17

@150 4.17 #1519 Confusion matrix AileaInaatingnssy VGG19

Class

Air

FiberT1

FiberT2

FiberT3

FiberT4

ParticleT1

ParticleT2

ParticleT3

ParticleT4

Tissue

Air

91

2

0

5

0

9

7

FiberT1

10

146

1

2

2

12

FiberT2

2

1

FiberT3

10

20

50

8

FiberT4

40

O]l o]l Ol O ©

Ol Ol O ©

ParticleT1

ParticleT2

ParticleT3

ol ol A~ O] VO

ParticleT4

oSOl O] O &

o | O

Tissue

17

el Bol el Neol Ne)

N| O] O ©

75

PMNAITNA 4.17 LAAINATNTVDIAIURANAATLAATUYDILUUINADILAS

VGG19 Tnglana VGG19 nuininsinenmidanaialungy FiberT3 snflansiuau 20
A lasnmiignéosansedlungy FiberT1 fegsvesnmnadnsilsinouinnaislugui
4.9 ImaLﬁaﬁ’]u’ﬁwﬁ’umwﬁﬁmsﬁ'}maﬁﬂﬂ@jmﬁﬁgwm 299 n Aaidusnsnuianaiad
29.98% il 0 UINAGWET LA UIMIAIMIRB UIINNTSAIUIUMIAT Accuracy A1 Precision A1
Recall baZ A Flgore HAANS 7 Lol A0 70.029%, 69.38%, 71.89% WAz 68.58% MILEIRU

HAaNSNLAg Nuanlun1TIN 4.10
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9) A1sNAaBIRIAIUTEANSAINANEaAURENTIU InceptionResNetV2
nsmAapsMIATUsEANS A MINan1TinensIl InceptionResNetV2 (3
nnsthyadeya PICO V1 wldlunsmaaeu fidnnuteya 1,000 aw Tneidudeyanwi
naufswadnsvosimoualmintewds Wewdeyanmitmunurinunisihunedayanm
faean1Unenssy InceptionResNetV2 nad Wil Lavuiin e m1519 Confusion matrix 74

A997 4.18

A1919% 4.18 71919 Confusion matrix ilAanaaUnenssu InceptionResNetV2

Class Air FiberT1 FiberT2 | FiberT3 | FiberT4 [ParticleT1|ParticleT2|ParticleT3|ParticleT4| Tissue

Air 54 1 5 0 3 1 33 2 13 23
FiberT1 a4 73 59 3 10 12 % 3 13 2
FiberT2 1 0 64 1 1 2 0 1 1 1
FiberT3 5 4 16 a2 10 10 8 3 10 3
FiberTd 1 a4 9 0 a6 1 3 3 6 3
ParticleT1 5 1 2 0 1 26 8 6 2 12
ParticleT2 5 0 2 1 0 0 63 14 0 6
ParticleT3 2 2 1 0 0 3 17 36 0 3
ParticleT4 3 0 0 0 0 0 0 0 83 0
Tissue 17 2 6 0 0 5 13 5 0 68

PN 4.18 wanswadnduosaTwiananTiAnduweu U aeslua
InceptionResNetv2 wuiniinsvinngn mianaialungy FiberT3 snflgadnu 20 1w
Tnonmilgniesnsedlungu FiberT3 dudlothinsaufuamiiinisinueianguiivianun
445 aw Ao udnsmudanainn 44.5% 1 odmadnsAlsuImeAneUIINNT
AR Accuracy f1 Precision AN Recall Waga 1 Flggre HAANWS 7 L6A0 55.55%,

55.25%, 58.79% uag 55.44% MUA9U Imwaﬁlﬁgmmmﬁumswﬁ 4.10
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A3UNANNSIVLUATVBLEUB UL

5.1 #3UNan15Ie

o [y [y | A

dmiunisinAinuyulazn1snfudsUasuliluhiungninuueaiilavaeis @4

' v
va v

aa A v o & & aa & A ) A Dy a o W

FBnsnideladnaueiduisn1milsnyiga Heauwedulidunssuiuni sudn wady
UgnINvesgnamnsutiutenimesumdlnela Ineidulaimunsruunisinaiaiy
uvashiunzninyuieliamisansudrinuyuuoninduusnsnlaiui neunsussy
soj LY % [~ a [ I3 d' o ] 1 :’/ aa gj

Paunzn3 N JuNan Augiinn9dning | Tngann1svinaeInuImUReuiIsn1s MAMoH 1ty
Tinadnsveinsnaaesinan Inadndu 99.0% Naunsanipmauyuuesidumeni1in

AsEuANYUAnUAlAREg9gnees kasdmIudarana1n 1% AAATUI HATWINY IS

'
a

SUAUUBINSVIILTa S U s sud liladin1sthaun sanlun1snA edeaaun 3inlie

v

ToRianapuemadnsameuiily dwiumatisuisufutuneuisnig MoGS ivaueu
PnamszRuwNEy TAssAnsamuesiunouitnisheidu 15.30% et ufuisnng
MAMoH #@2133n13 MoH wax38n13 RPMoH fdunsmaruguuesthiunens 12210013
oderaNLisesdty fasansnmAndy 88.04% waz 8591% awdiduiile
WeufuiBn1s MAMoH Bsdmiutuneris MAMoH tusunsoutsssiunuguye sty
uzninlstaauign WelusuwisuiuIBmsduiiiaue uagnnnimaaesainnisiilld
AR U 3 50U vesnmAnTs sl u Sunewdinng MAMoH fiaanu
Asusian U Asuulastesteyaiitudmsaananald s vdiandifinsusuudsut uneu
vosnszvaun AR Tmen SN un il du duneuitnng MAMoH Ssasanunsouans
nadwsvasdmoulFeggnies duntmmeivislasuudluthtunem $nldlduuuasg
nsBeuidedn deudlydaymlunisdanduussnninguianvaoluhiuuening S1uau
10 ngalagldlassngdszamiieanuy CNN GsannismeassUiouiiouyssans amuaus
azantinens nudaniiinenssu MobileNetv2 dulvinadndarnuusugilunisandring
wanvaesluhiusnimiadaaderiniadisudsuivao v nssuduildiiaue wadns
i'lfananidanssu MobileNetv2 Wur 1un1susuugeamisdies 2 A1 Aoves
AN TYBIAINNINLAT AN TN T BIAIANAINALLB YA Faka 2 Amdime iy
fduddaidmansenulaensevinalunald wazanuadnsannimaasauansdiiiuin
a0 nen 551 MobileNetv2 T anuusiugagi 80.20% drvsuyateua PICO V1 slof

NASNSUDIAINUBUUTINUINAINED WALN TIULUUDUN b9YIN15NAas tesan1tdnenssy
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InceptionV3 Iiaiuusiugegn 75.13% uazaniUngnssu Xception limnuusiugog
72.95%

5.2 YaLaUBDLUY

5.2.1 darauauuziionsmu
1) nimuiilemuau sEuuaen 1A 1sUsznanan wihiuug n i
annsnaeRmunsmuaylunnanldFsdy
2) MawansrUuATIaAasuuarsryAsasutdluduuenimdmiuni s
uilan annsatadisnnudulalvduguilae wazyieasuyadwes

WA ALl a ANy

5.2.2 Yoiausuuzdug
1) aunsahlUldnunudunismuguaonuanlagldindo s srananad
nIANGPU) Tunisvinau
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ABSTRACT In general, considering standard production, as well as coconut oil production, in oil con-
sumption industries is an important factor. Oil color is an important element, as it is an important factor for
consumers or buyers in selecting coconut oil. In the process of producing coconut oil, the cold-pressed
method has been chosen to maintain the essential quality of coconut oil. The quality of the coconut
oil is inspected from the production process by means of light passing through the coconut oil. Then,
the production staff compares the turbidity of coconut oil with the master sample. The turbidity of coconut
oil in every production must be compared with a master sample to maintain standards control. According
to previous studies, there are many methods for determining coconut oil turbidity. One method that has
been utilized is determining turbidity from light passing through the medium in which the transmitted light
can be absorbed through the turbidity of the variable medium. This process is applied together with image
processing to determine the coconut oil turbidity. In this research, we propose a method for measuring
coconut oil turbidity by the Moving Average Median of Hue (MAMoH), which is better in detecting the
coconut oil turbidity than the Median of Gray Scale (MoGS) method, Median of Hue (MoH) method, and
Random Position Median of Hue (RPMoH) method. In terms of the percentage accuracy of the efficiency test;
the MAMOoH method has 99 percent accuracy, while the MoGS method is not applicable, the MoH method
has 88.04 percent accuracy, and the RPMoH method has 85.91 percent accuracy. Thus, the MAMoH method

is considered an appropriate method for measuring coconut oil turbidity.

INDEX TERMS Image processing, turbidity level, moving average, coconut oil, computer vision.

I. INTRODUCTION

In the coconut oil manufacturing industry, oil transparency
is the first priority, because consumers can see this with
their naked eye. Therefore, the coconut oil manufacturing and
inspection process is essential.

The two methods for producing coconut oil are hot-pressed
and cold-pressed [1]. The cold-pressed production method is
produced by compressing the coconut pulp into oil, which
helps to maintain nutritional value. The coconut oil produc-
tion processes consist of coconut meat preparation, coconut
meat processing step, coconut meat compression, coconut
oil filtration, and the last step is coconut oil packing. When
coconut meat is compressed, coconut oil is extracted. The
resulting coconut oil may contain impurities. Normally,
the coconut oil production quality lies in the process of
filtering the oil obtained from the previous step. In the filtra-
tion process, the coconut oil is sent through a centrifugation

The associate editor coordinating the review of this manuscript and

approving it for publication was You Yang 16

method to filter impurities or coconut meat fiber residue
through a 0.25-micron fine filter until non-turbid coconut oil
is removed. In the coconut oil production process, each pro-
duction cycle has a different turbidity. Therefore, the degree
of turbidity of the coconut oil obtained in each production
cycle has to be examined by the staff using light shining
through the sample oil bottles to compare turbidity. The
turbidity of coconut oil is related to its color, similar to olive
oil color [2], which can be compared or observed with the
naked eye. Different colors of olive oil are caused by different
turbidities, which occur from the fibers or rinds of the olives
mixed during the oil production process. Too much sediment
or impure oil is not healthy, and the oil inspection process is
therefore very important.

Likewise, image processing is used to check the turbidity
of the water flowing through the pipe, examine the sludge,
dust or debris in the water, and find the floating oil layer
that flows with the water inside the pipe [3]-[5]. There-
fore, this image processing technique helps to measure the
oil turbidity to a level that can be consumed. The research

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
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method proposes that the coconut oil turbidity measurement
presented here is based on only one feature; that is, it con-
siders the brightness of the light passing through the coconut
oil, which enables rapid processing to determine the coconut
oil turbidity level. In doing so, a developed turbidity mea-
surement device is installed in a position after the coconut oil
filtration process. It is connected to the coconut oil conveying
pipe before the coconut oil flows into the oil storage tank
waiting for packing. The coconut oil turbidity value obtained
from the proposed algorithm can be used to determine the
coconut oil turbidity levels in each production cycle, which
makes it more convenient and faster in routine working pro-
cesses of industrial employees.

The paper is structured as follows. Section II presents
related research, and the proposed methods are described
in detail in Section III. Experimental results are shown in
Section IV. Finally, Section V presents a conclusion.

Il. RELATED RESEARCHES

The process of coconut oil turbidity analysis generally con-
sists of conversion of the HSV hue, saturation, and value
color model, image segmentation, image enhancement, and
determination of turbidity values from images, which is sum-
marized below.

A. COLOR SPACE

A standard color system for computers can represent each
pixel with a three-dimensional vector. Each pixel can rep-
resent 3 different color values: red, green, and blue. This
is called the RGB color system. RGB is an international
standard, and there is another standard called the HSV color
model. HSV relies on the separation of brightness from the
color of the pixel. The value in the HSV color model is
represented by the three-dimensional vector. This HSV color
space describes colors (hue or tint) in terms of their shade
(saturation or amount of gray) and their brightness value.
In color systems, a global standard can convert color systems
such as RGB to HSV or RGB to grayscale conversions to help
reduce the data processing size.

1) COLOR SPACE CONVERSION

Converting RGB to HSV is possible because the HSV color
system conversion is similar to human color information
processing. Humans can understand HSV color better than
the RGB color system. The RGB color defines a color space
in terms of three components: red, green, and blue, which
range from 0-25. The RGB and HSV values can be converted
as shown in Fig. 1.

Fig. 1 can determine the color or color appearance param-
eters H from (1) where 6 is approximately the angle of the
vector obtained from the RGB color. It is calculated by(2). S
and V are calculated according to (3) and (4), respectively.

0, B<G
H= = 1

2w — 6, otherwise
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FIGURE 1. Relationship between the RGB color and the HSV color
systems.
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Many researchers have used RGB to HSV conversion;
for example, in 2010, Chang et al. [6] proposed HSV-based
color texture image classification using wavelet transform
and motif patterns. Later, in 2014, Deswal et al. [7] proposed
a method called “A Fast HSV Image Color and Texture
Detection Algorithm’ based on color intensity using artificial
intelligence. They used the HSV-based color model since
it greatly decreases the image color and grayscale informa-
tion size. Hue filtering was used to segment the specified
color. A year later, Abdullah [8] presented a new method
for hiding information that relied on the HSV color space.
He used the color image conversion from RGB color space
to HSV and converted the color space from HSV to RGB.
Chernov et al. [9] introduced an integer-based algorithm to
convert color representation from RGB to HSV color spaces
and vice versa. In 2016, Saravanan et al. [10] presented new
generic color space conversion hardware. They explained the
RGB to HSV/HSI/HSL conversion architectures. The trans-
formation can be performed by the algorithm to convert the
color space in (1) to (4).

2) GRAY SCALE CONVERSION

This converts the RGB color image to a grayscale image to
reduce the number of color layers from RGB color spaces to
only a grayscale color space. The image retains the outline
of the image and the color saturation or brightness value for
each pixel between 0- 255 levels. There are several methods
to convert a color image to a grayscale image [11], [12]. The
methods used to convert a color image to a grayscale image
can be obtained using the average method as in (5).
1_Gray = R+3ﬂ 5)
After the previous step, the brightness cannot be compen-
sated. When the original image is very opaque, the color of the
grayscale image becomes rendered as a black image, which
is different from a human’s vision. Therefore, to obtain a
grayscale image that is similar to the visibility of the human
eye, we studied grayscale image transformation by taking the
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weight value (w) [11] combined with the new grayscale image
calculation, which can be found using (6).

[_Gray = (w1 X R) + (w2 x G) + (w3 x G) (6)

where wi +wy +w3z =land wi +wy +wsz >0

According to the experimental results of Kumar and
Verma [11], the suitable weights in each color are w; = 0.33,
wy = 0.50, and w3 = 0.166. When the pixel values of the
readable RGB image are 18, 17, 17 using (6), the grayscale
image is equal to I_Gray = (0.333%x187) + (0.50%179) +
(0.166x176), which makes the value of the image spot equal
to 180.98. After that, all pixels in the color image are pro-
cessed and converted to a grayscale image.

B. IMAGE SEGMENTATION

There are a variety of image segmentation techniques. One
of the image processing methods is region of interest (ROI)
based image segmentation. This method requires exactly
both undesired and desired position information. The method
frames a square around the desired area to process the specific
squared part of the image. Each image can be specified in
many parts, as shown in Fig. 2. Another method is to select
the desired area in the image by image subtraction, which
removes the undesired background image from the desired
object. In 2019, Cheong et al. [13] introduced a method of
counting the number of people in the group using the image
subtraction technique. After that, CNN classify, which is an
Al algorithm, is applied to segment objects for verification
and automatic tracking.

FIGURE 2. Sample images of a region of interest (ROI) based image
segmentation.

C. IMAGE ENHANCEMENT

Image enhancement is a method for improving image quality.
This method causes the image change to obtain a clear image
for processing or to reduce noise in the image for quality
improvement. Image enhancement can be processed in many
ways, such as histogram equalization and Gaussian filter.

1) HISTOGRAM EQUALIZATION

Histogram equalization is a method in which the image
processing of contrast adjustment uses the image his-
togram. Histogram equalization is another nonlinear contrast
enhancement technique. In this technique, the histogram of
the original image is redistributed to produce a uniform pop-
ulation density. This is obtained by grouping certain adjacent
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FIGURE 3. Image enhancement using the histogram equalization method.

gray values. Thus, the number of gray levels in the enhanced
image is less than the number of gray levels in the original
image, as shown in Fig. 3.

In 2000, Stark [14] proposed an image sharpness adjust-
ment using the adaptive histogram, which allows adjusting
the sharpness of the image by itself using the brightness
values in the image. This method can increase the sharpness
level in many images.

In 2007, Sim et al. [15] developed a histogram method
using recursive sub-image histogram equalization (RSIHE)
compared with the traditional method of histogram equal-
ization. The RSIHE method compensated for the brightness
portion of an image by finding the average and adjusting each
of the subimages. The results of the image using this method
are sharper than those of the traditional method.

In 2012, Naushad Ali and Abdullah-Al-Wadud [16] pro-
posed detailed improvements of a separated image and com-
bined it with the updated image using the weighted function
to improve the quality of the image. In 2015, Lee et al. [17]
proposed a method for preserving the details and sharpness
of images that were missing from the use of the histogram
equalization method by calculating the current density of
nearby pixels. Then obtained values were used to evaluate the
difference of pixels. This method can help analyze pixels that
need further improvement.

2) GAUSSIAN FILTER

A Gaussian filter is used to blur images while maintaining
color intensity. The Gaussian blur method in 2D with Gaus-
sian filters can be represented in (7).

xi2+yi2
—#e 202

GG (xis yz) =e 2ns2 (7)

where o is the standard deviation of the width from the image

expansion, including the results of a smoother image. If the

o value is large, the Gaussian filter will be wider. When
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the center of the image is the highest for the Gaussian filter
weight value, the weight value decreases. When the reference
position is far from the center, the size of the Gaussian filter
affects image blurring, which helps reduce the disturbance
that occurs in the image. The results of the image filtering
using the Gaussian method are shown in Fig. 4.

FIGURE 4. Sample of images using the Gaussian filter method.

In 2012, Agarwal [18] presented the Gaussian distribution
method to remove Gaussian noise from high-contrast images,
and it was used to adopt the moving average to help improve
the color of an image.

A year later, Chandel and Gupta [19] studied various image
filtering techniques that affected pixels. From this experi-
ment, it was found that the median filtering method per-
formed well when an image histogram was used. Moreover,
it was found that the median filtering method is better than the
average filter algorithm to eliminate image noise. In addition,
this method can keep the edges of the image and the same
edge as the specified original window size.

In 2015, Codevilla et al. [20] improved the quality of
turbidity levels of a seabed scene captured using the simulated
TURBID dataset with different turbidity degradation. The
images obtained from the dataset go through a Gaussian
filter process and a Hessian-Laplace process to detect what
is happening in the TURBID dataset image.

In 2016, Tyagi and Mishra [21] applied Gaussian fil-
ters and 2D images to use real-time filters for increased
smoothing. The results showed that using 2D-Gaussian fil-
ters can eliminate noise from images even with varying
image sizes and can compare values between fixed points
and floating points through the operation of the CPU, GPU,
and FPGA.

In the same year, Amoako-Yirenkyi et al. [22] discussed
border detection by creating a window to detect borders and
describing the use of structural similarity index values and
comparing them. This research proposed a comparison of
the median filter, Gaussian filter, and B-spline filter from
the same original image. The results showed that the median
filter method outperformed the other methods. This method
is used to avoid interference by a smoothing filter to find
the contour of the image. The test results showed that this
method can reduce noise in images, which clearly displays the
contours.

VOLUME 9, 2021

D. MOVING AVERAGE FILTER

The moving average filter helps improve uneven and unstable
data or noise. It takes the average of input samples to produce
a single output point. As the length of the filter increases, the
smoothness of the output also increases, whereas the sharp
modulations in the data are made increasingly blunt [23]. The
moving average is calculated by (8).

- Pm+Pm—1+Pm-—2+ ...+ Pm@mu—1)

smo—

n
1 n—1
= - ZA_ Pm—i 3)
n i=0
where pg,, is the value of the moving average
Pm 18 the value of data
n is the number of datasets
When using the orange line data to filter the data in (8),

the signal can be filtered using the moving average method.
The result is the dotted line as shown in Fig. 5.
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FIGURE 5. Results of image filtering using the moving average method.

In 2010, Morales and Shmaliy [24] introduced the novel
technique for the moving average filter method for signals
from ultrasound images by taking the value obtained from the
filter to create a new image called the Moving Average Hybrid
(MAH) method. The development was carried out through the
finite impulse response filter (FIR) and the Taylor polynomial
approximation. The results showed that the general format of
the MAH filter can be used to improve ultrasound images.

In 2012, Azami et al. [25] explained how to compare
the moving average and Zavitzky-Golay methods to help
filter frequency to make the signal height and frequency
smoother. The proposed method was compared with the
standard method for filtering high pass filter noise. In the
experiment, the proposed method was better than the standard
high pass filter method. Luo et al. [26] used the moving aver-
age method to improve an ultraviolet (UV) communication
system by creating a noise model to study the effect on the
developed communication signal. The results showed that the
moving average method helps the system endure noise better
and perform noticeably better.

In 2015, Al-Odienat and Al-Mbaideen [27] intro-
duced the moving average method to help filter low and

41497



IEEE Access

A. Palananda, W. Kimpan: Turbidity of Coconut Oil Determination Using the MAMoH Method

high frequencies by offering signal processing. In 2017,
Isufi et al. [28] proposed the autoregressive moving aver-
age (ARMA) method to increase the efficiency of the moving
average in filtering analog signals and reducing the error term
until the signal is reliable. This method has been used to
forecast the current signal value, which means it is related
to the signal value obtained in the past.

A year later, Kolkova [29] adopted a moving average cal-
culation method by forecasting the exponential smoothing
graph to help reduce the severity of the swing of the signal
and make the graph smoother. It is used as a technical analysis
indicator to predict prices in food industries.

In the same year, Raudys and Pabarskaité [30] presented
a moving average method used to prevent financial signal
swing. The determination of the moving average that is
appropriate for the financial signal increases the efficiency in
the analysis of the stock market. Gonzalez and Catania [31]
adopted a moving average calculation method used with
inexpensive sensors and compared the data values obtained
from expensive sensors. The experimental results indicated
that adjusting the moving average used with the inexpensive
sensors had similar answer values as the expensive sensors.

Iil. PROPOSED METHODS

The process of the proposed methods begins with opening the
oil pipe through the process of squeezing oil from coconuts.
When the coconut oil flows through the pipeline to the oil
turbidity detection position, the oil transparency is checked.
The oil transparency checking process consists of 3 items:
lighting shield box, transparency tube, and lighting inside.
The lighting shield box protects the light from outside. The
transparency tube is made from glass and stainless-steel pipe,
which are used in the food industry. It has a hole to allow light
to pass through. The lighting shield box is drilled on all 4 sides
and closed with glass and silicon. An overview of the process
is shown in Fig. 6.

> Lamp Control

Computer

Ultraviolet Lamp

Light Shield Box

N0 MOl |10

FIGURE 6. Framework of turbidity detection.
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Fig. 6 describes the operation of the system as follows.
Coconut oil is taken in a position to detect oil turbidity by
a USB digital microscope at 50-100x magnification. The
images are taken by light passing through the coconut oil
at the front of the microscope lens. A black-light at wave-
length 410 nm. (nanometer) is used. The algorithms run using
Microsoft Visual Studio C # with Library Emgu CV and
AForge.net.

A. EXPERIMENTAL DATA

At the beginning stage of data analysis, a total of 1,409
coconut oil images from three different production periods
were collected and recorded in a bitmap color image (bmp)
with an image size of 1,280 x 1,024 pixels to be used as
reference images. This dataset is called the coconut oil deter-
mine turbidity (CCODT). It was composed of coconut oil
images that were taken when light was emitted by an oil
imaging device through the camera. The coconut oil images
obtained at various turbidity levels from the highest to the
lowest level are shown in Fig. 7(a) to Fig. 7(b), respec-
tively. Other images of the CCODT dataset are displayed
in Fig 7(c).

(a) Coconut oil image at the highest turbidity level.

(b) Coconut oil image at the lowest turbidity level.
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(c) Example of the CCODT image dataset.
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FIGURE 7. Example images of coconut oil used in the experiment.
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B. EXPERIMENTAL METHODS

The images obtained from the initial reference data were
used as samples of the experimental images for compari-
son in the proposed methods to determine the brightness of
the sample coconut oil, which was sequenced on a linear
scale to find the maximum and minimum values of light
that passed through the oil to the front of the camera lens.
We performed the experiments to compare the following
4 methods: 1) Median of Gray Scale method (MoGS),
2) Median of Hue method (MoH), 3) Random Position
Median of Hue method (RPMoH), and 4) Moving Aver-
age Median of Hue method (MAMoH). The details of each
method can be defined as follows:

1) METHOD 1: MEDIAN OF GRAY SCALE METHOD (MoGS)
This method is available for converting RGB to grayscale
images. All pixels of the grayscale image are taken to find
the average value of the center of the image. After that,
the average value of the grayscale image is recorded. The
pseudocode of the MoGS method is shown in Algorithm 1.

Algorithm 1 : MoGS Method

Input: Im = coconut oil image
// image with values from R = 0 to 255
G = 0to 255 and B = 0 to 255 for each pixel
1 FORi=1to 1,409 images
2 image = Im (i)
// convert RGB image to grayscale
image numberofshades are between 0-255
3 FOR all the RGB image pixels
ConvertFactor = 255 / (Numberofshades - 1)
Avg_Value = (Red + Green + Blue) / 3
Im_Gray = Integer ((Avg_Value/ConvertFactor)
+ 0.5) * ConvertFactor
END FOR
// generate (Im_Gray) Matrix of grayscale image
from the value obtained
4 M_Gray <— Median (Im_Gray)
/I find the median for value in Im_Gray
5 store [i] = M_Gray // save to array
6 END FOR

The average record of all grayscale images is used to find
boundary values of the data, which can be obtained from the
minimum and maximum values of the data to be distributed
to find the data separation layer from the CCODT dataset.
The boundary values derived from the MoGS method were
0.8260 and 0.5263 for the maximum and minimum values,
respectively. The boundary values in the MoGS method are
shown in Table 1.

2) METHOD 2: MEDIAN OF HUE METHOD (MoH)
The MoH method is a method for applying hue color in

the HSV domain to find the median value of an image.
Abdullah [8] discovered that hue in the HSV domain color is
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TABLE 1. The comparison of data boundary values with the maximum
and minimum values from the reference image in each method.

Val MoGS MoH RPMoH MAMoH
alue method method method method
Minimum 0.5263 0.8045 0.8031 0.8047
Maximum 0.8260 0.8337 0.8352 0.8336

better resistant to noise than an RGB color domain. The MoH
method has the following steps. First, the CCODT dataset is
processed by blurring the image using the Gaussian method at
70% to reduce noise in the image. Second, the color domain
is changed from RGB to HSV, and the HSV image obtained
from the image conversion RGB to HSV is taken. After that,
only the hue layer in the HSV domain is selected. Then, in the
third step, the value obtained from all pixels of the hue image
is taken to find the median value and is recorded. The MoH
method can be explained as shown in Algorithm 2.

Algorithm 2 : MoH Method
Input: Im = coconut oil image
/I image with values from R = 0 to 255
G =0to 255 and B = 0 to 255 for each pixel
1 FORi=1to 1,409 images

2 image = Im (i)
3 Blur_Im <— Gaussian (image,70)
// blur image for reduce noise at 70%
4 Im_HSV = HSV <~ RGB(Blur_Im(i))
/I convert domain color RGB to HSV
5 H Im = Select H from Im_HSV

/1 split H color from Im_HSV
M_H_Im <- Median(H_Im)
// find the median for value in H_Im

7 store [i] = M_H_Im
// save value to array
8 ENDFOR

After that, all images in the dataset are processed by the
MoH method to record all values. The boundary values of
the data that can be found are the minimum value of 0.8045
and the maximum value of 0.8337. The results of the data
according to the MoH method are shown in Table 1.

3) METHOD 3: RANDOM POSITION MEDIAN OF HUE
METHOD (RPMoH)

The RPMoH method considers sampling some positions in
the image. This method is improved from considering the
entire images to some random positions, resulting in less
processing time. The RPMoH method has the following pro-
cedures. In the first step, the CCODT dataset is processed
by blurring the image using Gaussian. This value is used
to reduce noise in the image in the same way as in themes
method. In the second step, the image is converted from an
RGB to an HSV image, and the hue layer of the HSV domain
is taken to determine 10 random positions of pixels in the
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image. Next, the hue values from pixels are taken to find the
median value that is derived from 10 random positions. The
RPMoH method is explained in Algorithm 3.

Algorithm 3 : RPMoH Method
Input: Im = coconut oil image
// image with values from R = 0 to 255
G = 0to 255 and B = 0 to 255 for each pixel
1 FORi=1to 1,409 images
image = Im (i)
Blur_Im <-— Gaussian (image,70)
// blur image RGB with value 70 % of image
4 Im_HSV = HSV <- RGB(Blur_Im(i))
// convert Blur_Im from domain color
RGB to HSV
5 H_Im = Select H from Im_HSV
/1 split H color from Im_HSV
// random position (x,y) for select pixel
in image
[XIm,YIm] = size Of H_Im // find size Image
FOR 10 Positions
X[i] = Random [0-XIm]
Y[i] = Random [0-YIm]
0 STORE RH_Im[i] <—Read Data H in Position
X[, Y[i]

W N

— O 00 J &

11 END FOR
12 M_RH_Im <— Median(RH_Im)
// find the median for value in RH_Im

13 store [i] <— M_RH_Im // save value to array
14 END FOR

After that, all images in the CCODT dataset are processed
by the RPMoH method to record all values. The boundary
values of the data that can be found are the minimum value
of 0.801 and the maximum value of 0.832. The results of the
data according to the RPMoH method are shown in Table 1.

4) METHOD 4: MOVING AVERAGE MEDIAN OF HUE
METHOD (MAMoH)

The MAMoH method is an improved method based on the
RPMoH method to determine the median value of the hue
layer. The MAMOoH method has a process for calculating the
median value from the hue layer in the HSV domain color.
Then, the moving average method is used by taking the aver-
age value obtained from the median value of the hue layer,
which is the average of the calculation of the previous median
hue value with the current value. In the moving average
method, the window size of the data must be determined for
consideration. In the experiment of different sizes of moving
windows, sizes of 3, 7, 9, 11, and 21 were specified. The
comparison results showed the moving window size at 7 data
ranges that are suitable for the underlying reference of this
dataset. If the specified size of the moving window was more
than 9 data ranges, the results obtained from the moving
window method were lower than the reality of the data. The
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FIGURE 8. Comparison results using different window sizes.

comparison of the results of using different window sizes is
shown in Fig. 8.

When the values obtained by the moving window are used
with a total of different sizes, it was found that the optimum
size is at 7-value of data ranges of the moving window. After
the data were passed through the moving average method,
the result was still within the range of the original data.
This experiment found that the new graph is smoother than
the original graph when using the MAMoH method. The
MAMOoH method can be explained in Algorithm 4.

Algorithm 4 : MAMoH Method
Input: Im = coconut oil image
/l image with values from R = 0 to 255
G =0 to 255 and B = 0 to 255 for each pixel
FOR i =1 to 1,409 images
2 image = Im (i)

—

3 Blur_Im <-— Gaussian (image,70)
// blur image for reduce noise at 70%
4 Im_HSV = HSV <—- RGB(Blur_Im(i))
/[ convert domain color RGB to HSV
5 H_Im = Select H from Im_HSV
/I split H color from Im_HSV
6 HIM <- Median (H_Im)
// find the median for value in H_Im
7 store[i] = (HIM(i-1) + HIM(i-2)+ HIM(i-3)
+ - -+ HIM(i-n))/n
/l moving average value
8 END FOR

The experiment was carried out with simulated data
from different coconut oil turbidity levels with a total
of 1,409 images. The image data from the CCODT dataset
were tested by four methods. The results are shown in Table 1.

IV. EXPERIMENTAL RESULTS

The experiments were classified into 2 experiments. The first
was an experiment focused on performance measurements
of the 4 proposed algorithms to consider the most appropri-
ate method in solving this problem. The second experiment
focuses on applying the best method derived from the first
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experiment to measure the turbidity of coconut oil in actual
usage.

A. PERFORMANCE COMPARISON OF THE 4 PROPOSED
METHODS

The CCODT dataset is used to compare all 4 proposed
methods; the MoGS method examines the grayscale domain,
and the MoH, RPMoH, and MAMoH methods examine the
intensity of color from the HSV domain. The comparison
results of all 4 methods are shown in Fig. 9, and the data
range is classified into 5 turbidity levels from all 4 proposed
methods, as shown in Table 2.

Value of Gray Seale
°

0.5000 — =

(a) The grayscale images domain.

0.8370

0.8320

0.8270

0.8220

Vaue of H

0.8170

0.8120

0.8070

(b) Intensity of color from the HSV domain.

FIGURE 9. Sample of images using Gaussian filtering method.

Table 2 describes the division of the data range in each
image of the CCODT dataset derived from the 4 proposed
methods for determining coconut oil turbidity. The results
show the minimum and maximum values of each method and
5 turbidity levels: level 1 is worse, level 2 is bad, level 3 is
fair, level 4 is good, and level 5 is excellent.

Fig. 9(a) shows the results derived from the MoGS method.
The graph is a result of grayscale images from the CCODT
dataset. Considering this graph, it can be indicated that the
graph fluctuated and the line was not smooth. Therefore,
this graph cannot be used further. The experiments of the
MoGS method found that the minimum and maximum values
of grayscale images in the CCODT dataset are 0.5263 and
0.8260, respectively.
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Fig. 9(b) shows the comparison of data from the color
intensity in the H domain using the MoH, RPMoH,
and MAMoH methods in the same HSV color domain.
According to the CCODT dataset, when using the MoH
method, the result is displayed as a yellow line graph,
as shown in Fig. 9(b). The experimental results of the
MoH method based on the CCODT dataset show that the
minimum and maximum values are 0.8045 and 0.8337,
respectively.

According to the CCODT dataset, when using the RPMoH
method, the result is displayed as a blue line graph, as shown
in Fig. 9(b). The blue line graph is not continuous. The exper-
imental results of the RPMoH method based on the CCODT
dataset show that the minimum and maximum values are
0.8031 and 0.8352, respectively. Similar to the RPMoH
method, the last method is the MAMoH method, which is an
improvement over the MoH method. The MAMoH method
used the moving average from the center of the intensity of
the image. The resultis displayed in a red line graph, as shown
in Fig. 9(b). It can be seen that this graph is continuous.
The experimental results of the MAMoH method based on
the CCODT dataset show that the minimum and maximum
values are 0.8047 and 0.8336, respectively.

Fig. 10(a) shows that the results from the CCODT dataset
were processed using the MoGS method. Each image was
compared with the data division according to the turbidity
level of coconut oil in Table 2. The comparison results show
that the MoGS method is unable to classify the correct tur-
bidity level value of coconut oil.

Fig. 10(b) shows the results from the CCODT dataset
processed using the MoH method. Each image was compared
with the data division according to the coconut oil turbidity
level in Table 2. The comparison results show that the MoH
method can classify only some parts of the data range. After
5 iterations, it was found that around 166 — 169 coconut oil
images were not clearly classified in each iteration. There-
fore, the MoH method has 88.04 percent accuracy.

Fig. 10(c) shows that the results from the CCODT dataset
were processed using the RPMoH method. The RPMoH
method is an improvement of the MoH method in terms of
improving image processing time. The comparison results
of the coconut oil turbidity level values are shown in
Table 2. The results from the CCODT dataset show that using
the RPMoH method, the coconut oil turbidity level value
achieved lower accuracy than the MoH method even though
it performed well in less processing time. After 5 iterations,
it was found that around 199 — 202 coconut oil images were
not clearly classified in each iteration. Therefore, the RPMoH
method has 85.91 percent accuracy.

Fig. 10(d) shows the results from the CCODT image
dataset that were processed using the MAMoH method. The
MAMOoH method is an improvement of the MoH method
as well as the RPMoH method, but it performs better. After
5 iterations, it was found that only 1 or 2 coconut oil images
were not clearly classified in each iteration. The MAMoH
method has 99 percent accuracy.
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TABLE 2. The turbidity level of coconut oil.

Value MoGS method MoH method RPMoH method MAMOoH method
MIN MAX MIN MAX MIN MAX MIN MAX
5 excellent () 7661 0.8260 0.8279 0.8337 0.8287 0.8352 0.8278 0.8336
4 Good  0.7061 0.7661 0.8220 0.8279 0.8223 0.8287 0.8220 0.8278
3 fair 0.6462 0.7061 0.8162 0.8220 0.8159 0.8223 0.8162 0.8220
) ———communicable () 5862 0.6462 0.8104 0.8162 0.8095 0.8159 0.8105 0.8162
1 Bad 0.5263 0.5862 0.8045 0.8104 0.8031 0.8095 0.8047 0.8105

1o Level of Turbidigy
w by

w

%

(a) Turbidity classification using the MoGS method.

Level of Turbidity
w

Image

(c) Turbidity classification using the RPMoH method.

FIGURE 10. Turbidity classification using the four proposed methods.

It can be concluded in the experiments that the MAMoH
method has the best accuracy value of the turbidity levels
when compared to all 4 methods. Therefore, the MAMoH
method was chosen for the first experiment to be used in
the second experiment.

B. THE ACTUAL USE OF THE MAMoH METHOD IN OIL
FILTERING PRODUCTION

In the second experiment, a light transmission device and
oil pipeline from the coconut oil centrifuge machine were
installed. After that, the impurities in the oil were filtered to
0.25 microns to obtain pure oil without contamination before
packing. The equipment installation is shown in Fig. 11. Prior
to each experiment, samples of coconut oil were collected for
comparison in each production cycle, as shown in Fig. 12.
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(b) Turbidity classification using the MoH method.
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(d) Turbidity classification using the MAMoH method.

In the experiments, we analyzed coconut oil that was pro-
cessed by centrifugation to extract coconut oil for production
cycles. Each production cycle was from different dates and
times. The first round of trial usage was on January 21, 2019,
the second round was on January 25, 2019, and the third round
was on February 27, 2019. The coconut oil samples for each
day are shown in Table 3.

According to the comparison results obtained from the
simulated data for testing in the 4 proposed methods,
the MAMoH method outperformed the others, with the best
results for the turbidity levels in the separation of coconut
oil. Therefore, in this experiment, the MAMoH with coconut
oil flowed through the oil pipeline to the tank to wait for
packing into containers. The program was developed for
use in the turbidity determination of coconut oil, which can
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TABLE 3. Coconut oil production information for each production round.

Descriptions

Round Oil sample
Round 1 E,_
= S
21 January 2019 L]
Round 2 =
25 January 2019
Y

Round 3

27 February 2019

Coconut oil obtained from this production cycle has a clear color like
normal water because in the process of producing coconut oil, there are
only a few parts of the coconut shell combined with the coconut oil.
Therefore, when using coconut oil that passed through the finest

filtering at 1.5 microns, coconut oil is clear like water.

Coconut oil obtained from this production cycle has a yellow color due
to changing the production process. Large machinery was used to help
crack the coconut shells resulting in more scraps of coconut shells
found in the production process. However, the amount of coconut oil
production also increased. After that, the coconut oil is passed through
the hot air dehydration process and compressed until the coconut oil is

obtained.

Coconut oil obtained from this production cycle is more yellow than
the second cycle. It is caused by the process of heating to expel the
moisture of the coconut. In this production cycle, it took longer than in
the second cycle, causing the color of the coconut oil to be more yellow
than the color of the second cycle.

= hiS ]
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FIGURE 11. Sample of coconut oil obtained after each centrifuge process.

be measured in numerical values. The program interface is
shown in Fig. 13.

The operation of the program begins by sending a com-
mand to the camera to take photos every seconds. Then,
the images are processed according to the MAMoH method.
The time required for each experiment was 14 minutes, which
caused the coconut oil to flow through the pipes into the tank
until all coconut oil was loaded into the product packages.
The image processing data according to the MAMoH method,
when used to test the coconut oil turbidity in all 3 production
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FIGURE 12. Location of the device installation which coconut oil passing
through before entering the tank.

cycles, obtained the results shown in Table 4. According
to Table 4, it can be found from the coconut oil turbidity
measurement test for production cycles that the measured
values in all production cycles had turbidity levels at level or
excellent compared to the results in Table 2. In the first round,
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FIGURE 13. The turbidity of coconut oil interface.

TABLE 4. Turbidity measurement values of coconut oil from actual use by
the MAMoH method.

Round Minimum value Maximum value
1 0.8320 0.8321
2 0.8311 0.8315
3 0.8300 0.8302

0.8326

0.8321 M
0.8316

0.5301 W\/\W/\//\/W

Round 2 ~———Round 3

Value of H

eegrecIseReeNYsnSy
SRUVECICRRERRLSSaS &

100

Image

FIGURE 14. Comparison of the measurement results of coconut oil in 3
rounds.

the coconut oil turbidity was between 0.8320 and 0.8321,
which is as clear as that of normal water. In the production
process, contaminants such as the inner shell of the coconut
shell or fiber from the coconut shell mixed with the coconut
were present in small amounts; therefore, the coconut oil had
less turbidity. In the second round, the coconut oil turbidity
was between 0.8311 and 0.8315. The results showed that the
turbidity was lower than that in the first round. The cause was
the change in machinery to increase production capacity in
the factory resulting in the cracking process. There were more
contaminants than were found in the first round. Moreover,
the moisture repellency of coconut also increased. When
considering the color of coconut oil with the naked eye, it can
be found that the coconut oil started to have a light-yellow
color.

In the third round, the coconut oil turbidity was between
0.8300 and 0.8302. In this production cycle, the oil is more
yellow than in the second cycle due to the moisture content
of the coconut or drying process. Excessive heat with the
coconut causes the coconut to turn yellow. The production
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process of squeezing the oil from the coconut makes the
coconut oil more yellow than the oil in the second round. The
comparison of the turbidity values of each production cycle
is shown in Fig. 14.

According to Fig. 14, the result of the determination of
the coconut oil turbidity using the MAMoH method in all
3 experiments showed that the coconut oil has different colors
but still has the same turbidity level. The results of the coconut
oil turbidity measurement are shown in Table 2. Each round
of coconut oil was tested under the quality inspection depart-
ment of the coconut oil factory; it was found that the coconut
oil passed the quality criteria set by the factory.

V. CONCLUSION

Among the many methods used to determine coconut oil
turbidity, the proposed methods can help in the production
process of coconut oil industries. It can be used for the trans-
parency level of coconut oil measurement in each production
cycle, which increases the efficiency of the manufacturing
process. In the proposed method, the MAMoH algorithm
achieved the best experimental result in classifying the degree
of coconut oil turbidity at 99%. An error of 1% was found
due to the effect of incomplete data processing when the
moving window method was used in the MAMoH algo-
rithm. According to the factory’s production experimental
results, the MAMoH algorithm could clearly classify the
transparency level of coconut oil when compared with other
methods from the 3 cycles of the experiments. This algorithm
was stable to the variation in the imported data when the new
coconut oil production process was modified. The MAMoH
algorithm could still classify the correct degree of coconut
oil turbidity. The precaution in working with oil photography
equipment requires a control circuit and a good quality built-
in cooling lamp. If the temperature of the control circuit and
the lamp used are too high, it may cause the light of the lamp
to flicker. All of the proposed methods rely on the constant
light of a bulb that is emitted through the oil. Therefore,
inspection and maintenance of oil imaging equipment are
essential in determining coconut oil turbidity. In addition, this
research can be further developed to investigate contaminants
such as dust or coir particles in coconut oil.
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Abstract: In the production of coconut oil for consumption, cleanliness and safety are the first
priorities for meeting the standard in Thailand. The presence of color, sediment, or impurities is
an important element that affects consumers’ or buyers” decision to buy coconut oil. Coconut oil
contains impurities that are revealed during the process of compressing the coconut pulp to extract
the oil. Therefore, the oil must be filtered by centrifugation and passed through a fine filter. When
the oil filtration process is finished, staff inspect the turbidity of coconut oil by examining the color
with the naked eye and should detect only the color of the coconut oil. However, this method
cannot detect small impurities, suspended particles that take time to settle and become sediment.
Studies have shown that the turbidity of coconut o0il can be measured by passing light through the
oil and applying image processing techniques. This method makes it possible to detect impurities
using a microscopic camera that photographs the coconut oil. This study proposes a method for
detecting impurities that cause the turbidity in coconut oil using a deep learning approach called
a convolutional neural network (CNN) to solve the problem of impurity identification and image
analysis. In the experiments, this paper used two coconut oil impurity datasets, PiCO_V1 and
PiCO_V2, containing 1000 and 6861 images, respectively. A total of 10 CNN architectures were tested
on these two datasets to determine the accuracy of the best architecture. The experimental results
indicated that the MobileNetV2 architecture had the best performance, with the highest training
accuracy rate, 94.05%, and testing accuracy rate, 80.20%.

Keywords: coconut oil; deep learning; convolutional neural networks; image recognition; object
detection

1. Introduction

Coconut oil is a fatty acid-rich oil that is healthful for human consumption. The
key to production is maintaining the benefits of the coconut oil. The production process
that maintains the highest value of coconut oil is cold pressed, which produces virgin
coconut oil. The process starts with the dehumidification of coconut meat at approximately
65-70 degrees Celsius; the meat is then compressed to extract the oil. To remove impurities,
a centrifuge is used to circulate the oil through a particle filter. These impurities contribute
to the turbidity of the coconut oil. Examples of such impurities are coconut scraps, coconut
shell scraps, coconut coir, and dust particles that are retained after the oil compression
process. Impurities that remain after the impurity filtering process will become suspended
sediment that will sink to the bottom of the container until it can be seen with the naked eye.
Large amounts of sediment in the coconut oil can cause turbidity. Turbidity can be checked
in coconut oil in the same way as in water. Karnawat and Patil [1] photographed water and
applied image processing. Many researchers have also applied image processing methods
to help analyze other problems, such as digital image analysis of coarse dust particles or
aerosols transmitted by laser light [2], seafloor plankton analysis using image processing
and machine learning [3], automatic screening classification of diabetic retinopathy from

Appl. Sci. 2022, 12, 656. https:/ /doi.org/10.3390/app12020656

https://www.mdpi.com/journal/applsci


https://doi.org/10.3390/app12020656
https://doi.org/10.3390/app12020656
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-8800-8004
https://orcid.org/0000-0002-0325-9312
https://doi.org/10.3390/app12020656
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app12020656?type=check_update&version=2

Appl. Sci. 2022, 12, 656

20f16

fuzzy image processing combined with machine learning [4], photographic analysis of
airborne PM2.5 (particulate matter) and PM1.0 adhering to a microscopic glass surface [5],
and three-step real-time vehicle tracking method on the road using the Adaboost algorithm
together with the image segmentation method [6]. Consequently, this paper uses deep
learning methods to identify adulterating objects in coconut oil is proposed. As coconut
oil flowed through the pipeline to the storage tank, a microscope was used to photograph
the oil in a closed environment. The front lens of the microscope inside receives light
from a black-light lamp that shines through the coconut oil. The black light does not
reflect light onto objects, making the objects distinct. On the basis of the steps mentioned
above, microscopic photographs of the coconut oil were recorded at different times of the
production process, resulting in 4725 photographs of the coconut oil.

The next step involved the process of finding and identifying impurities in the co-
conut oil images. A learning model with the standard neural network architecture was
built when the image of the adulterating object in the coconut oil was taken. In this pa-
per, the performances of a standard convolutional neural network (CNN), MobileNetV2,
VGGNet16, VGGNet19, GoogLeNet (Inception V3, Xception, and InceptionResNetV2),
ResNet50, ResNet101, and DenseNet121 were compared in terms of image processing
speed and accuracy. The best-performing model was then used to detect impurities in the
coconut oil.

The rest of this paper is structured as follows: Section 2 discusses the literature review.
Then, the research methodology is shown in Section 3. Finally, Section 4 presents the
research conclusions and future work.

2. Literature Review
2.1. Deep Learning

Deep learning is a subset of machine learning (ML) within artificial intelligence (AI).
Based on artificial neural networks (ANNs), deep learning simulates the process of infor-
mation processing in the human brain. An ANN consists of interconnected cells as the
nervous system used for data processing. Deep learning was first presented through the
implementation of ML by Rina Dechter [7,8]. It is a method that does not use data manipu-
lation to work through predefined equations; rather, it uses basic data-related parameter
settings and teaches computers to experience self-learning by processing to identify the
strengths and differences in the data. Deep learning is filtered by layers according to the
nature of the neural networks to process the output answers and to examine whether the
output is right or wrong. If the examined results of the output data do not match reality,
the learning settings will be adjusted and the data reprocessed to increase the accuracy of
the output by increasing the number of samples or adding layer depth to consider more
details. Therefore, deep learning can consider differences in the data and provide output
answers without a need for human suggestions. Therefore, the order of the number of
layers is the depth in deep learning.

2.2. Convolutional Neural Networks

The CNN method was introduced by Fukushima which is a neural network with a con-
volutional layer added. It performs as a filter, defining the attributes of an input image and
collecting various features from each image for classification. In 2019, Fukushima [9] devel-
oped neocognitron. Unlike standard CNN, neocognitron was used to develop recognition
of partly occluded patterns via the mechanism of selective attention. The backpropagation
neural network was first stated by Rumelhart to help optimize prediction of data classifi-
cation by internal restructuring using hidden layers. LeCun [10] tested backpropagation
with a CNN on the Modified National Institute of Standards and Technology (MNIST)
dataset, a handwritten numeric dataset. Then in 2019, they proposed deep learning hard-
ware: past, present, and future which described the evolution of neural networks and deep
learning affected by hardware and software improvements. In 2020, Li et al. [11] proposed
improvements of backpropagation to be used for deep transfer learning. They used a
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pretrained model to transfer knowledge which learned from larger datasets to the target
task. In 2007, Ranzato et al. [12] first presented the use of backpropagation in collaboration
with max-pooling CNNs (MPCNNSs). Then, in 2018, Brinker et al. [13] proposed a CNN
approach to skin cancer screenings. In 2020, Patil and Bellary [14] presented a method for
identifying the growth of melanoma cancer cells using a CNN approach.

Newby et al. [15] proposed ANN approach in particle automatic tracking to analyze
particle localization and track particle motion from 2D and 3D collected video images
obtained through a microscope.

Khairi et al. [16] proposed a method for determining the turbidity level of water
samples from the application of X-ray imaging systems. An ANN was then used to help
determine the turbidity level. This proposed method was able to predict the change in
turbidity level. It helped classify water quality levels and benefited industries that require
high water quality.

Rong et al. [17] proposed two different convolutional neural networks using deep
learning for automatically segmenting images and detecting different sizes of foreign
objects that occur both naturally and man-made, such as dry leaves, scrap of papers, plastic
scraps, and metal parts. This proposed structure was applied to walnut images. The
experimental results had an accuracy of 99.5% in object segmentation and it was able to
correctly classify 95% of the foreign objects and found that the segmentation and detection
processing time of each image was less than 50 ms. Ferreira et al. [18] proposed a method
for weed detection from aerial photographs of soybean fields with drones. CNN was used
for weed classification in four classes: soil, soybean, broadleaf, and grass weeds. They
used the CaffeNet framework based on the AlexNet architecture model. The experimental
results showed that CNN had an accuracy of 99% which was better than SVM, AdaBoost,
and random forest.

The core structure of a CNN consists of the three following principles: first is the input,
which is used to receive information or object images as well as human vision. Second is
the hidden layer, which is used to process the input data as well as the human brain and
can learn to classify things. Last is the output, which shows the results obtained from the
processing of the second part. The standard structure of a CNN is shown in Figure 1.

Output
air

fiber

particle

Pooling Pooling
Convolutional +Rel.U Convolutional +ReLU 7
I:l tissue
Flatten  Fully Softmax
Connected
Feature learning Classification

Figure 1. CNN architecture.

Figure 1 describes the general structure of a CNN, which consists of the following parts:

1. Inputlayer: reads the image input data prior to passing it to the neural network.

2. Convolutional layer: filters the image features from the analysis of each pixel of the
image that has been read. The result is a convolutional feature map.

3. = Rectified linear unit (ReLU): performs a nonlinear activation function.
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4. Pooling layer: provides a subsample rectified feature map to reduce linear dimensions
and create a feature representation.

5. Softmax layer: configures the output to display it in the form of a multiclass logistic classifier.

6. Output layer: displays the results of the classification.

The CNN concept was further developed. One method called AlexNet [19], which has
eight convolutional layers, competed in the ImageNet Large-Scale Visual Recognition Chal-
lenge in 2010 (ILSVRC2010). After that achievement, researchers used the CNN concept to
develop various models. For example, in 2014, Simonyan and Zisserman [20,21] presented
the VGGNet approach. From 2014 to 2016, the Google team proposed the GoogLeNet, or
inception method. Then, in 2017, Howard et al. [22] presented the MobileNet approach,
which is a small model that can work quickly and uses fewer processing resources. This
has made the MobileNet architecture popular for mobile devices, and we will focus on it in
this paper.

2.3. MobileNet

MobileNet is a CNN approach introduced by Howard et al. [22]. It aims to reduce the
size of the standard CNN model for use in mobile devices. It can also maintain a perfor-
mance level close to that of a large-scale deep learning neural network. MobileNet takes an
input image with dimensions of 224 x 224 x 3 and passes it through the convolution layers.
It demonstrates the ability of small artificial neural networks to recognize objects quickly
without the use of a GPU. The structure of MobileNet is shown in Figure 2. In 2020, Pan
et al. [23] proposed a MobileNet approach combined with a transfer learning algorithm
(TL-MobileNet) for image analysis and recognition. This solved the problem of the new
image classification accuracy. DropBlock and global average were added to the original
MobileNet layer. The results showed that the model had 97.69% prediction accuracy on the
MNIST dataset. Kerf et al. [24] presented detection of oil spills in water using MobileNet
architecture which helped decision-making process and provide solutions of oil spills on
the surface of water. Drone was used to explore and photograph with an infrared camera
which can be used at night. Both RGB and IR (Infrared) images were processed. In the
initial process, RGB images encountered with the process of extract water region press,
quantify oil in water, and create mask and image resize, while IR images undergo only
resize. RGB and IR images were then synchronized and calibrated. The resulting IR images
and RGB masks were then used for data augmentation process to train the CNN model.
For the testing method, began with the IR images were resized and then the images were
taken in a pre-learning CNN on interface device process to detect oil spills on the water
surface. As a result, when an oil leak was found, a GPS alerted the oil leak position to the
monitoring system.

F15

Input Image r
) g Cl DW2 PW2 Layer 1024

: : PW3 PWI3 W
224x224x3 32x112x112 32x112x112 64x112x112 debs /
: 128 X 56 X 56 1024x7x7 1024x7x7

C luti Depthwise Pointwise Depthwise
onvolution
Convolution Convolution Separable
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Figure 2. MobileNet architecture.
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In 2021, Igbal et al. [25] presented blockage classification of culverts by remotely
applying deep learning models. They used three datasets: images of culvert openings
and blockage (ICOB), visual hydrology-lab dataset (VHD), and synthetic images of cul-
verts (SIC), to predict the blockage in the image. The performances of CNN algorithms
(DarkNet53, DenseNet121, InceptionResNetV2, InceptionV3, MobileNet, ResNet50, VGG16,
EfficientNetB3, NASNet) were compared in terms of image processing response times and
accuracy. The results showed that the MobileNet is effective in classification performance
and response times.

2.4. VGGNet

VGGNet was developed by the visual geometry group (VGG) at the University of
Oxford. In 2014, Simonyan and Zisserman [20,21] proposed a VGG network architecture.
This model implemented a 3 x 3 convolutional layer that added a step above the standard
CNN model (max-pooling, fully connected, and softmax layers). The experimental results
of VGG11, VGG11 (local response normalization (LRN)), VGG13, VGG16 (Conv 1), VGG16,
and VGG19 showed that VGG16 and VGG19 had the lowest error values. The numbers 16
and 19 refer to the number of layers. The error value of VGG19 with 19 layers is higher
than that of VGG16 with 16 layers, which means that a higher number of layers cannot
reduce the error values. In addition, the size of the VGG19 model is larger than that of the
VGG16 model. In 2019, Tammina [26] proposed a solution to a limited number of image
classifications by training the VGG16 model with the minimum number of samples. The
experiment showed the accuracy and loss after the CNN parameter was adjusted, with
the lowest accuracy being 79.20%. The number of images was then increased to train the
model, and the new accuracy value was 95.40%.

2.5. GoogLeNet

GoogLeNet has 22 stacked convolutional layers. It was developed by Google re-
searchers as a form of inception network. Beginning in 2015, Inception V1 was developed
by Szegedy et al. [27] to increase the ability to examine and classify individual objects.
This method includes different convolutional (1 x 1,3 x 3, and 5 x 5) and 3 x 3 max-
pooling node sizes, resulting in better performance than that of VGGNet in the Large-Scale
Visual Recognition Challenge 2014 (ILSVRC14). After this achievement in the competi-
tion, GoogLeNet improved its training performance with a batch normalization technique,
known as Inception V2, and later upgraded to Inception V3. It factored the convolutional
node into the inception module and made it smaller. Inception V4 improved Inception V3
by adding wider inception modules than those used in Inception V3. Performance tests
showed that Inception V4 had the lowest error rate and spent the most time training the
model compared to the previous 3 models.

2.6. ResNet

ResNet, or residual neural network, was first presented by He et al. [28]. In this
study, deep residual learning for image recognition was used to solve vanishing gradient
problems. The authors used residual block learning methods instead of learning certain
properties of the image. This approach removes the properties learned from the input
of that layer. If the number of layers reaches 152, a shortcut module design technique is
applied to the network to cross layers to reduce errors in training the deep layer CNN
model. In training ResNet models, the number of parameters is the layer used for naming,
such as ResNet50 or ResNet101. The structure of ResNet50 has dimensions (3,4,6,3), which
means (3 + 4 + 6 + 3) x 3 =48 layers + 2 layers, or 50 layers, as shown in Figure 3.
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Figure 3. ResNet50 architecture.

In 2020, Aparna et al. [29] proposed the detection of holes from thermal images using
convolutional neural networks and the comparison of each ResNet model. The results
obtained from the confusion matrix table showed that ResNet101 had an accuracy of 97.08%
with thermal images obtained from the FLIR ONE thermal camera.

2.7. DenseNet

DenseNet, or dense convolutional network, was proposed in 2019 by Huang et al. [30]
as an innovation codeveloped by Cornwell University and Tsinghua University. In DenseNet,
each layer receives input from all previous layers and passes the attributes of its own layer
to the following layer. This connection allows each layer to receive data from all previous
layers. The connection between the DenseNet data layers is shown in Figure 4.

In 2018, Tao et al. [31] proposed a solution to the problem of ambiguity in the classifica-
tion of sensitive data that enhanced the depth and width of the deep neural network (DNN)
through multiple filter sizes to create a wider neural network. Moreover, the proposed
process enables the network to work more smoothly.

Later, Too et al. [32] proposed a method to classify plant diseases into 38 different
groups based on images of diseased and unaffected plant leaves of 14 healthy species by
comparing VGG16, InceptionV4, ResNet50, ResNet101, ResNet152, and DenseNet121. The
results showed that the DenseNet architecture achieved an accuracy of 99.75%, which was
the highest accuracy of all the architectures that were tested.
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Figure 4. Connection in DenseNet.

3. Research Methodology

This section explains how to obtain impurities from coconut oil images flowing
through a microscope. This method was proposed in a previous study by Palananda
and Kimpan [33] that focused on determining coconut oil turbidity by image processing.
In this paper, we relied on the same method of obtaining images used in our previous
study. Coconut oil images were recorded at different time intervals, and ultimately, 4725
images were obtained. All the obtained coconut oil images underwent an image processing
technique to find impurities according to the process of finding objects in coconut oil, as
shown in Figure 5. The process started with converting the images from RGB (red, green,
blue) to BGR (blue, green, red). Then, the images were converted from BGR to grayscale.
This reduced 3 layers to 1 layer. Next, the images were converted from grayscale to black-
and-white or binary images, which involves converting the image pixel value from 0-255
levels to 0 or 1. Next, the image enhancement process was performed to reduce noise with
the closing method, which is one of the commonly used morphological methods. Then,
we quantified the total pixels, which meant gathering more than 30 pixels in an image
and creating a line around the group of pixels or objects using the Sobel method, which
searches for differences in the pixel intensity. This avoids the image noise left over from
the image enhancement process. Finally, we used the segmentation method to crop the
resulting object, meaning the adulterating object in the coconut oil image that we were
interested in.

Control o
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Figure 5. Object image acquisition in coconut oil.
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As shown in Figure 5, after the coconut oil images were taken through the process of
finding adulterants in coconut oil, a total of 14,784 images were captured, some of which
were apparently incomplete. These images were not filtered by experts. Individual object
images and indistinguishable or incomplete object images were filtered out, resulting in
7861 images of adulterating objects in the coconut oil.

After that, we classified the image of the impurity objects to new 10 categories as:
(1) FiberT1 represents the group of impurity objects derived from yarn fibers from bags
of grated coconut pulp in the process of compressing coconut oil, (2) FiberT2 represents
representing the group of impurity object derived from the fibers of the coconut pulp,
(3) FiberT3 represents the fiber images of coconut coir fibers, (4) FiberT4 represents the
fiber images of the inner shell of the coconut shell, (5) ParticleT1 represents the group of
impurity object derived from coconut coir, (6) ParticleT2 represents the group of impurity
object derived from coconut shell fragments, (7) ParticleT3 represents the group of impurity
object from the coconut pulp, (8) ParticleT4 represents the group of impurity object derived
from coconut shell dust, (9) Air, and (10) Tissue.

All images in these datasets are the images each type of objects in coconut oil with
different motions of objects and different perspectives of the coconut oil images according
to the actual conditions arising from each production cycle of coconut oil. As a result,
the images from these datasets are similar to the images which used the data augmen-
tation process, including horizontal flip, random shift, rotation, zoom, and brightness
of the images.

Next, the data were separated into two parts: the first part was used for the training
model, and the other part was used for the test model to determine the model performance
after the training model was completed.

3.1. Datasets

From the data of 7861 images of adulterating object particles obtained from the previ-
ous process, the image data of the impurities were divided into 10 classes: FiberT1, FiberT2,
FiberT3, FiberT4, ParticleT1, ParticleT2, ParticleT3, ParticleT4, Air, and Tissue, as shown in
Table 1. The classes of the impurity images in each group were separated into two parts,
which were used to create datasets to train the model and test its performance. Each dataset
is described as follows.

The first dataset, “Particles in Coconut Oil_V1 (PiCO_V1)”, was used for model
performance testing. The total of 1000 particle images was determined to consist of 135 air
images, 186 FiberT1 images, 72 FiberT2 images, 111 FiberT3 images, 76 FiberT4 images, 63
ParticleT1 images, 91 ParticleT2 images, 64 ParticleT3 images, 86 ParticleT4 images, and
116 Tissue images, as shown in Table 1.

The second dataset, “Particles in Coconut Oil_V2 (PiCO_V2)”, was used for the
training model. The total number of particle images was 6861, consisting of 1529 air images,
1107 FiberT1 images, 311 FiberT2 images, 398 FiberT3 images, 391 FiberT4 images, 516
ParticleT1 images, 661 ParticleT2 images, 483 ParticleT3 images, 898 ParticleT4 images, and
567 tissue images. Table 1 shows sample images of some particle objects.

The two datasets, PICO_V1 and PiCO_V2, contain grayscale images that are scaled
to meet the training model requirements. In the first step, we set the image resolution
to 224 x 224 pixels for use with the standard CNN, MobileNetV2, ResNet50, ResNet101,
DenseNet121, VGG16, and VGG19 architectures. In the second step, we set the image reso-
lution to 299 x 299 pixels for use with the Xception, InceptionV3, and InceptionResNetV2
architectures, which were later used in the experimental section.
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Table 1. 10 classes of particles in coconut oil.

Class

Example of Particle Image for Model Training

Air

.

FiberT1

FiberT2

FiberT3

FiberT4

ParticleT1

ParticleT2

ParticleT3

ParticleT4

Tissue

3

3
2

3.2. Experimental Settings and Results

The CNN modeling experiments were conducted on a laptop with a 2.60 GHz Intel
i7-9750H processor and 16 GB of main memory with a Jupyter Notebook and Python
3.7 kernel with TensorFlow, Keras, and OpenCV libraries. After the proposed model
was developed, it was tested with the PiICO_V1 and PiCO_V2 datasets. The results were
evaluated using a confusion matrix for the correctness measurement. The values in the
confusion matrix were used to determine the efficiency of the classification model, which
can be calculated from Equations (1)—(4).

TP+ TN

TP+ FP+TN+FN @)

Accuracy =
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TP

Precision = TP+ FP )
TP
Recall = ————
AT TPYEN ©)
Precision x Recall
Flgcore = 2 X 4)

Precision + Recall

where: TP is true positive, which means that the predicted data match the actual data in
the class under consideration; FP is false positive, which means that the predicted data are
do not match the actual data in the class under consideration; TN is true negative, which
means that the predicted data match the actual data in a class that is not considered; and
FN is false negative, which means mispredicted data in an unconsidered class.

Equation (1) is used to determine accuracy, meaning the number of times the prediction
data match the actual data and, combined with the prediction data, match the actual data
in a class that is not considered. When that number is divided by the total number of data,
the efficiency of accuracy prediction is obtained.

Precision value can be calculated from Equation (2), which means the number of times
the prediction data match the actual data. Then, it is divided by the number of times the
prediction data match the actual data plus the incorrect predictive data in the class under
consideration. The precision value can also be called a positive predictive value (PPV).

The recall value, which means the number of times the prediction data match the
actual data, can be calculated from Equation (3). Then, the number obtained is divided by
the number of times that the predicted data match the actual data plus the wrong predicted
data in the class that is not considered. Finally, the Flg.. value, meaning the value
obtained by combining precision and recall values, can be calculated from Equation (4). It
is the harmonic mean between the precision and recall values. These four values were used
to determine the performance of all models of the CNN architectures. The test results were
based on the PiCO_V1 dataset, which will be discussed in the next section.

For the training model, 10 standard CNNs were used. The preliminary testing of
the model’s accuracy began with the input of images from the PiCO_V2 dataset that
had a resolution size that met the requirements of each standard CNN architecture. The
process of training the model started by importing one image at a time until every image of
the PiCO_V2 dataset had been imported. The experiment started with the MobileNetV2
architecture, and the results were then compared with those of other CNNs.

3.2.1. Experiments with MobileNetV2

In the first part of our experiment, MobileNetV2 was performed to test the differences
between two hyperparameters: width multipliers and fixed resolution. The MobileNetV2
performance obtained from the PiCO_V2 dataset showed that the width multiplier values
affected the accuracy and size of the resulting models, as is clearly illustrated in Table 2.
There is a relation between the width and the size of the model. When the width multipliers
are reduced in value, the size of the model is also reduced. Because the size of the model is
smaller, the accuracy performance continuously decreases from 94.05% to only 71.54%.

Table 2. Performance of MobileNets on different width multipliers (fixed resolution = 224).

Width Multipliers Accuracy (%) Size Model (Mb)
1.00 94.05 12.52
0.75 88.72 8.38
0.50 71.54 5.60
0.25 74.25 3.88

A test was then conducted to differentiate one hyperparameter from another, in terms
of resolution, to see how the findings differed from those of the prior test. In this experiment,
the best results were obtained from the previous step with a resolution of 244 x 244 pixels,
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which was set to a width multiplier value of 1.0 as a constant throughout the testing process.
Moreover, different image resolution values were used. Initially, the test was performed
with the same image resolution size of 224 x 224 pixels. The image resolution was scaled
down three times in the PiCO_V2 dataset, to 192 x 192, 160 x 160, and 128 x 128, and
retrained to a new training model. The results of the image resolution scaling test are
shown in Table 3. Scaling the resolution had little effect on the accuracy performance. The
accuracy ranged from 94.05% to 91.22%, and changes in the resolution scaling had no effect
on the model size.

Table 3. Performance of MobileNets on different resolution multipliers (fixed width = 1.0).

Resolution Accuracy (%) Size Model (Mb)
224 x 224 94.05 12.52
192 x 192 93.40 12.52
160 x 160 92.56 12.52
128 x 128 91.22 12.52

The hyperparameters affecting the experiments on MobilenetV2 from Tables 2 and 3
were combined, and the results are presented in Table 4. The resolution of the image at
224 x 224 pixels and a width multiplier value of 1.0 were optimized for the MobileNetV2
network layer for the PiCO_V2 dataset.

Table 4. Accuracy of MobileNets on every combination of resolution and width multipliers.

Width Multipliers
Resolution
1.00 0.75 0.50 0.25
224 x 224 94.05 88.72 71.54 74.25
192 x 192 93.40 88.77 72.35 74.44
160 x 160 92.56 88.21 71.23 72.87
128 x 128 91.22 87.83 70.96 73.23

The performance of the MobileNetV2 model was then investigated using the 1000 images
PiCO_V1 dataset, the results of which were already known. First, the images were exported
into MobileNetV2 for testing. The confusion matrix values were used to describe the
model’s accuracy performance. The test results are shown in Table 5.

Table 5. Confusion matrix of the MobileNetV2 architecture.

Predicted Class (Accuracy)
Class Air FiberT1 FiberT2 FiberT3 FiberT4 ParticleT1 ParticleT2 ParticleT3 ParticleT4 Tissue

Air 0.81 0.02 0.02 0.00 0.03 0.00 0.07 0.01 0.04 0.00
FiberT1  0.02 0.83 0.05 0.01 0.01 0.03 0.03 0.00 0.02 0.00
- FiberT2  0.00 0.01 0.92 0.00 0.00 0.01 0.04 0.00 0.01 0.00
é‘ FiberT3  0.04 0.09 0.03 0.72 0.04 0.01 0.05 0.00 0.02 0.01
'T‘g FiberT4 0.01 0.12 0.05 0.04 0.62 0.04 0.08 0.00 0.04 0.00
2 ParticleT1 0.05 0.03 0.00 0.00 0.00 0.73 0.08 0.03 0.03 0.05
ParticleT2 0.03 0.03 0.02 0.00 0.00 0.00 0.87 0.04 0.00 0.00
ParticleT3 0.03 0.02 0.02 0.00 0.00 0.00 0.09 0.78 0.00 0.06
ParticleT4 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.98 0.00

Tissue 0.05 0.04 0.02 0.01 0.00 0.01 0.11 0.02 0.00 0.74
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According to the prediction results, MobileNetV2 had the highest number of errors
in the FiberT1 class, with 32 false predictions out of 186 images, followed by the tissue
class, with 30 prediction errors out of 116 images. The errors occur because the shape of the
object is similar to the image. The results in the confusion matrix were used to calculate
the efficiency of the accuracy of the image classification of the PiCO_V1 dataset using
Equations (1)-(4). The results indicated that the accuracy, precision, recall, and Flgcgre
were 80.20%, 71.61%, 81.15%, and 76.08%, respectively.

3.2.2. Comparison of the MobileNet and Other CNN Architectures

In this section of the experiments, we compared the results of MobileNet with those
of other CNN architectures based on the best width multiplier and resolution parameters
obtained from the previous experiment with the MobileNetV2 architecture. The resolution
was set to 224 x 224 pixels, and the width multiplier was 1.0. We tested two types
of imported data: (1) data without resizing the resolution, which was 224 x 224; the
standard CNN, VGG16, VGG19, ResNet50, ResNet101, and DenseNet121 were tested; and
(2) the data with a scalable resolution of 299 x 299 based on the input model specification;
Xception, InceptionV3, and InceptionResNetV2 were tested. We trained the entire model
on the PiCO_V2 dataset with 15 epochs. The results are shown in Table 6.

Table 6. Evaluation of the runtime performances of CNN networks on our dataset at epochs = 15.

No Model Input Accuracy (%) Training Time Test Time Size Model
Resolution Model (Hour) (Minute) (Mb)
1 MobileNetV2 224 x 224 x 3 94.05 513 18.20 12.52
2 Standard CNN 224 x 224 x 3 89.70 1.17 18.35 8.27
3 Xception 299 x 299 x'3 92.82 30.08 22.44 842.33
4 InceptionV3 299 x 299 x 3 93.23 15.38 20.22 96.88
5 ResNet50 224 x 224 X 3 91.65 16.04 19.27 689.54
6 ResNet101 224 x 224 x 3 90.21 25.42 19.37 795.23
7 DenseNet121 224 x 224 X 3 93.53 21.47 20.10 827.27
8 VGG16 224 x 224 x 3 91.95 8.39 18.56 689.41
9 VGG19 224 x 224 x 3 91.12 12.19 19.55 722.58
10 InceptionResNetV2 299 x 299 x 3 90.93 30.25 20.37 956.36

The results shown in Table 6 indicate that MobileNetV2 significantly outperformed
all CNN models. The accuracy of MobileNetV2 was 94.05%, followed by DenseNet121,
InceptionV3, Xception, VGG16, ResNet50, VGG19, InceptionResNetV2, ResNet101, and
Standard CNN with accuracies of 93.53%, 93.23%, 92.82%, 91.95%, 91.65%, 91.12%, 90.93%,
90.21%, and 89.70%, respectively. The results also show that MobileNetV2 outperformed
the standard CNN by approximately 4.35%.

In terms of the model size, MobileNetV2 was still the smallest model architecture. The
total size of the MobileNetV2 network was only 12.52 Mb, making it approximately 6.6
and 7.7times smaller than DenseNet121 and InceptionV3, respectively. In terms of network
size, VGG16 outperformed VGG19. VGG16 and VGG19, on the other hand, required
enormous network sizes. The same problem occurred for the DenseNet, Inception, Xception,
and ResNet networks with larger model sizes, and the accuracy was less than that of
MobileNetV2. As a result, those models were not used in our research to solve the problem.

Table 6 illustrates the time it took to train all models at 15 epochs. The model that took
the least amount of time in training was the standard CNN approach, which took 1.17 h.
MobileNetV2, VGG16, VGG19, InceptionV3, ResNet50, DenseNet121, ResNet101, Xception,
and InceptionResNetV2 took approximately 5.13, 8.39, 12.19, 15.38, 16.04, 21.47, 25.42, 30.08,
and 30.25 h, respectively. The results are shown in Table 6. MobileNetV2 outperformed the
other models and performed well in recognizing and classifying impurities in coconut oil.
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3.2.3. Experiments with Data Augmentation

In this experiment, we compared the MobileNetV2 model’s performance to the per-
formance of each of the other models using the confusion matrix. The accuracy, precision,
recall, and Flg.ye can be determined using Equations (1)-(4). The models used the PiCO_V1
dataset with 1000 images, and the test results are shown in Table 7.

Table 7. Results of model accuracy from the confusion matrix of the PiCO_V1 dataset.

Test Model with Confusion Matrix Form

No Model Image Input PiCO_V1 Dataset (%)
Accuracy Precision Recall Flgcore
1 MobileNetV2 224 x 224 x 3 80.20 71.61 81.15 76.08
2 Standard CNN 224 x 224 x 3 54.82 45.09 61.01 51.86
3 Xception 299 x 299 x 3 72.95 64.62 76.24 69.95
4 InceptionV3 299 % 299 x 3 75.13 68.19 77.14 72.39
5 ResNet50 224 x 224 x 3 68.88 62.12 72.61 66.95
6 ResNet101 224 x 224 x 3 66.44 66.56 67.29 66.92
7 DenseNet121 224 x 224 x 3 68.55 62.75 69.38 65.90
8 VGG16 224 % 224 x 3 68.52 60.55 73.02 66.20
9 VGG19 224 x 224 X 3 70.02 69.38 71.89 68.58
10 InceptionResNetV2 299 x 299 X 3 55.55 55.25 58.79 55.44

In the first experiment, we measured the standard CNN, and the accuracy, precision,
recall, and Flg o were 54.82%, 45.09%, 61.01%, and 51.86%, respectively. The results of
the accuracy testing showed that the errors in this model were due largely to incorrect
selections. The model selected ParticleT4 instead of FiberT3, and ParticleT4 was selected
instead of FiberT4, which represented a large number of incorrect selections. There were
452 misclassified images, or a 45.18% error rate.

In the second experiment, we measured the Xception model, and the accuracy, pre-
cision, recall, and Flg.ore were 72.95%, 64.62%, 76.24%, and 69.95%, respectively. Errors
in the model occurred when images were classified as FiberT1 instead of FiberT3. In this
case, 52 images were mistakenly selected. Another mistake occurred when images were
classified as FiberT2 and ParticleT1 instead of FiberT1. There were 12 incorrect images from
FiberT2 and 19 incorrect images from ParticleT1, resulting in 271 misclassified images, or a
27.05% error rate.

In the third experiment, we measured the InceptionV3 model, and the accuracy, preci-
sion, recall, and Flg o were 75.13%, 68.19%, 77.14%, and 72.39%, respectively. Errors in the
model occurred when images were classified in the incorrect fiber class. The InceptionV3
model incorrectly predicted 53 images in the FiberT1 class that should actually have been
in the FiberT3 class. Furthermore, the model predicted that 59 images belonged to FiberT2;
however, the validation revealed that FiberT1 was the proper class. In the air, particle, and
tissue classes, a total of 249 images were misclassified for a 24.87% error rate.

In the fourth experiment, we measured the ResNet50 model, and the accuracy, preci-
sion, recall, and Flg.ore were 68.88%, 62.12%, 72.61%, and 66.95%, respectively. The most
misclassified images were those from FiberT1. The model determined that 31 and 18 images
should be classified as FiberT2 and ParticleT2, respectively. A total of 312 images were
misclassified for a 31.12% error rate.

In the fifth experiment, we measured the ResNet101 model, and the accuracy, preci-
sion, recall, and Flg.yre were 66.44%, 66.56%, 67.29%, and 66.92%, respectively. The most
misclassified class was FiberT3. The model determined that 20 and 16 images should be
FiberT1 and ParticleT4, respectively. A total of 336 images were misclassified for a 33.44%
error rate.

In the sixth experiment, we measured the DenseNet121 model, and the accuracy,
precision, recall, and Flg.re were 68.55%, 62.75%, 69.38%, and 65.90%, respectively. The
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most misclassified class was FiberT2. The model determined that 26 images should be
FiberT3. A total of 315 images were misclassified for a 31.45% error rate.

In the seventh experiment, we measured the VGG16 model, and the accuracy, preci-
sion, recall, and Flgqore were 68.52%, 60.54%, 73.02%, and 66.20%, respectively. The most
misclassified class was FiberT3. The model determined that 15 images should be FiberT1.
A total of 315 images were misclassified for a 31.48% error rate.

In the eighth experiment, we measured the VGG19 model, and the accuracy, precision,
recall, and Flg.ore were 70.02%, 69.38%, 71.89%, and 68.58%, respectively. The most mis-
classified class was FiberT3. The model determined that 20 images should be FiberT1. A
total of 299 images were misclassified, representing an error rate of 29.98%.

Finally, we examined the InceptionResNetV2 model. The accuracy, precision, recall,
and Flgcre were 55.55%, 55.25%, 58.79%, and 55.44%, respectively. The most misclassified
class was FiberT3. The model determined that 16 and 110 images should be FiberT2 and
ParticleT4, respectively. A total of 445 images were misclassified, representing an error rate
of 44.5%. The results of the confusion matrix for each model are shown in Table 7.

3.3. Discussion

The overall results of this research demonstrate the high efficiency of the MobileNetV2
architecture in recognizing classes of impurities contained in coconut oil. MobileNetV2
spent the second-lowest amount of time training the model on both datasets, PiCO_V1
and PiCO_V2, while the standard CNN consumes the shortest time. By comparing the
accuracy with that of each CNN model, the models were trained from the beginning
without any preconfigured parameters, and only 15 training epochs were used for speed
comparison. This problem may affect accuracy values in the future because the number of
epochs affects the model performance. If the number of epochs is too small, it can lead to
incorrect grouping errors and a lack of resemblance to the actual answer, a condition known
as underfitting. In contrast, if the number of epochs is too high, it can cause problems
in training the model. Then, even though the model can precisely classify objects, it is
impractical to use, a problem that is called overfitting. This problem can be solved by
adjusting the parameter dropout, so that the data is distributed among each class. To obtain
a good compromise, the parameter adjustments should be made accordingly.

4. Conclusions

In this paper, experiments were conducted using a deep learning model to solve the
problem of classifying adulterating objects in coconut oil. We selected ten CNN models,
MobileNetV2, Standard CNN, Xception, InceptionV3, ResNet50, ResNet101, DenseNet121,
VGG16, VGG19, and InceptionResNetV2, to benchmark the performance of their archi-
tectures. The experimental results indicated that MobileNetV2 was the best method for
recognizing adulterating objects in coconut oil. It had the best accuracy compared to other
architectures. The FiberT3 test results were the worst in the classification due to the simi-
larity in the shape of FiberT3 objects to those of FiberT4 and FiberT2 objects. As a result
of this classification, the performance values were reduced. Moreover, the MobileNetV2
architecture is suitable for all platforms, including mobile devices with low processing
speed and low memory.

When MobileNetV2 was tested against the PiCO_V1 dataset, which is a previously
existing dataset, changing the width and resolution parameters had no effect on the model
accuracy. However, such changes can greatly reduce the size of the model. The Mo-
bileNetV2 architecture has a model size of 12.54 Mb., which is smaller than that of other
models. Additionally, MobileNetV2 achieved an accuracy of 80.20% in testing on the
PiCO_V1 dataset, which was better than the results of the other CNN models. Finally,
we utilized MobileNetV2 with the coconut oil impurity detection program for further
integration with the coconut oil production line.

Precaution for working in coconut oil images is the heat of the lamp used to shine
through the coconut oil. If the lamp is overheating, this causes the light from the lamp



Appl. Sci. 2022, 12, 656 15 of 16

to flicker. As a result, the coconut oil images are unevenly bright and unable to show the
objects contained in the coconut oil. Therefore, cooling of the lamp is a necessary factor to
detect impurities in the coconut oil.
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