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The export of Nam Dok Mai mangoes, one of Thailand's agricultural products,
can generate export value of more than three billion baht per year. In exporting Nam
Dok Mai mangoes to foreign countries, irradiation is necessary to delay ripening during
transport and prevent pests' spread. Additionally, the Nam Dok Mai mangoes must be
of good quality. This research studied and presented methods for sorting and
estimating the size of Nam Dok Mai mangoes using images and artificial intelligence
techniques. This research is divided into three parts. Part 1 focuses on estimating the
size of Nam Dok Mai mangoes to optimize radiation treatment and reduce production
costs, using image processing techniques, computer vision, and multiple regression.
The results show that the model can estimate the dimensions of width, length, and
height with an accuracy of 90.0%. Part 2 involves sorting the sizes of Nam Dok Mai
mangoes to enhance value by categorizing them for export into six sizes: 25,5, M, L,
2L, and 3L, using artificial neural network (ANN) techniques. The outcome indicates
that the training accuracy of the model is 79.87%, while the testing accuracy is 87.0%.
And part 3, the quality sorting of Nam Dok Mai mangoes s divided into two categories:
good mangoes and bad mangoes, or mangoes with even slight blemishes, using
convolutional neural network (CNN) techniques. After training the model, the results
showed an accuracy of 96.11%, and the testing accuracy was 93.0%. The findings
from this research suggest that the model could significantly enhance the export of
Nam Dok Mai mangoes using artificial intelligence techniques, thereby improving the
quality of agricultural products for export and potentially applying it to other

products as well.
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Irradiation kills harmful bacteria
to make your food safer
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o < -49( [ 1 . [
AUNITATUIUAULTIVIANNIY TABTUAUAIILNTG (Width) VIR

p
Dsf =n_ |:,Um :| (2.2)
viv

o dl v a d‘( U U
aunsAwInallunsatesed Ineduiuainuen (Length) veeing

t=— (2.3)

aunsAuINNaIulunisaneSIE

E=Pxt (2.49)

Dy = Surface dose (kGy)
D, = Depthdose (kGy)

M., = Mass absorption coefficient (cm?” /kg)
v = Speed conveyor (cm/s)

L =Object density (kg/cm”)

d =Depth(cm)

P = Electron Beam Power (kW)

n. = The X-ray conversion efficiency.
E = X-ray Energy (MeV)

n. =E/60

t = Time for iradiation

W = Object Width (cm)

L =Object Length (cm)

D = Object Depth (cm)

f70819LUN1SANUIAUSUNUNNSRIS I
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lagirunusuialnauesn1sanessd (Depth dose) Dy = 0.4 kGy AIAMNAUILUY
19330018593 lngazldrmanunuiniuiedeveweiiadinenldanyateyad vsunsoy
\Ju Datasets lngfian ) = 0.489 kg/cm? wazinuna1Usz@nsnImueen3 09a1859a 7

anUuIdeuastulasnsou 4asi n. = 0.085 , u,, = 0.03 x 10° cm?/kg Wag P = 0.8721 kW

ee

31 1 uzaidsled 2L 1 gn Jvwn 0319 8 lwuflng 813 15 lWURlnS g9 7 luiiunes
D,=D.e

—(0.03x10° )(4.89x10”*)(7)
0.4=D_e X X

D, = 0.443 kGy
AUINNIALSIVBIEBNY (Speed conveyer)

P
D,=n, |:_,le :|
viW

(0.03x10°)(0.8721)
0.443 = 0.085

v X8

v =0.627 cm/s

ANNTTYZnAINELNNTa859E

0.627
t=255 sec

AUINEIUN Tl UNs1859E

E=Pxt
E=0.8721x255

E=2224 kKJ
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AU T092UR 8 x 16 x 7 twudiuns ldszegiianlunisaiesed 25.5 Junil uazld
wasulunisane$ed 22.24 Alaga windanduallunisaefdnnndsnuild lneda

Alwvdigag 4 UI/kWh agideanlddng 0.0000247 um siensaneSeduvaiaeled 2L 1 gn
37l 2 wzaidgled M 1 gn Jvuna e 7 WURURS 817 14 [WURing 89 5 wuiing

_ — M, PD
Dd = Dsfe

—(0.03x10> X(4.89x10 )5
0.4208(@ ( x107 X X )(5)

D, = 0.430 kGy
AUIMIAUEIVRIENENU (Speed conveyer)

P
DSf :nc[ﬂm }
vW

(0.03x10°)(0.8721)
0.430 = 0.085

v x T

v =0.739 cm/s

° i v a
ANNUTTYZ AN UNN 18593

AUIUNEIUN gl UNs1859E

E=Pxt
£E=0.8721 x 19

E=16.57 KJ
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3 14 a 4
2.3 AMFUDILNUNIYADUNIILADT
NSRBI UAIEABNT MBS (Computer Vision) A inaluladfildlunissuiuay
wawiunw lnganunsoesutanmiuldegagndeuaziiussdniaim nsusaiudiiy
paumasaslvmalulagUygiuseavg (Artificial Intelligence) NliAiAgtiodnunIs
UseaananIn (Image Processing) tialdsukuuaiuadisavesuysd nsyadululudiu
YDINITTUF NITUBAAULAZNITTINUNTANIINAMUTDIALE NIsUBIRUMIEADUNADST
unumdAglunargaivdinisldanuinainuate wu n15aa9lunl N15ATIEUAMNIN
Aualulssundnduni nsfaausiiwnusde seuudmeenlulialusasus n153LATIER
Tayan1an1sunmng Wusdu Tunisiiasvinlineufiamesaiuisovsaiiuld aunsavinlaniu
s 1 i = Ao w v Y
gunsalsendT naes Faduniddglunissudeyann
2.3.1 ndeulunau (Webcam)
v I3 = Y aaw < o Y o
naeuIuwAl (Webcam) Ao ndesidviaruiadniignoaniuuniielday
swAuRpuimes Insanunsalisusoniunesn USB nasuiukauinmiuaiansalunisans

a v = aa = a aa ~ ¢ 1 a ] a I
ﬂWWUQLLagUu‘Wﬂ’J@I@ 5'33JﬂQa(ﬂillﬂ']‘WLLaz'JWI@LL‘U‘UL?U@I‘W&IN']u@TJLﬂasLu@‘Vﬁ@Lﬂ‘U
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Juiinawle Fadlethunldlunureuiunesitunsensusadiumensuiinesndsaiuua
spimihidudugesdmiuiunmainanimindenuazuUasn mmaniuliogluguinuud

a s v v & al' av & & v I a v
AouflmesauTaussulanale dendeaiunauildlunuidedidundswiviay %
Logitech §u Brio 4K uanasisluguil 2.6 Belimnuawiden 720p 1080p uae 4K i FPS (Frame
per Second) 30 60 Wag 90

gﬂ‘ﬁ 2.6 ndeafuuaudie Logitech 3u Brio 4K (Fi: https://tinyurl.com/2ddtmagd)

2.3.2  N1395993U9AY (Object Detection)
[ YY) [ ] = a sa o I r-:l'
n13nT93uingiludiumisvesneuiiumesivdu Wunseuiunsildlunis

[

szyfngnislunwieiflowasUszananaiiomundwarauinves ingiu Ssannsnssy
Tnguangegislunmien uansisluguil 2.7 lulagdumsmsaduingilausivieusuna
m%’uﬁ%%agﬂﬁw%’aﬂ%mu laun OpenCV (Open Source Computer Vision Library) wag
YOLO (you only look once) tusu #'fﬂumamm%’ui’mq%memaaaﬂmlué’ﬂwmzﬁﬁu
nseudimdsnaseutng 13uni1 Bounding Box 4eaziin1sszuniatiaiiiu (Label) uag

° ' ) A 4 aa vy
fundsesingieglusunmmsedsleliie


https://tinyurl.com/2ddtmqgd
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Pedestrian — "

Ul 2.7 msusningfienisiSeudifedn @ un: ElGendy, M. (2020). Deep Learning for

Vision Systems [1])

2.3.3  nsUszulananIn (Image Processing)
nsUTzRIananIn (Image Processing) Ao NTEUIUNITIANITUAZILATIZH
sunwlnduteyalunuuiinealnelineuiinmes elvlddeyanmitdosnislumsilule
Uszananatunszuiunsdall Juvedalunisusyanananiniivaisds wu n1snsesnimmse
N13AN9Ad Y 1UTUNIUDDNAINAN (Image Filters) N158UTUNIN (Image Registration)
N3UIEIUNIN (Image Segmentation) N1syvaunIWluing (Edge Detection)
sMeUnM (Edge Detection) fie nsviduveuvesingioglunn lng
vhlsveuavesnmiarnaudniumn faznsaseuindurevainiuvielndidesiuqale
el Edge Ao Wduilusningeanainiiundnieusningansd ueanaindu wienis
WA uLUawe9A Intensity (Ansduuas) Jamldannnssuiunis Derivative Sufingin
m’mLmﬂ@hwmmmLﬁi’fuLLaqideﬁm%aﬁafﬂﬂé’lﬁmﬁu MINAMULTULAILAAAIINN
YOUAMAIETRUIN N1sMVEUAYBIN MU A8 unaeds Wy Sobel Edge Detector,
Prewitt Edge Detector, Roberts Edge Detector, Laplacian of a Gaussian Detector g g
Canny Edge Detector
2.3.4 Canny Edge Detector
Canny edge detector %58 Canny Edge Detection (bAufl) 10un1511LdY
seuingiiegluninenid Tnefifinamiaesssiu fie nasige (High Threshold: T1) waginausi

A1 (Low Threshold: T2) L{auaun1nAinaINALLANGNYBIANLLTNLERINANTa LU 8N



19

gandls winAdmuaunAvzibiiuveunwladaau JUTl 2.8 uanInsmveuRIeis

Canny lagmuunaanas (Threshold) Auananeiu

Hight Treshold (T1) =50 Hight Treshold (T1) = 150
Low Threshold (T2) = 10 Low Threshold (T2) =100

gﬂﬁ 2.8 nMsmveuingaieds Canny TneruunAnaeifuanaeiy {un: Bradski, G., &
Kaehler, A. (2008). Learning OpenCV. O’Reilly Media, Inc [2])

2.3.4 Binary Images
A luwn3 (Binary Image) Aa n1swdasnnlviegludnuwaendand 2 ngu
lown dv1n wasden Fedvasuansandu 0 uagdruansanu 1 daandduguin 2.9 laens
wlasnmansen1mn (Grayscale) Tidunmluwisazisend Thresholding Imensinvue
NQINNIBAT Threshold nHlaAT LOKENNINERINGY AB WNLLANTAIAIINATINUINNTINTE
v ] ¢ o A v A o o aa v
Wesnunaeiiivun azgnunuieng 0 w3e 1 auasiu nnluwisiinisldnulunainvane

Al MIUsEnaranIn Mskeningeenaniiumas [usu

T2
1
—— r
- 1
1
1

FilElkr|lFElF|-
|
|
il

in—-n—-n—‘n—‘n—‘

?

=l =

L i

'g‘dﬂ' 2.9 erfinwavesguninluus (7307: http://matlab.izmiran.ru/help/toolbox/ images

/introd.html)


http://matlab.izmiran.ru/help/toolbox/images/intro4.html
http://matlab.izmiran.ru/help/toolbox/images/intro4.html
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2.4 nsBouivennias (Machine Learning)

M3i5euFveaaios (Machine Leaming) Ao msvildssuuneuiatmasanansaiious
lifenuesnndeyauazanwiandouiilé suainnsisouivesssuu tnedilisndudesld
uyudlumuauiaztdeulusunsy F1 Machine Learning Wumadiafignlddmiunisuidm
ffmnududou Inendnnisues Machine Learning uwiaifiu 3 Ussianausuuuunsiious
laun Supervised Learning Unsupervised Learning lag Reinforcement Learning

1) Supervised Leaming A N1siseuskuuiiauaeu lumalianng Machine Learning
MNALYIINITLENUTEANTDIUAIN MEN8An15IFUAMN (Input data) uaznatagldidnly
Tulsea

2) Unsupervised Learning Aia n3t3suskuuliiiauaay N5 Input data Tduin
Tululuiaa Machine Leaming Tngliisnfusosldnaiaas ddlumaszvinsuusnguniedn
naudsaziunistoyainluutasnduiuiimnudiustuonils usldasnsousnussamls

3) Reinforcement Learning Mg A13L38UIHUUAN 138N1538UIHUUABIHAARBIGN
TnefiluinasziGouiisnsuitymainnisquasdanadswindeusousy

&3 Machine Learning 119 3 Uszian luusazuszinnidnumsuaz g Uszasdd
wansineify fetiu Feiiflardudiunnsnsiusenly Wi Linear Regression Clustering K-means
Dusiu

2.4.1 N5IATIENITAN0R8LTILEY (Linear Regression)

NN5IATITAN1TON0RELTULEY (Linear Regression) 1 uASMIANUEUNUS
sewinsiuusiudeya vielseninsnarandusiug (Correlation) Inefinnudusiusves
Joyaszuantoanuitugluuuvesnisiseanududunsiwmielndifies w3e Linear Regression
\Junsiiendeyaumasnnsiniolilean x uag y T9awananifeidudiu Data uas
Output Wielireuiimosmannsoonin wazaumsildazgniivliiunenadnéiileddoya
Tyl v @4 Linear Regression \Ju Machine Learning ﬁlﬁjﬂaqiuﬂ’izmw Supervise
Learning  992n81389U524ANUBY Linear Regression 2 Uszean bawn Simple Linear
Regression Lag Multiple Linear Regression éﬁ'ﬂ‘f‘i’

1) Simple Linear Regression

Simple Linear Regression A9 N153LAT121N13000 08T LdUaE 19981
AUSUNITIATIZNANAUNUSTENIALUTBAT2 (Independent variable) 1 fiauagaatus

»11 (Dependent variable) 1 ¢ Haun1569 2.3
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Y = ,b’o + ,le (2.5)

2) Multiple Linear Regression
Multiple Linear Regression A® M3 Tginisanaesdwal uwuy
wia Idmiunisiinsgianuduiussenineiiuyssase (Independent variable) viang

frazduusnu (Dependent variable) 1 61 aun156e 2.4
Y=B +BXx +B,x,+..+fBx +& (2.6)

ﬂ Y a = .
2.5 maseugean (Deep Learning)
N19138U31998n (Deep learning) vaneds inadalunisasalyyruseivginely
1AS9UI8UsTE MBI 09189 1uUTEAWLTIBNAY 9 TUMLDULUUTIADISUTIUI8TS
s = a Y a = g | | = 9 = .
sruuUsvamvesnysd Fansiseusiddnidudiugegvesnisiieuivesnied (Machine

s

Learning) L.Lazmﬁlfiauimmm%aL“ﬂuﬁausiammﬂiyzywisﬁwg (Artificial Intelligence) lag
ludagtuiinsimaianisiseusidadnunuszgndlivalen1u Wy AMIneInTaienIa N3
nrvdulumissyiendnual nsaunuatedaile sruuauauailusnsud seuuiion
ilesneenueniau MyITAdEINNINEINIATUINS LU ABdLsE nmSansIend
sy n15138u31358n (Deep learning) W3svawiiounissrasanalnnsiSousludaidin
MsTAnen fe sruUUsTamMvesywE TUsEneUmewasizuniwadUssannvietisou
(Neuron) ﬁaiaumd’lﬁgﬂLﬁ‘ilawiaﬁ’uﬁaal,muﬂiza'm (Axon) waztanguseam (Dendrites)
Lariuidon seseninsunulsramuazdatedszamisoniaduuud (Synapse) Ay

wTaunsaweinisdoudofunuidiniud sunuamiuniinseiuaind g 9 ateguen n1s

=

A L a4 aa a | 9(@ A aAaa A a & ° '
WasuuUasil Ao 35AmsiSeusinetuludsdldin lngnalndiinendgnitaesulasaieg
UsrammieuNusenaumenulgfulusen 18I5au (Neuron) IngNiulg AU LT UMAD
[y 1 qol Ly . g v 1 =1 o Y oA a 9 @ 1
AuNIULEINTN (Weight) thutnlulassinsuszanmiiguyimun A e iuauLdaLnI4e

nsweNseduwuld tnennsienisiind (nput) Wésiiseugnusuvunsisimingiiua

' '
a o =

1 & 1 3 d' 14 a a a
FOWINTUNANUIUN U8 ) Elh/] 2.10 uanslaseasswesiaseulumedaineuaznis

ISU3LTAN
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branches

axon
. terminals
Postsynaptic
Newron

DENDRITES WITH
() SYNAPTIC WEIGHTS

Biological neural network Artificial neural network

JUT 7 2.10 Tassadrveadiseulunnadsineuay ¥NITLTHUSLTIEN (#u1: Aggarwal, C. C.

(2018). Neural Networks and Deep Learning: A Textbook. [3])

2.5.1 Artificial Neural Network (ANN)

lAs9v1sUszaIniien (Artificial Neural Network : ANN) A8 TuLaanig
adlnanansvieluinanisneufiunesdimiulszaiana 9991n3UT 2.9 Artificial neural
network aziiuiuaag Neuron Usgnaunae Input wag Output langsiasdlyi Input uaas
Sufl Weight WWusfmuaimdnues Input T5nsviieuaes ANN fe wlefl input Whunds
lasengUszanndisy a1 Input 119INITANAUAT Weight Uaausiazn kadiléann Input
N 9 V1W89 Neuron 928115 UAINEWABUAU Threshold fAfmualy deasiudien
111N Threshold w2 Neuron fiagas Output sanly Output 4Aaggnasluss Input weq
Neuron 3u 9 ideuululasstneuszamifien Network uazdnantosnin Threshold fiae
laitAin Output 91nTinaaaNTesu MsTitihan Weight ustazisngaiu Input awhliiAnduy
#158n71 Hidden Layer Fefin57d Hidden Layer 41AN31 2 Guu 92159n71 Deep Learning

Ul 2.11 uanslAsaadnsves Deep Learning

Y

()

OO
A“ %’& )%'”A
SRS

Hidden Layer 1 Hidden Layer 2 Hidden Layer 3

Input Feature Output Layer

U7 2.11 laseai1aveanaila Deep Learning
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2.5.2 Convolutional Neural Network (CNN)

Tnsstneuszamifisnnouligdu (CNN) Wulaseedszamidionildsum
fealunsld Input iWuguam Geaglkamuusiugngs Inslassaisvedaseiioussanion
wuuneulgtu uansdilusud 2.12 Tnsstreuszamifisnnuuaeuligiusinaginnldlunis
UTTUIANANIN LU A5TUUNFUAIN (Image Classification) Lagn1505333UIAE (Object
detection) InglunisUszanananmdmiu CNN lumaagyinisatnnudnvasilanduyes
sUAWERNIN 13871138031 Feature Extraction 3svinlslana CNN a1ansausnvesansds

o

gananiuld lagazi CNN luldiitensduunsunmmsesinguuuunimeng 9 laun Tunih

U

¥ a

AU (Faces) nwing (Objects) 21n¥ad (Scenes) Suwuninte Jamu wazdes 1ludu

/B
Nl

O o Od
Flatten Fully connected

\ J \ J
T Y

Feature Extraction Classification

Dropout

Input Convolution + ReLU + Pooling Convolution + ReLU + Pooling

JUN 2.12 Tassasavedlasaingussamiiglaauligdu

31nlATIAT1998e CNN Tusun 2.12 Yseneulumelassaiadudidi (Input
Layer) ¥nn155udoya anuuaziiuluddui 2 iWudu Convolution 7 1 (C1) Ingldnasvin
Feature Map %39 Feature Extraction wagi1utiuil 2 158037 Subsampling 91 1 (S2) A9 A3

g9UUINTY 191992 NA18ITN1T LYU Max Pooling Wag Average Pooling Laza1nii U1

[
v (Y

101g%u Convolution kag Subsampling M88/fA11 ¥931UIUTUVDY Convolution uag

Y

Subsampling ¥ usg AUTIUIU Input Layer wazUadd U 9 3900 uN 1189 W Fully
Y Y

(%
v Y

Connected Layer (Dense) lag#ifutlagsutayaunain Convolution Uag Subsampling 4u

Aouniuazazidauseiunn Neuron Tugudaly anuuitngvudaaean (Output Layer) &4
226990911U Neuron #I9d11IU Output AINTIUIUARIATNIADINITILUA AIUY N1V

Y84 CNN Hi5uannsannnadnwaei1udy Convolution wag Subsampling saLiiasfiy

wazinuanwasi liuinisuszaianalududousatfuioassauduiusnd udou
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Wy wazgainelddudseaniievinistiuundeyautseenduaaianie q audiuiu

Output N1\BIN1T

a

N1509nkUU Convolutional Neural Networks (CNN) L1d unszuIunig

v a =

AsoUAgUVANEtuno TneflyalszasdifielilinmamunsaifousnadnvasangUninléa 3
Tnsstheuszamuuuasulagiu (CNN) fiduussnoufiddey dail

1) Fully connected layer

Fully connected layers #3® Dense layers Ag lasseUssamidioaly

Tunansi3oufidsdn Tneyniaseu (Neuron) u3e Node lu Layers tuagiinisideuseriy
9 9 Neuron Tuduneuniuazdudaly Tnediuinin (Weight) asgnusulideuilae
9aNo3NNNNTITUIITEN

2) Activation function

#laridunnsnsediu (Activation function) fle vAduiuasuadnsainns

AUAINATINTBILIN (Weight) Tiiioufiuwsias Neuron vea Fully Connected Layers 19
Huguuuuiiliddadu (Nonlinear) Wilelilannaiiauanssalunisisoudeududeuld de
nsidenld Activation function Juag Audnsazvesnuuwazamanganlunsuidam
Wy 9 &4 Activation function 7il%41uUe8 Wy ReLU (Rectified Linear Unithwa SoftMax
function sy Tneflsidumsnseduusiags lidnwagasldauiiunnsisfiuay Output
fif93n13 19U RelU (Rectified Linear Unit) e flsftuidunssiignusuund (Rectified) sfald
Juilerdu Activation Tu Hidden layers wiesdsunuas Output 910 Neurons Aeufivzds
seluds Layer dnlunmuandifilaniduves ReLU Ao anud1elunsduia v3e SoftMax
function vJuileidu Activation dmgunissiwunyssian (Classification) Tutlgywdifinane
maa (Multiclass Classification) singnldlu Output Layer Tngazdwananuiiaziduves
uiiazaanasanuLiunadns lagen output aztfugavesainnuuaduifinasiuminfu
Wik

RelLU (Rectified Linear Unit) fie flafduidumssfignusuud (Rectified) inld
Juilaridu Activation Tu Hidden layers iewdsuutas Output 910 Neurons faufiazds
#eluds Layer dnlunnuaut@ilaniiuves RelU Ao anudielunmsduinuazdielunnsg
witleyyn Vanishing Gradient @1 ReLU ¥anilaefidn Input Juauinviewiniugud agau
Aules usdn Input WuA1ay agyhnsAuAndugud aunsadeusanaduannislé

AUNSN 2.7 - 2.8 pail

f(x) = max(0,x) (2.7)
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Oifx<0

ReLU(x) = (2.8)
xifx=>0

SoftMax function (Juilsidunisnszdu dmsunisduunaaianseuszan
(Classification) Tulgyminfinatgaana (Multiclass Classification) singnlylu Output Layer
TngagAnunuinzlurewsasaaaeonuidunadns lnean Output 9zilugnvese

1 I Aa v a Y v A
ANUUILLUUNUNATIUNINY 1 ’d’]ll’]iﬂLTFJUﬁiJﬂ’]ﬂ@@QﬁQJﬂ’WV] 2.9

(2.9)

neATUN1INTEAU ReLU way SoftMax @1unsauans Output veeilendu

loRagui 2.3 uanailendunisnseduues ReLU uag SoftMax

Rectified (ReLU) SoftMax
] - S
1
. 1.0
4 |
3 |
2
\ @(z)1.5
0
-1
* 0.0
a2 ANE o £ 8 6 4 -2 0 2 4 6 8

'g‘d‘ﬁ 2.13 Heitun1snseAu (Activation Function) (fis: ElGendy, M. (2020). Deep Learning

for Vision Systems [4])

3) Hyperparameter

lawain191dimes (Hyperparameter) Ao W118L@0sAMMUUAAIEIREN
! d' a o a v o = [ Yo a o
AeufinsyuIuMsiseusvaslunavzisuauinslnlukazisows dwsldivlumanissous
Y944A389 (Machine Learning) wasn15138usi¥9dn (Deep Learning) vimtiliduaaiuny
lunstineusuuazniseenuuuliea lnenisasAegregniesaninsadiglilumaseuslanuy

I o d' | o d; = U U | . .

wazdauausalunIsyiunenLiueg F98A1619 9 1U Leamning Rate, Batch Size wag
Number of Epochs 1Jusu Fearaanannuniiagitnisenianiingn (Update weight) uag

luda (Bias) voslumaluwsaztunauveinsiln Awandluzun 2.14 lngannsausuaniuse
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asld Wedaensusuauuwdugvadlunaliigady win1susuenlawesnisfimeosivand
1 1 < a ¢ = o £ =2
danansznusonuslunisuszananavesreuiomes deravilildiatlunisiindulumg
wnAulle

Learning Rate

[ a [ . = |l (% (% < a [
803 IN5I58u3 (Learning Rate) A A1ildlun1sususeauauniinisiseus

Y =

94 Neural Network mnfldgsluiaasziiouslsisa wazdmnndasnsiseuiiazsd e
Learning Rate #isinAexldidurdudu Ao 0.001

Batch Size

Batch Size Ao nMsutseaniluuundidn q (Batch) wlefinslddouyalunis
Anrududiurusnn Gsdaudeyaluwsdas Batch azidusiegaiiudlululumanoud
Optimizer 9¥N15AUINAT Gradient kagUsumminesvedling

Number of Epochs

Number of Epochs %58 Epochs A a1uausauresn1silniuluime laesau

YIMSENEY (Epoch) a9l Loss anad way Accuracy LLTu

Hyperparameters Parameters Score

n_layers=3
n_neurons = 512
learning_rate = 0.1

Weights
optimization

tit

n_layers=3
n_neurons = 1024
learning_rate = 0.01

Weights o,
optimization 80%
n_layers =5
n_neurons = 256
leamning rate=0.1

Weights
optimization

tit

22
22

g‘dﬁ 2.14 n5U5U Hyperparameter @3U Artificial Neural Networks (ANN) (i3: https://
bdi.or.th/big-data-101/machine-learning-model-hyperparameter-optimization/)

4) Loss function
Loss function fie flaidufisu Input iWinuasuans Output eanunduy
#aay 1§ dmn Loss function fiantesvierdlndaud wansiidsilunariunglngifes
viondnefuA1a34 (Labels) JUA 2.15 uansanuduiuguas Loss function azuans Training

loss ay Validation Loss


https://bdi.or.th/big-data-101/machine-learning-model-hyperparameter-optimization/
https://bdi.or.th/big-data-101/machine-learning-model-hyperparameter-optimization/
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\ \ - Validation loss
\ — Training loss

Loss function

Iteration

'
a

N 2.15 AUENRNUSIENIN Training loss Wag Validation loss
a7 2.15 1Jun15 Training model 1l o N5 a3 0015 Update
weight (Iteration) Training loss way Validation loss 9zanas A188719U99 Loss function 7
Heuwnldundaym fegva1eds sndegnedsil
Mean Squared Error (MSE)
Mean Squared Error (MSE) 101 Loss function 7 inagldlunisuidgun
. Ay v v ¢ & I a | a v A4 ada & v o= o ¢
Regression W@@Qﬂ?ilﬂNﬁﬁWﬁLﬂUﬂWﬁ]i\‘] WU NFUTLLLUTIANVIUVTONAU LUUNU DINARANS

MPur93s fie naansiluiavdewios luldnisiu3eu Wisumnanynisnaia lag

MSE 2QnenindiaeIuaziafgnINduiuloyan wanensauns 2.10

1
EW,b) = =% (§.-y.) (2.10)
N

Mean Absolute Error (MAE)
Mean Absolute Error (MAE) fianuadginidioudu Mean Squared Error (MSE)
g msu MAE agldiaduarnuianatawuuduysal (Arldaulamiemung vinvseau)

EUINANVNUIGLALAIDTI WAAIFIALNITN 2.11

E(W,b) = 1Z,.N:1|§/i-yi| (2.11)
N
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Cross-Entropy Loss

Cross-Entropy 1{u Loss function #ilddmsutlym Classification Tnedeym
Binary Classification a¢1% Binary Cross-Entropy wagaunsutayu Multiclass Classification
9214 Catecorical Cross-Entropy Tngfivi1n153aA1uuAns192/7190 15k NLIIRLLIAE

I A o o 1 a = I o o % o A
LUUVDIAAIENVNUIBAUAIDIN IG]EJL‘lJEJULUUﬁ@Jﬂ']iﬂT]NaiJWUﬁ“LW LEAAIPNANNIN 2.12

EW,b) = D D9, log(p,) (2.12)

i=1 =1

n15v8en Loss Function 7 wunzauudaseddglunisdnluluina
Machine Learning %#5® Deep Learning 1199970 Loss Function w1 i usdainaiu
Apmannszsrinsmsyiunevedanaiumass mniden Loss Function filsimanyay o1avils
lumatindeynn Overfitting %38 Underfitting g1 meé’ﬂugﬂﬁ 2.16 Tne Overfitting LinTu
delumalisouseazidoauay Noise ludoyailnuinifuly auldanunsaviungldiflowns
Foyall wWisuiadioudunisandrdeyaunuiiosfun1sFeus dr Underfitting linduidlo
Tunaliiannsnideussuuuuiiuguandeyaiinlfifiosme vilvikanisvueliuiug ey
foyafinuardoyalval dwiu n1iden Loss Function A1siansanandnuasvesdayauas
Uszunnvaslgmdidesnisuily saudanisldimada Recularization Wistesiu Overfitting

waviilumavihauldfuudeyanlidnediuinnou

Underfitting Just right! Overfitting
y Yy y
® a
« .
g L P . L] .///.
° 5 e ® o ° °® ASS
o 00000 oo ® .
e® o .
X X X

'gﬂﬁ 2.16 malssusunsiinleynn Underfitting ay Overfitting Underfitting (418) Just
right (Na19) kae Overfitting (¥31) (fiwn: ElGendy, M. (2020). Deep Learning for
Vision Systems [4])
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5) Overfitting
Overfitting LinTudlaluina Deep Learing viN13i58u3voyarnausy

(Training data) ladAuly viliiudsuainnisisuiidunisandidiney dewalluinad

' '
a a o A 1

UszdnSnniiawunnilenaaauluinaiu Training data kagazdseaninime Weldiuteoya

1%
)=

Tl visedayayavagou (Test data) Fensuideymn Overfitting 135015 Fial
5.1) M3liinduIndeya (Data Augmentation)
Data Augmentation Ao M1stiNTUINTRLA wanwRslusuil 2.17

1 1%

Ineidoyafifegudn Recycle wianduulddn Jsmlundendmiugunim Inedsnns laun

g0 Y818 UYUEY vy Flip 918 ¥30U a9 dayunin USudn Jsuddeu Usuuasin-

@119 USU Contrast USU Perspective twaann 1Judu

Original Image

De-texturized

De-colorized

Edge Enhanced

‘ S Salient Edge Map

Flip/Rotate

EU‘V]A 2.17 msLﬁ'm"m’JuGﬁTaga (Data Augmentation) (A un: ElGendy, M. (2020). Deep

Learning for Vision Systems [4])

5.2) Regularization
Regularization 1u35NHUszaNSnm Tunsusulsemnuaunse
yosluwalunisvihunedoyailimemiunineu 39 Regularization vineulagnisiiia Penalty

term 1011UTu Loss function & saruiaannuinidn (Weight) aadluina lagn1sanavey

Wniin (Weight) ae lumaazgniaauliiseuiveyaluglivuiieudiiendt vl Generalize

1% '
= =

laadwiloldiudoyalnd g 2 Werddulunisidenld Ae L1 Regularization (Lasso

Regression) WAy L2 Regularization (Ridge Regression)
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5.3) Dropout
Dropout Aig N5auTalda1u Neurons UN9A3 N38LT8NI1NT
Deactivate uanwislugufl 2.18 Fsvaneanuitluusiazseuns Training vi3eusias Iteration
9zdl Neurons ﬁiﬂéfgﬂ Update weight 3@ Bias laglaunaaggnidn (Training) Ia1unsa
ulaaudinazdnistanisldauuisdiuveslung dawalilunaianuainisalunig

uy (Generalize) loavudisldiudeyausninioandeyarineusy (Training data)

Dropout

g“d‘ﬁl 2.18 miﬁj:uﬂmlsffmu Neurons (Dropout) (fian: ElGendy, M. (2020). Deep Learning
for Vision Systems [4])

5.4) Early Stop
Early stop e msvganisiiniile Performance vudioya Validation
Liusuugafiadsii etdesiun1s Overfitting Ineanunsag Performance 990579 Loss
d93U Training wae Validation ¥nein Loss vesyavaya validation Mqﬂaﬂaw%aﬁmﬁu%u
\ieLinuiuan Loss vasndoyailneusud dinsanamsonil 4seradudyyinuves
13 overfitting waidugadf g anlunisld Early Stopping lngnsiaaeuldainan
Performance w84 Model Assessment laun A5 Accuracy ag F1-Score Dudu
6) Underfitting
Underfitting iintuilalawnaliiannsniug vieiFoudarududoulumgs
Toyaneusildifissws FsenaiinanlunaifianududeutosiAuludmiutigmiiiids
uily wiolddnisineusuiiisane nadns Ao luinassuansUszansamildfvauy
Uayannausy (Training data) kavdeyanaaay (Test data) Iae35n1suitaymy Underfitting
Ao Wiuaudutouvedluina MsUfuuTenumyesteya mssumsdneslunis
Training WU 893510151385 (Learning rate) 91UIUTOUNTLT8US (Epoch) uazannisly

Regularization tJufu
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2.6 m3Usziuna (Model Assessment)

nsUTeLliunad1msuisnis Image Classification Wag Object Detection aglailumin
A15Ussidiuma (Evaluation Matrix) 1uies esfielunistanasiudouiisuuszansnnees
luwa nielddmsunsinsieideya n1siden Evaluation Matrix dedidentvivunzauiy
Tuna Feiivanedsnns dell

2.6.1 Confusion Matrix

Wnsnganuduau (Confusion Matrix) Wuiumsndmsunisiauseansain

yoaluina Image Classification 4 suansn1svitunefigndeanazligniesdunnaaia Tae
Confusion Matrix Usznauluaie 4 @y LLamé’ﬂugUﬁ 2.19 lowA True Positives (TP), True

Negative (TN), False Positive (FP) uaz False Negative (FN)

Predicted
N = | L —

No Yes
N True Negative | False Positive

P (TN) (FP)

Actual | i

‘ B False True Positive

| Negative (FN) (TP)

gﬂ‘ﬁ 2.19 wvidndauduay (Confusion Matrix) (Fun; ElGendy, M. (2020). Deep Learning

for Vision Systems [4])

v
=

1) True Positives (TP) A8 AINLuLAaYIU1Y AS9NUAINNATUSS TUunSaIN

U871 939 wazFniAnuAAD 259

' ' [
a

2) True Negatives (TN) A d9lutnarinuiy asanuadsminnauass lunsai
) 1 I a a' c{' a d‘( @A 1 a
yMuein 159 wazdaiiiedunne 1uass

3) False Positives (FP) A9 @47 luwmayinune lunsanudsiinedu Tunsain
U7 939 wazAsiAntunce 1uasa

1%
=

4) False Negatives (FN) Ao dsilataasitune lunsenudsiiindu Tunsain

' [
a a

e 1ase wazdaiiinduife 234
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2.6.2 Precision
Precision fie dnsduasnIsiiwefigndeswanisiueyianuafiiduuan

(True Positive wag False Positive) @1u1sasuiadlansaunis 2.13

TP
Precision = ——— (2.13)

TP + FP

2.6.3 Recall
Recall AD §MI1AIUVBINITYINIUILT NG 061 BNITVIIUIEY MUA (True

Positive Way False Negative) anunsaauiadlassaunis 2.14

TP
Recall = ——— (2.14)

TP + FN

2.6.4 Fl-score
F1-score \Jummsndnusznvmilanldlunisuszifiunaunmaasiung Image
Classification ¥4 F1-score @nunsaldiledayainuliaunasenininaia niowdlodlan

Precision wazA1 Recall winfdu anunsasiuialassaunis 2.15

Precisi Recall
recision x Reca j (2.15)

Fl-score = 2 x (
Precision + Recall

2.6.5 Accuracy
Accuracy Ag AIAIILLILEIINAITINUIBVRILULAG d11150AUINLA RS

gunig 2.16

TP + TN
Accuracy = (2.16)

TP + TN + FP + FN

2.7 USNAU2950UNTIY WaTITuILMNeIUa4
Shah K. A. uaganz (2010) lidnsaluagmiunudeyanigitunuidefeiiuiu
UzdIUAE ATINAMANTIAINAINA 9 Voeuzad laguesne (FoTnermmans : Mangifera

Indica) 1Juayulnsnisnisunndongsvuazszuunisunndiutiuudunaini 4000 U
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FIATINANVDWLAN A ansiueyyadase Julanaudanylglunisiuuimviu Ui
#la wazanmusulaiis Wudu d1u 590 wWaen Tu waziwdawny Munlladmiesnuilse
WY BINSVIDNEE kazlsAUNMIU [1] Sitah F. Alanazi (2023) ¥innnsnnaseaigsadiand by

=

msmuRugenuaTiselue1s 1 viia visweuds ves wan NRnenuaTisenaaes lned

a

P ) ) ~ | ) o o PR o = a o aa

ASIYSLAUNSINUNBANAIINUIUNITRN85IFBNTNINUA 3 AT LNBMIUSUIUSIFNMLZ EL

o o dy a a () 1 v a & 6
a1u1samInenuaiiselalagldinaleAnnINYeeIMIs KAN1INAABINUINTIFENDS
UszansSnmlunisaninuiudawuaiiseluainisiaenild Ingldiinansenunaas a1mslu
219115 10U Uana TUsAU tualu wardmdud nsanesadnUsunn 1.5 wag 2.0 Alansuisdne
U @U1505UgINITIRT UL aLuAs e lavisnunlue1u s9innaes [2] Yeong-Seok
Yoon wagany (2020) laUseliliunmnmYesanseiuassinIva a1ewug Maehyang 183910
N15271859810n% LeeldUSUNUSIAA e 0-1 AlawnNTd YINANITNAFDUNUINNITRIESIA LU
YSunauitdesndn 1 Alansd dawalidnisandiuingdunid wuaiise wazlias laganainiy
YSunasadilduaznaonssazinaniuing Windsunaaisuszneuiluefinuazasiiueyya
DATEMIUTTYLLIAN LATNHINITRIYSIAANDIUDTIUUINUNANAT AULUUANAY AN

[ 1 S

NINLaTAUNUILLUAITINGI9INENTY Snsvzaensidvullasdnliisuszasa 1aedn
& o v v o o a ) vV o ¢ sal A 1 aa N a
91gn1stiusnele aedu nsaresedendlidvansedivesinianalsl 1uisnsid
UsgdnSnmlunisiiusnen ieszasnisiuakaznsivasunlamisnenineii Al uau
= Ko o < £% ¥ v a ¢ A 3.7 [
nsfneligudunudu Wldvesnisldnisaeddondidumadonlunisiiusnwinumdn
. ] [ 14 (3 o‘d’ A 4 U =
guanvadmiunsmanseliuessaavisonaliiseninalsene [3] :annsmalulagnisany
$idemns wzdhsnenldidunildlunaldfignaiessdiienisdseandas lunisdeanues
wzahlutagiu Feihlilugeamnssuladimsdinaluladeng q Whudssyndld laeg Katrin
Utaia wazanz (2014) latauaisnisniuiaviouiminueszaaainenll iedalanuazdn
LNIATUINUDINE LR8I IneldimadanisUszalananIn (Image Processing) Way
TAssneUszamiisn (ANN) Taedin15Anfinasien uuuLazAUTRENSUN8AN LT
Iouualusuning o1 uaggavesiisinenlyd Falnsvaaeunivan 7 35 ngldyndoya
UNANUWANAITU FaNUINITNSN 4 ALBUNA 2 A1 Laun WUl UagAINge ignane
Y] Ao W Y & A ' a Y . . a
ABANWZNENNYDDNUINITATMNNUTVDINZUNNYNLUAINY Binary Algorithm UAIAIL
wiuggeandl 96.72% [4] Feuenanlasernglsyamiisunion1siieusiidnuad dulnns
aueIsn1sinvuningaiedsnisiug laun S.Anjanayya wavag (2023) daueisnisin
wninglagldneuiimnesidu (OpenCV) Fal435n15819899ningAsvuaie Tilans
Uszurunuiug lasdinszuiunisnaun1suszaiananIni la Gray-scale Thresholding

Gaussian Filtering LeaAFyaIMTUNIUYBITUNIN warldiATensunIneien1snsiadu
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¥9U Canny Edge Detection ﬁauLSﬁwajﬂizuauﬂﬁiWWQmnmﬁmiauﬁ’uwwwﬁma%ﬂé’aﬂwﬁa
fvusveuluaLagld OpencV iluitsidulunsinnisamingdsazldvuiaingesnn Ao
AU wagANe1 dawadnsnisnaaeulasligunmuuuiSealniifidinuusiugives
Tuinaogf 97% Fenadnsildernazunndrsiusenlumudunn [5] uanainil Preeti Topno
wazAny (2019) lAULANDNITANT YYIUTUNINTBIFUNINIINN1TATINTUVOU (Edge
Detection) IngthgunmBunaluviin1snsiaduveu 4 38015 Laun Roberts, Sorbel, Prewitt
uay Canny nuandtya usUNILTEsgUNNEEISN1S Median filter (M3nsasiaeengise
§7) WUin38M3 Canny lénadifian iduveuiininutaau uaz Noise anas Ineitlsigade
Muasdeadfiyresnm Ga3aand1 PSNR (Peak Signal to Noise Ratio) 7iflenfindu Saus
vendsrulngidsatunmduadtuaniy [6] sxiuininaiianisnsiadureunie Edge
Detection tiletunufuldiumaluladdyanussAvsnaznoufinmesiduudadadnig
gunsalnsuentuldsiunie Ty Sahil Khadane wazag (2022) ladinsldinatinnis
#T193U8Y (Edge Detection) $aufunaNfingasidu (Opencv) ilensradunagszyuunn
Sngdieglunn Tneld Raspberry Pi wag Pi Camera ilodunininquazUszanana Janan
Anuntugessruulunsiasuineg ivszanm 94% dsnnsmaassdannsnifufuuuy
WAUIN15YIUYD9TEUU loT wazn13nsiaduingsaluli@d feanisannuusiugigly
gnamnssule [7] Nguyen Duc Thong wagane (2019) AU laueseuunIsAnNIANELN
SoluATd3SnsUsTInananIm (Image Processing) wazlasstneussanviion (ANN) 3l
nd09 CCD cameras 911U 2 falunisAndiuvulazdudis 1 evinsaienm lunns
AU Lazdauenugaiwed uagsvifivdenuzaing arndudeiminan
Loadcell AlFRmMsAniriugaaeniu dwansaanuimiiudenuzihaaginisdaeen
suft uazdeyaiildannsduiminds Load cell uagmnoam ldun wuwia (1919 87 uae
39 azgnihuumsudulumanisonneeiauduvie Linear Regression Lloldnaunislunis
yugmthmiinuzang Ssamsnaaeuszuuiaunsnuunuzangdednedsyansamens
ANULUUENES wazigann1sidusenulunisduundszianeieile [8] Thanh-Nghi Doan
wavan (2023) IadauessuunsdansnuzdesmusTaTld3snsUszranann (Image
Processing) LLazmiL%uimaqm%a (Machine Learning) Wuiieatu iieanainudesnsld
LSNULATAIETINSHARATUSEAVEN N Tnsutsuzaingeen iU 3 1nsn 1nsafl 1 naun1wd
laifisesdwiedmiuaziumidnann nd1 620 nu nsadl 2 instunansduiinegszndig
500-620 N3 uazinsadl 3 fseadni Alimsuarddimindesndt 500 n¥u Ssannns
naaeuiiANuusiuslnesImogn 88% [9) warlulszmeduieieifuduiiinyosuzain

[y

d1Aty Sourav Bagchi wazAnly (2023) FallauanisldinafianisiSeusvedaias (Machine
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Learning) lunmsduunuagasiadeuamnmuemizaiduiosnluii Jesznoulufeitnng
Uszananan I (Image Processing) wazaeuimesitu lasdemsinindemeda Local
Binary Pattern (LBP) 91n1ju Classify wuu Random Forest waxld SVM drwiunissiuun
aaunm Tngannnisnaaeuldlunauazussginguszasd fe Wloduunuazdseifiugann
yesuzai lnslowiglunmsnmaduaadwdedmivuiauzinsiivevenislsavienisinde

ava

(sauauunsalug) Fauinnssuiitgliiianmsinunsaunsnuaznisu]ifgeamnssulueuian

'
a & =

161 [10] Feaziulainainednaudsdagiuladinsuwmalulagdaqn Uszhvg daldun ns
a % = = ) ' = a fa o
SeuveaaIes MISeusBEn lassiguseamiion MIUTsiaranIn Asuiine Ity
WuUssgndldivanamnssuuindu Weswnduisnisiianduyunisude wazanniny
a v A
AANa1AINUYwdlanTan
= a v ¢ N v 17 a a ¢ o

nnguuazUsimiissunssufeitunisidmaidadyyiuseavg n1simun
wAlulagn1e AugAaIMnITINEASNNAINTRY a1unsatimaliasiig o Msussidung
n1sUszliulsgansnmvediuna tuldlunisussunamuin nsfauenled wasnisfnwen
AuNNYeINgdalInankldmiunsdeeentaznisatesidlned1alusedniaim made
Jayauseivgmariauisalusulglalunaisuiun lnensussendldedngneiauas
WNzaNazgsiuauaIn Uszdnsain wazandaidanainlunisussiiuguningadu
Uselewlog 198 90n15USUUTINTEUIUNTNEAKAENITEN00NTINTININNINTIFINAING B9

nszuIuMskaIsnsanlunulunmsaslanansalusunsuazegluundall
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35N150 1 HUIUINY

luuniazdausnszuiunisiaztunouidn1saniunuide gunsal wavinIoee

[y

dmsuldlunisiiusivsudeyauazinsieideya dnisesnwuunisiiudeyadiniunis
AndulaaalagldinadatyyiuseAugane 4 annguildndndduund 2 Tnedisng
AU LLam"Lug‘Uﬁ' 3.1 uwseondu 2 Tuneundn e nswssugadeya Liuteya
(Datasets) waznsindunaznaaeuluna Inenisinduuaznisneaeulunaviolusunsutiu
Tuawiseduvsesndu 3 @ ldun dawil 1 nsUssanamwn (1319 81 79) Yo
vheenls! dawudl 2 nsdauenlsduzisinenls? (25,5, M, L, 2L, 3L) wavdud 3 nsfauen

AN (A-1F8) vosuzirninenly

maasuyadaya (Datasets)

dhenmuzainaimentd
— Y
Faundeniuuau

finvaugunm (Crop Picture)
Thwidevun 480 x 280 finwwa

l

‘ wasnmdilunmana-in ‘

RGB to Binary

nstlndusaznageulung

(Training & Testing) ‘

Anelunasvaaaulung
. p )
uusaanily 3 du

}

)

daufl 1 msUszunavun

(Estimate the Dimension)

daudl 2 medausnled
(Sorting Size)

doufi 3 msAnusnAmAT
(Sorting Quality)

v

Yuugauazusudiu
Uszdnsnmuadluna

i

|

Juiinwauasinneideya

SUM
Y

A 4

ﬁuua‘ a

3.1 BHUAINATNNSAMDUIUINE
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31N3UN 3.1 wansvunaukazaunInIsn1sAdununlaldmadadyayiuseaivg
(Artificial Intelligence) Ingldyndoyavesuziirninenliiuidnasalugiudeya (Datasets)

(%
v A

dmnfumsdseaiana Jeyatayannanusenaumeinuiuuziidnentdudagled fail

3.1 Fuudeyavesuzsiveiinenlyd
lunmsnaaedlduzaitninenldiuginesiiuiunmun 61 gn Ussnoumeusdiai
nonliviavan 6 lud lawn lod 25 91uiu 12 gn lod S 91w 19 gn led M 91wiu 12 gn

lad L 99w 7 gn lod 2L 91wiu 6 gn wazled 3L 91wiu 5 gn eeuasgiulunisdesen

[
Y v A

wzshaheenldasldiimsdaimindseanunsouvsmnutisimenld sl

Size 25 quintmiln 225 - 249 Ny

Size S U min 250 - 279 NS

Size M awntuidn 280 - 329 nda

Size L Furmin 330 - 379 ¥y

Size 2L wwatmitin 380 - 449 3

Size 3L wunntwiingnnndn 450 gy

mm‘7{ﬂa"nmﬁﬁwqéfuﬁjuiﬁﬁmiﬂ’uﬁﬂsﬁayjaﬁummmhqﬁ;maﬂiﬁ Tnetuitnimdn lod
wazvun (1913 871 g9) Wievlugnisassyadeya (Datasets) dwsiilndulunasmeinaia
Hyausvhvsrossinaheentsl Taonsaiigedeyatuigunsalluninfudeyaisniaiy

¥

Joya (Data Acquisition) dnsunisindulaznegeuliag sail

< 17 o _og0
3.2 nsnuYaya (Data Acquisition)
nsldwmaiadygivssiugiiioUssuiuvuin Aonunled uasAauenAuAINYDY

v ] % =<

ugshanenldl lumsiiuteyadmiunaaswasnaaevidnludesnsounquiiuniivel

Y

o (%
[V Y] =

UsTamuingusrasAveside dely Jainstuiindeya laun vwin (0 817 g9) dwniin lud
wazfinisaenmluudazyuesfiuandeiy ielildsuiugadeyaiidanumainuany i
gUnsaidwisunafivdoya fil
gunsainafutoyadmitiiniuliwnausznoude 6 do dail
1) ndeaduuau Ju Logitech Brio 4K
2) andilnes
3) waeabrliuulFumwainele (Dimmable LED)

4) nesisAmdaules
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5) indosdaimiinAda
6) AN IUnNagaU (Conveyer)
Mntuiugshsiheenlifinvhmsasunn daimindessyled uazaatufintoya
wansssluguil 3.2 Safudoyalutiengniavesuzhainentsl Gluie-wwiew) Tnedate
ugahseonlsl a naimaadoulsey 1 ama) uninerdemaluladgsun? wasamiaidialy

Mad JInuATIIYENT

JUN 3.2 myinvunanagdaininveussiininenlil

nstuiinvuawaziIvinuzuineenlazltiesiduanauiasiun1sinvunn 270

<

JUR 3.2 Tumsinvunaludiunite 13 wazas deazinusnageiiivuianiiwnnian 13
WNAgR warvgunigaluwsiazay tardedminmeesesiamtnuuuaivia Funsaive

' v
s = v o

& a o aa v Yo = . . v )
nastleAIaulueg LLaSLﬂ‘iﬁ]ﬂ‘ﬁﬂu’]ﬁuﬂLLUUﬂﬁ]V]ﬁlﬂVﬂﬂ?iﬁ@UmﬁJU (Calibration) 2811530

14 1
v v a

Gummt,azsﬁ’aﬁmﬁﬂﬂmmqwwsﬂuﬁmﬁﬂLLazsuumﬁQﬂéfamé’a L19YINNISIAVUIALAL T
Yudniasauan hnstuiinnadeya
1 o Y] [~ £ o [y} Y o a % < a
nsanenndmsuilugateyadmsulindu (Datasets) lavinisAandesiuwand
' & | a A RS vy a
TEUENIINNUAIENIUBYT 55.5 WURWAT wazTiuSnayanaaeulainisinnasn LED
F1u3u 2 iaen aeandlugui 3.3 Fadudnvazuuuuiuaiuadnald (Dimmable LED)
@msuanenn Datasets 2 Waulw lawn Waule? 1 arenmlaglduwasainsannnaigluiesuni
7929AUAIN9 430-450 and waziioulef 2 Weanasn Dimmable LED Tdanuadneiiegae

1000-1020 ang
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JUN 3.3 gaangrnunaaeulargunsalinauaing (@nddnes)

amgneildannisliindesivuaneziinnuaBenegi 640 x 480 finia Aawandlu
JUT 3.4 Fafeidunnsguilasunsgensvediaunsvalsdmsunisidanumluiundeaiu

wAy ANAsBAilieINedTUNISTUANTIEaS B8N NUFIUTDINIIN 1Y SO EIAILNTD

wpswiuldisanUan (Visualization) viliansahgunmldegnafiussdnsnm

. —

JUT 3.4 nwillsiannndesiuwan Avunn 640 x 480 finwa

nduzuamignssurunswssuuninnewinlyldaunieussuiananin
\Uassu (Image Preprocessing) oA n15A5aUAR (Cropping) 9¥INNI1SAAYTOUAIUTDININT
Lidndueenlidaanziuid Ay Insaggunmiidiowin 480 x 280 finwa JUN 3.5 uans

AMAYAYIINITATBUAR
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480 x 280 pixels

TE.Y

SUN 3.5 dundsgunniignitnisaseusdn (Cropping) vum 480 x 280 fintwa

nFUNNT 3.5 mapseudanmlidsuuin 480 x 280 inwatiu gnidenduiiug

[ o

d1AYdImMTUNITINTINEANAIINAAIALAG BUNDIAAATUTENININTANEA WL BNITTA

<

VUIAVDITAY L'ﬁmmﬂm”]Lmu'amimﬂi’mqiuﬁuﬁﬁjﬂhaamNaﬂiwumﬂymﬁaaﬁawa%’w
AuAaLiigursnIW (Distortion) WoNAINil uawwazANAT sAdesTsingudaansly
Fumising q Ssdsuadonisueadiurgazdeauagsnivesingedsiaau fewgd ns
vuafiufiaulalunisdrenmil 480 x 280 finwa Fudunaidensunisiiuangaudiae
dieltannsntavaingldodsuiuduazatuaue andgymileraisanaufiadioures
AwnarnsnsTateveLaslunmate uenandduililaniwiiunds (Backeround) M
ansnundsianzanemny Belt Conveyen) silsilsidugndoyaniiiuiouaiiouyanisaisyed
934 lesnndnwazaniludunsanefedasldgaaeniulunisdndeeinviodves uas

nasantuiniswlasnmainamdsuadulmdunineni-an Taeld Binary Algorithm f9

a

wanslugun 3.6 Fududiunilivestunaunisuszananan nlawiu (Image Preprocessing)

(%
aa v

nsuUastiiiingUszasAiatiunauandavesnin leeviliaunsalndanseazidendAgy

9
[

voeingladnauiaty nsulaadunmeni-daivananududeuvestoyanin vilviaunse

[y

spyveuakaz U veringlakiug1ty FudutuneundrdglunisiessikasUseuiana

ANANNBNITINVUIALALATIADUAMNINVDITNE
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U7 3.6 awiignyinisaseusia (Cropping) waznmignudauiunmeri-an (Binary)

3.3 A5N15NNADINUIY
N1398NKUUNITNAGEIUITElLUINIsadaueanlu 3 diu auingUssasdves

Ay TowA NsUssanamun Mafawenlad waznsankenaAunInvaszilniinentd &

'
= |

Tafinslimatiatdgyauseavsnunna1eiu laun msussanaauisaldinaiianisussuiana

o«

A (Image Processing) LLazL‘l/lﬂﬁﬂmiamaEJL%QLﬁuWW@Jm (Multiple Linear Regression)
nsAnnenledazimaianisisousigadinaieIsnisiaseielsvainiiioy (Artificial Neural
Network : ANN) uaznisanugnaunnliinaianisiseusidadnaigisnisiaseiigdssam

\Wiguuwuumauligdu (Convolutional Neural Network : CNN) lagamnd uiudeyarasuzsig

A o ¥

nenlfluien 3.1 lolinsAmdenduiuteyanasinisutouyadmiuididnssuiuns

1%
¢ o A

Hnelulumamewatiadyg Useivg fedl

B

3.3.1 uyadoya (Datasets)
ungatoua (Datasets) lumsiarulanalaienuinannusiadinenly

L% s

ftuganesita 61 gn Fadusunmiliiunszuaumsuszmnanaamidesiuludod 3.2 wud
Fadudnnuyateyaseniu 2 dundn 9 Ae yadeuyadmiuilniu (Training sets) wazeyn
Foyadmivmnaasulumaiignindusudiduyadeyailsiineiiusnnou (Unseen Data)
Tnauvadudeyadmsulindu (Training sets) oanidu 3 du leud Training 70% Testing
15% wag Validation 15%

Ingluyadayad miuindu (Training 70%) Usenausie UM nuzaiehuas
uparudeogieay 420 3Unw a1ndugUAmNIINSIR uTuauteya (Data
Augmentation) Tnen1sUsumLaIN + 5% Taviedu 2520 U gﬂﬁ 3.7 wanansiiia

undeyalagIsnisuTuanuadng



Original

+5% Brightness

a2

-5% Brightness

JUT 3.7 Matiiwdwiudeyalagsnisuiuaiuaing (Brightness)

Yadeyad1nsunaaey (Testing 15%) waryatoyad miunsIdaounsg

(Validation 15%) Usgneume jun1mdzsiiuazuziiadyatieme 90 JUAM uag Unseen

Data Usgnausig Junmuzahfuaruzahudeedeay 50 JUAN Asm15199 3.1 uansdnuiu

Yataya Datasets dmTulniuliLag

MN519% 3.1 Datasets @nsuURnHuluLma

- . Datasets
YUAVDINLHI
Train (70%) Test (15%) Validation (15%) Unseen Data
uzshaneenls 1260 90 90 50
uyshanaenliae 1260 90 90 50
924 2520 180 180 100

31n9151991 3.1 lun1snnaeens 3 d@a mudnguseasd tawn n1sussum

w19 M3faled NsAnkenAunIn Agliyadeya Unseen Data YaLAe nuvianandIuu 100

sUnm Fausznaulumenmuesueiiaiinenldusiayly

Size 2S
Size S
Size M
Size L
Size 2L
Size 3L

119U 31 Un W
117U 32 FUA M
U 11 U
1 13 sUam
J1uu 8 U

19U 5 gUA W

1
f v A

GRAN
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Fesmunivseneudegunindiidunzaagd 50 gUam wazuihads 50
sUam Iaensld Unseen Data yafeniudimiummaseulinnaiduisnisivaoifiua
ihidoflevemansvnnes warteliasunaldognagniosuasusiug Bty

332  msUssanavuiaszaitanenld

nsUsznaruInveszainenlsl (03 812 g9) dnrsldinadanis
UszanananI (Image Processing) WazN1sueLiumeAsuitaed N1sUsENIUIUIAAIL
niefiuaue wagldinalinnisannee@adunvan (Multiple Linear Regression) Tuns
Uszanauwuinnugs sauansluguil 3.8 unuandsnisdidununisussananuinyes
urahahnenldl fwsdiuindnmsuvsnmsussanauuneenidy 2 daw fio msUszananig
nf1efuaueILaznsUsEIunNgs dadleldaunituazanuenainmadanis
UTEUANANNLAYNITUBLAUMEABNALADS R28N15M Library OpenCV (Open Source
Computer Vision Library) #a8uiifieslunislduszaananimmioinle Taevhnisnsiadu
InquazldmaianisUssuiananin fe faaslunisAuniveulun (Contours) agn1s
n3133UYBUINgAI878N1T Canny Edge Detection lag3isn13nsiaduveumeimnailauauilil
n3fimuaAn Threshold fiveulwnans Ae 140 veulwaLY fa 255 vnsiavuialagniss
nseudmasudensouing INTUILANNTAUTTINAUIAAIINNTIT (Width) UWazAI13E
(Length) senulalumhefinea sntwihnsulamusanfinwafumbeowuiiunsiae

nsialumbeiinwauinuiuensidiuana (Scale Factor) lunuideiianyadeyaves

1153197 AR RS EIUANATDIAIIUNINGAD 0.105 LAZPRNSIAIUANAYIAINLE1IAD 0.110



aq

( Estimate the Dimension )

OpenCV v
Multiple Linear Regression
Length Wldth
(unit: pixels) (unit: pixels)
Equation 6 Set
SF =0.110 SF =0.105 Eq order [i]
v v Eq [1,2,3,4,5,6]
Length Width
(unit: cm) (unit: cm)

Select eq [i]

v
/ Equat|on 6 Set Eq[i]

i=1
min > W > max
Size [i]

+(0815Wdth) + 0.1 "Langth)  #25
e G a5 1a ngth  #S
(@15 Width) - 0.097"Length

h) + 0.078%ength  #L

046

»
»

Dept 0.467Width) + 0.074"Length

Dept (L756"Width) + (754" Length)  #3.

Yes

Depth
(unit: cm)

Dimension

E‘U 3 8 LLN‘L&ﬂ’W‘W’Jﬁﬂ’ﬁﬂWL‘H‘IN’mﬂWﬁﬂﬁu‘&lﬁmsllU’]WU@ﬂiJ”ﬂJ’NU’maﬂlﬂJ

PNUHUNINIBNTANTUNUNTUT U UAURINEd9dInenld Tudiuves

NM5UTENIIUINAIIUNINUAEANNYNT IS NATARTIITUVBUMBLAUTLALNTAUNT

Yauwn (Contour) lakaans dauandlusun 3.9

(Contour)

SUN 3.9 fe819n15MMATANTIITUTBUMELALTILAZ NSAUIVOULYA

Y
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Tudiuresnisuszanuenugs (Depth) vesuzahsinonldl fewmadanis
anneglanyans (Multiple Linear Regression) lnglddaudsdase (Input) As AI1UNIS
(Width) kagaued (Length) Tunilewudiuns uagdwusniy (Output) Ao AINES
(Depth) Fsandoyaldinisudsludvormsanaiaonldlunsindulieansannesdmman
faifu Faldsunuuauniseonsmiavan 6 auns fall

Size 25 : Depth =-0.076 + (0.815 x Width) + (0.04 x Length)

Size S : Depth = 7.117 + (0.21 x Width) - (0.19 x Length)

Size M : Depth = 6.465 + (0.155 x Width) - (0.097 x Length)

Size L : Depth = 8.685 - (0.467 x Width) + (0.074 x Length)

Size 2L : Depth = 8.685 - (0.467 x Width) + (0.074 x Length)

Size 3L : Depth = 9.01 - (1.756 x Width) + (0.754 x Length)

Tunszuvaumsienesidoya lednsimundmdaioululnedredeaina
nhsveszthainonld Fusnndogasieildannsinanunisveseiag lnensld
MswdonnswiitennA1san (Minimum) Agegm (Maximum) wagAede (Mean) U93a21a

nivenziwiagledliegadninu wandislugun 3.10 Tnowansdiiudiainueigly

o

WHALVUINTAINUNINNARIEARINUY NIFAATILHUS NURTNsTouruildanudaglunis

o

AMuuavaUALazUsULesAa douluTrwueg1 893y

ANUNINIUBINLIN AN LI91NANTINRS

9.00
8.50

M ss
8.00 Hs

Hwm
7.50 - m.
7.00 W
++ (L REEE
6.50

°

Width (cm)

6.00

JUN 3.10 nvluansradIAUn ez usiraylud
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PNATINLANINAAIAIIUNI VB INZALATAZ [E A1 5OLUIT9IAIUN TS
ponidu 6 Jouly il

Size 2S5 : 5.000 < Width < 6.400

Size S . 6.401 < Width < 6.800

Size M : 6.801 < Width < 7.170

SizeL : 7.171 < Width < 7.690

Size 2L : 7.691 < Width < 8.060

Size 3L : 8.061 < Width < 11.000

Fengrsesnnunievewzdininenline 6 Woulvuazaunsiilaan
mamau’luLmamimaaa@awm@]mﬁq 6 @wn13 @111509 N s T ULNUAINNTEUIUMNT

anaulanisussananugs Depth) Io U7 3.11 wanausunineun1sandulanisussun

AINUEN
Y
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( Calculate the Dimension (Depth) )

l

‘ Multiple Linear Regression ‘

l

Depth = -0.076 +(0.815*Width) + (0.04*Length) #2S
Depth = 7.117 +(0.21*Width) - (0.19*Length) #S
Depth = 6.465 +(0.155*Width) - (0.097*Length) #M
Depth = 8.685-(0.467*Width) +(0.074*Length) #L

Depth = 8.685-(0.467*Width) + (0.074*Length) #2L
Depth = 9.01 - (1.756*Width) +(0.754*Length) ~ #3L

Width & Length
(unit: cm)

i

5.00 <= Width <= 6.65

True False

Next decision

6.66 <= Width <= 6.83

Depth = -0.076 + (0.815*Width) + (0.04*Length) ‘

True False

Next decision

Depth = -0.076 + (0.815*Width) + (0.04*Length)‘

6.84 <= Width <= 7.17

True False

Depth = 6.465 + (0.155*Width) - (0.097*Length) ‘

Next decision

7.18 <= Width <= 7.69

Depth
(unit: cm)

True False

Depth = 8.685 - (0.467*Width) + (0.074‘Length)‘ ‘ Next decision

Depth
(unit: cm)

7.70 <= Width <= 8.18

True False

Depth = 8.685 - (0.467*Width) + (0.074*Length)‘ ‘ Next decision

8.19 <= Width <= 11.00

True False

‘ Depth = 9.01 - (1.756*Width) + (04754*Length)‘ ‘Depth = None|

Out of range

JUN 3.11 ununmieulunisdindulanisuszanaaiugs

A I 9 Y = o ° A ] Y] ay v
LN@I@%?Q%@Q@?W@Jﬂ?WQLLa’J'ﬂQﬂJﬂ’]iﬂTwu@LQ@UI‘Ui'JﬂJﬂ‘UﬁﬂJﬂW?VIVL@"U’]ﬂINL@a

n1sanneelanAnl (Multiple Linear Regression) Lieyinn1sidenaun1slunisAuinm



a8

Arugs dvtu devhasutumeuiiuda axldvuinvesuzshadinonlsl WA aamwnda (Width)
AN (Length) uazANEs (Depth) flansnsathluliusslevifunsanesedls

Tnadlofinmsussanamuinanunitawazanuenlunisfingauds 39ins
IUsvlomiannadnsiladialunsadrslunadmiudnuenivdvo sz lneldnisindu
lumanlgauinaniniaazatelunuginea nsldnasaivualuazinaia
e Usehivg Feiiznsuartunenlunsdnuenled el

333  nsdauenlvduzaineinnenld
nsAauenlvduosuzaainenls wseendu 6 led Taun 25,5, M, L, 2L

I3

waz 3L lngldmelialassineUayayruseaeg (Artificial Neural Network : ANN) T¥yatoyalu

<q

MsRNNLlIee JUN 3.12 wansunun1ndsnisaiivanunsanuenleduzaiadinentd

C Sorting Size )
v

Width & Length of Mangoes
(Unit : pixels)

A 4

‘ Artificial Neural Network ‘

Mango Size
25,5, M, L, 2L,3L

End

JUN 3.12 wnun1wisnmisanlivanunsAnsenladuzaitnnnenly

nsAnnenledvasuziisinents wuseanidu 6 Tad laun 25, S, M, L, 2L

s

waz 3L lngldmelialasaineUayayuseavg (Artificial Neural Network : ANN) Tdyatoyaly

<9
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nsRANulaeg Akanefnised 3.2 edinnsulastayaaingunmduiiavauniiag
ANELURIERnEE Aemalan1IUsTUIaNanIN (Image Processing) A9l 3.3.2 N3

Ussanauunnvaalsiiainnenlyl kaziiiosannininuziirudsiinanuidenieusiueu

=

et veayannuninewarAuen I undiginau N sia 1SNz vlumaiin iy

'
1 I~

Aamaladeuiigs fadudsdnsdmdendeya vilsideyadmiu ANN model fivisdu 2184
Foya Tnounainnisiguaindvsuye Train fsans1ad 3.2 $1u9u 2520 sUam Ty
NTEUIUNTUUANILAAUNIILAEALENIMBIATARBURIADIITY (Computer Vision)
Ingld Library OpenCV wazuisyndoyasonidu Train 70% Test 15% wag Validation 15%
Tnesznaudneduudoya dail
F1uutaya Train 70%
Size SS 31U 421 Yoya
Size S 31U 519 Uoya
Size M 91U 236 UBa
Size L d1u7u 185 Yoya
Size 2L 91171 88 oy
Size 3L 79 Uoya
uInteya Test 15%
Size SS31UU 78 Uoya
Size S 17U 114 Uoya
Size M 31U 55 Uoya
Size L 97wiu 35 doya
Size 2Lg1u3u 29 . Toya
Size 3L 31 17 Yoya
uIudeya Validation 15%
Size SS 31U 85 Uoya

Size S 91U 108 Toya

N

Size M 91U1U 63 UpyaA

€

Size L 97U 31 vUeya

€

Size 2L 97U 17 U9

e
}2))

N

Size 3L 91UIU 24 9B

e
j2)]
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AMNUUENHUlImasmemata ANN (Artificial Neural Network) Iaglgnnsana
A99591NNSHUINUIUANRAVDIANUNILALANULIINBNATALASINUNITUTEU UL

Faleun n1susznanan nazlusunsunIsNeLumensuianes (OpenCV) Astiu 31nTu

v =

dy s 1 %’ 4 1 4 =~ ¥ a
nouillalvdvenriinenliegregnaes iieuselovilusiuaunimuazsiavesdudi @
wenannsAnuenledligndesds nsAnuenaunwd msunzaendsmviuay lddwin
aunsadinyaf1vesdumlauiediu dau WevnsAnuenlediSeuiosudd 39vin1sAn

Y v < a a ¢ 2 A o &
wenaunnlagldndesivuauwazimailayauseiivg Felltunaulasnszuiuns fall
3.3.4  MsAALENAMNINLIUnanld
nsAnkenAnnINUeINzduInenliagldinatinlasaingussam
Wenkuuaauligdu (Convolutional Neural Network : CNN) @aflaanuusiugrgailadinisly
sUunn tnenisldsunmuzaaninenldifgnudasnin anama@liiduena-an ievinli
ansoAnLenuzadikardrindel 1neliign1s 3UN 3.13 uanaunun wIsnsadueny

nsAnLenAunNzasnenld

( Sorting Quality )

A
Mangoes Size
25,5, M, L, 2L, 3L

v
’ Convolution Neural Network ‘

Model CNN xxxxx.pt

Good

Mangoes

Not-Good

Mangoes

Reject

End

d‘ aqa o a v 1 96’ 2/
E‘U‘Vl 3.13 LLNUﬂWW’Jﬁﬂ’ﬁ@I’]LuuQ’IUﬂﬁiﬁﬂLLEJﬂf’]ﬂJﬂ']WlISiJ'NU']@@ﬂI@J
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Tumsdausnaunmuesuzahainenlsiuweiiseandy 2 Yssanudn
¥ ussisfuazuzinade Tnefinasimsfionsan dil

uzaidef vneds uphafifiganings JsazdesdiuudeniFoudeu ddu
anla uarlifidmifiannsouesiuldfonia wu sestn sesuna videgamiflenaiinan
Tsauouunsalua ushavandfeinduusshsiiauysal wioudmiumssmieuasuiloa

Uzi0Al NUND Yeiandduiadsaiuisauaaiulaslenuan see%n

A o Ql' 1 = QI b4 1 Q"QJ 1 1 J
JRULHA Y303ARITIUIUaNTINTISUAuYadlsAkaULNIAlLE uzdandTneylunguilaglyl
° ° ' & | N a | PR ' & al
aunsninludmielungiansansidleuviedisenta WeosnAunnlinswun
ANVUA
lnglunisAnuenaunInvedueng lmallalasaiedygiussAvguuunau
Tg?u (CNN) G?NLﬂumﬂﬁﬂﬁﬁﬂiz%w%ﬂwwqﬂuﬂwﬁLﬂiﬁzﬁuazfﬁﬂLLuﬂgﬂmw Feldyntoyalu
nsEnEulimakaz g uMeYATala Unseen Data Wannansnedl 3.2 Felin1sudainin
af V& o v o ¢ N a a o L Aa |
PnaEliTuame-m waglinisadailiesannsiiineadmuuiunduivesgnuzaiis
NITMIAIuUkaznITERNIUUNSAda Ut Iiiduiuyateya
(Datasets) filsiannnisiiudayalaenisatgnin a1ntuvnisanveunn ludlvuinnin 480
x 280 finwwa wazvinisuasandliduna-a daensld Binary Algorithm Taasdiuiuge
Uouya (Datasets) WARAIATIN 3.1 MWI%L%N@@%@%@IUM??MNHIML@ﬁﬁﬁ 3 @ nedun
1 o nMsuseRnaunuzaianenli laua Anunde (Width) wazaueny (Length) agld
a b < [ a [ .
wAAN1TUSELIaNaNIN (Image Processing) wagn1suaaiiunignauiimeslagly Library
OpenCV uazn13uszunauuInAIues (Depth) G’T’JEJLmﬁﬂmmmaaL%Mﬁuwmm (Multiple
Linear Regression) ludgiui 2 n1sAauenledugsiiniinenld deugiiniinenlddmsunis
dspanaznuseanidu 6 lud Ao 25, S, M, L, 2L uay 3L lagldimaliansieusidedniasang
Uszamiiien (ANN) agduin 3 n13fanenAuIvesusinnenlidefnuenuziihuag
uzindeniisegdnil lagldinatdanisiTeusiddnlaseigUszamiiionwuuaouligdu
(CNN) Wavinsiniulinaua ez linau1vin1snaaauaiedeyaganaaay Unseen
Data YALiediuva 3 d3u Fanan1siniy n1svadeu wazUseduuseansnmveddunasy

Jausluuninld



uni 4

NaN15IgkazaNUsIgNa

Tuuniiaznafawan1sidouaznisedusena Feasuanmanimaasduaznaaeuly
SULUUYRIgUN N nTAENTUS wazan1e Ingluanuddeillatinmmeaeulneutisanduy
3 @ lawn nsUszanaswn (0119 817 g9) Msdauenled (25, S, M, L, 2L, 3L) uagn1sén
LaNAMAIN (A-1d8) vesuziirsnenlyl Felatinsldmadalyayuseivgrainraiomeaila
dunuszenslddielilalunaninnuuwiugn lnendainnsinduluwaasoaziinsiluea
Tumsuszanauun nsAnkenled wazn1IARLENAMNATN UMAdaUMEYRToyaYaLALINY
A ¥ Ao < ! = Y 1
Ao yadayanliiaeiiuiineu (Unseen Data) UM 4.1 uandsiegananisnaaeulaaanis

Uszanauun AnlsduazAntenAnunneig Unseen Data

Width: 64px, Length: 125px, Prediction: Good Mango Width: 65px, Length: 128px, Prediction: Net Good Mange

Width: 71px, Length: 146px, Prediction: Not Good Mange Width: 64px, Length: 145px, Prediction: Good Mango

Width: 62px, Length: 116px, Prediction: Goed Mango Width: 78px, Length: 150px, Prediction: Not Good Mange

U

JU 4.1 dreghamanisnaaeulunan1suszanaung AnlvduazAnuenamnin
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INNANINAaRITAUlALaRIwITITUTInNaN TAgeUTuNANLIN 2. FaanITaNg
nMnegeulinanTUsERIAUWIN NsAReNled wasmsdaLenauIn MSeulisusEning
HaLRALLAZHAN1TYIUIEAINtUeEe tnsran1Inaaauluwans 3 @3 AleYanAaaU Unseen

Data ¥MN153AIEkarafUsIeNale Aatl

1 so’ v
4.1 NANIINAABUNTSUSZUIIUINVD UL naN L]
1 H vV | a av &

mMsUszinavuaveeininenliiludiui 1 veanuideil lagn1suseununig
niazaueagldinaianisueaiiudisaouiowmes (Computer Vision) wagnis
Uszadanann (Image Processing) kavn1suszanainugs Idnatansiseuiveniamieg
n1sanaeedanvaa (Multiple Linear Regression) @9a1nnsiniuluinaiiiainuimaaey
MEYANAEBU Unseen Data Ui vimsusziliuusgdnsnmvadlinania Mean Absolute

[

Percentage Error (MAPE) waz R-Squared (R?) waARINa LIRS 4.1 Fadl

AN5199 4.1 NANISNAFBUNISUTEUNUUINYRINzIsnantsl

Dimensions Mean Absolute Percentage Error (%) R-Squared
n313 (Width) 3.038 0.9985
817 (Length) 2.799 0.9987
g4 (Depth) 5.732 0.9948

INHANTIUR151991 4.1 UARIHANITNAADUNNTUTEU IR YRz nanlsl
WUINLDTLATILVINAAIEAT Mean Absolute Percentage Error (MAPE) n133nuuialusiu
v e T T o oA = a1 o ] !
ANUNTNY ALY LarANgIRedndia1AmliiugNgulesInilal Error Yaydn 10% (AN
MAPE @1 Error Weenin10% nngis danuusiugiunnndy 90%) Finmsdasisinanie
A1 MAPE #WUI1AIAINUARIAAROUYBINITUTEUIUIUINAINGIAGINan AR 5.732% B
g1ainanAuduiusvesiulsldauysallnglumanisannsedanan tun1sviuieg

v 6 1

ANNEITUE ST INEILUIANY (A2Ng9) AUMULUTBaTE (ANUNINUAZANNETN)

Al vinsiarsanUseiiulszdnsamveslumanisal R-Squared (R?) agWuan

[

A1 RZ 99 3 A1 AAINLIIENEA 1.00 FINU18ANNINLULAAAINITOYINUNELALES U1gAIY
1 val =3 1 @ 2 I = [y} 1y I3 1 £y}
wUsUsruvesdayalan uitvegslsinny R? ldusnfismnuduiussenineianys uasnans

UsziulszAnSninvedluinaninugenisan MAPE (Depth) = 5.732% @eilA1figeninniny
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Af19arAINE17 §9vn1sTAsEianduus (Correlation Analysis) i ons9d0U
ANudITUs STl IInuLaiwUsBaTy

Tngldmsinnevienduussansanduiusuuy Pearson Correlation Coefficient ()
Fanuin Weldyndeyaaisildannisinainuduiusildainaesadaedunnudusiug
sErinen Az gs AuALEILAEANNES S1A 0.89 Wag 0.80 MudRU Tegenin
fitfuddqdleitouiumivihungls Gaflmamnuduiudszrinemnuniauazaimgs fuay
B1MATAINGS AD 0.58 WAz 0.26 muadiy Tumasnaiidedidalumsiuieludesdmuiy
vosyntoyad msunsiniuliwes wazan nwindeslunisnaaeuliag

AIANLAATIALAADUAINNITVINUIEMIELIAAT 91ARANANTNLINTDUAN & LTU

a

AUNUINITINING LAILATAIINEINS Wudu é’qgﬂﬁ 4.2 WAAIHIDYIIANLAUINITINING

q

ANARDNNSYINUNIEAINUNINLALAIIUED

Width: 63px, Length: 1

Width: 62px, Length: 122px, Prediction: Good Mango

Y 1 [

= a o 1 o ] 1Y)
E“LJ‘VI 4.2 G]'J@‘EJ’]Qﬂ']iL‘UaEJ‘LlW]LL‘Vm@ﬂ’ﬁ'ﬂN'JG]Q‘VIE‘“IQN&G]E)W]TJWUUW@

INFUN 4.2 WARIRIBENAILMUINT IR NdIHARBNTYITUIEAIUNI LA AN
g1 Wunsidsuneiumianisnedng Gdldingdeniu laun st lnenismyugnuzaiag
Tinduiudsazmuindoyuueswainimilasuly dwalinisinvuiadanueaiandou

NFDYIALIAUINAINAIUUY TPVUIALS 63 x 126 ANWA LAZAINNIAIUES TavuIals
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62 x 122 finiwa JaslothAranuniauazanuenlumiefings Wasudumhowufuns
Taonsiaiildngaiiudn Scale Factor (AmA$ SF = 0.105 uaz AILE1 SF = 0.110)
AMAUUNAELE 6.615 x 13.86 WURLAT wazNIMAIUA1IELA 6.510 x 13.42 WUAWAT 91N
A79E1992 U UNLIN1 TR Imane AN US SEnI A IMYT wazdwasienIy
wiugwadhinna ddluemadeildlinsfmuavouwanisiumiimsneinglieglureuiun
480 x 280 finiwa JsldrAnuindouiioglutisiianusaseniuls

uaNaINil watuarANAiiNanIEIUEEIIINFaNITIATIIATEsA M LTBsaInnIs
WasuulasweuasaunsndsHaienunnLazdnvazvesn i ld Tnsamziionmaegn
fuiinluanmuasiuandaiu nwdedfinsdauadhivangaueiivinisinuunuesing
Aannuaaiandeu vioenaiamsadoudnvazvesinglunimld deinnmeasudie
F8sihamaneiidunind wviinsusuauadnawazuuasnmliiduninern -a
wudetufuamiliveaey Jauansiognsdisgud 4.3 fogrsesmmietuiiagluanm
wasnAgafinnuainsedil 430-450 dnd NntusvhnUsUANLATIYeIN ALY +5%
Lazanal -5% wanssialugud 4.3 Tnsamunddiouin 62 x 124 finwa uazHadwsaINng
Wnauaiagilinmiivune 62 x 124 finwa luvarinisanainuaineagyinlinnd
YU 21 x 124 finwa szwiuldiuadifianuainsgadegaiuly sildamainanuaude
uazeazdond sndudivsunsinvuiadiutug luvagivasidanuainsieiaili

Twazdealunmmeliwagyibivuinvesingguinaininnanuiuaie
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Width: 62px, Length: 124px, Predic

Brightness +5%
Width: 62px, Length: 124px, Prediction: Good Mango

Original

Width: 61px, Length: 124px, Prediction: Good Mango

Brightness -5%

%

5UN 4.3 fMedunsuiuanuainiidwanon1sinaung

fafu nsAsusiundamsnadaguagnisrunuaadn dwavinlinisingue
arunie wazauemidieldivaiansnsatureudeiimsssinananmidesiu (mage
Processing) Wagnsuasfiusiereufiames (OpenCV) AnAaunanwaould

TusAdedslddnmsimuavoumalunisnetng Wegnglusumis 480 x 280
finwa wazdinismuauANaInlunIsaenImya Unseen Data @ msunaaaulunalid
AnuaIedioglutag 430 - 450 §nd masan1smaaey islinnsiuteaunitwazady
g1aiiArAuAaInAg aurnfian antuiludulunanisuszauaugadasmaia
Multiple Linear Regression fiagdiananuaaimadoudisn dewsidisdmaliluinaluns
Uszanasu1nnuning a7 wagaduge danuusiuginnnnit 90% dsgnusuifiung

AR MAPE wag R-Squared (R?)



4.2  wan1snaaaunisaanenludussuzitsdninenlsd

nsannenlrdvasnziainenldidudiud 2 1999133l Inenan1snaaaunIsAn
weonlwdvasuziaiinanlislamadalasavnedssaimiiey (Artificial Neural Network :
ANN) Tgadayalunisliniudusivasvesnnuniiwazanuenlumhefinegs Jawnnsgu

Azilnswenuzaiaiinen leendu 6 lud As 25, S, M, L, 2L waz 3L lngaiunsakanadu

Confusion Matrix Precision Recall wag F1-Score @il

NARINANSENEUlURaAEmANALATIUNeUSEaIen (ANN) UseiliudseansSuaued

lutnanienns1e Confusion Matrix gﬂﬁ 4.4 1Lg@my Confusion Matrix 999015 Train Model

ANN @msun1sanuenlad

s3L|l21|2|1]0]0]|o0
2L| 1|1 50|00

S L|O0|1[26[4|0]0
£ m|[o|o]|3 4|10
s|ojofo]|3]|e|7

25| 0] 0| 0| 2|23|60
3L 2L L M S 25

Predict

U7 4.4 Confusion Matrix Y8015 Train Model ANN dwisunisAnueniad

31NA1519 Confusion Matrix Ae3UN 4.4 wudlunaiAiauwsiugl (Accuracy) veq

luLaa Ao Train Accuracy = 79.878 % TLLEAINAAT Precision, Recall way F1-Score Wans

1A@an15199 4.2
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ANS199 4.2 NANISNAFBUNISHNNUNSARLEN dvauzaatinanlal

ludvosuzsiag Precision Recall F1-Score
2S 0.896 0.706 0.790
S 0.726 0.907 0.806
M 0.836 0.719 0.773
L 0.743 0.839 0.788
2L 0.786 0.647 0.710
3L 0.945 0.875 0.909

910151991 4.3 wanswan1sindulamanisAasenladnuinlueanisviungledves
uzaivsled 3L vilddfign 9161 Fi-Score figedamnomnuinluaaviauldafigalunis
viune wagmavihungledlsuedian e lud S annen Precision way Recall AflAnusnefiu 3
Tuwaanusadunzaaled s I6R wafinuwiugrlunisvhuesi

NANISRNAUIULAAAILITOLENINTINAMUFUNUSTLNINS Train Loss AU Validation
Loss LLamﬁﬂugUﬁ' 4.5 wag Train Accuracy AU Validation Accuracy LLamﬁ'ﬁgﬂiuﬂ' 4.6

[

&
PNU

Train Loss vs Validation Loss

==Train Loss =—=Validation Loss
1.6 \
\
12
7
S
—
0.8
k ——b An . . Aa
. — ——A
04
0
0 50 100 150 200 250 300 350 400 450
Epoch

JUT 4.5 nsmladudusiussendng Train Loss fiu Validation Loss vadliiaa ANN
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Train Accuracy vs Validation Accuracy

Accuracy

=Train Accuracy Validation Accuracy
0
0 50 100 150 200 250 300 350 400 450
Epochs

JUN 4.6 nsmlAadusiussendng Train Accuracy fiu Validation Accuracy vedluina ANN

1N3UT 4.5 uaz 4.6 ioviindiAsginaainwgAnssunsiw Loss wag Accuracy
wulutsusnuesnisilnlumaiinisousainluwmaldd dunmainnsm Loss flanas uaz
Accuracy Miudund iy auudugmeaessuiiiaiosnin (Stabilize) usazdanslidn
Validation Accuracy ﬁmﬁqqﬂiw Train Accuracy Faenavsuenitlumamdsuszauiudlym
15 Overfitting weilaiguuss szlumadanunsavinnelaniuynieya Validation wazdinis
THinadla Early-Stop Aeumaiindam Overfitting Tusgfuiiguuse

deldlumatisieuusiugrannsilinduuds tlsnaumaasusmeyadeyadiliiae
WiuNNneuw Unseen Data waa1nni1snaasuliing SA1A218ksWE (Accuracy) Test
Accuracy = 87.00 % Hawamaua Confusion Matrix E‘U‘ﬁ 4.7 we@ns Confusion Matrix 989013

Test Model ANN @1usunisenwenlod
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3L{ 510 0|]0]0]O0

2L 0| 2| 6| 0] 0] O0

Z L|0|JO0O]8|5|0]0
g M| O[O|1]120] 0] 0
S| 0|l0]0]|]0]3]|0O0

251 0] 0] 0] 0| 130

3L 2L L M S 2S5

Predict

U7l 4.7 Confusion Matrix 784115 Test Model ANN dw$unisfauenled

91nM1319 Confusion Matrix NIkEAIFIFUN 4.7 @1U150UAAINAAT Precision Recall

WAL F1-Score hangtaAnan1s1en 4.3 ¢ail

M137 4.3 HansnaaeunIAawenlsduaszihinenlimeynteya Unseen Data

lodvaanzaing Precision Recall F1-Score
2S 1.000 0.968 0.984
S 0.970 1.000 0.985
M 0.667 0.909 0.769
L 0.533 0.615 0.571
2L 1.000 0.333 0.500
3L 1.000 1.000 1.000

NANT1T 4.3 LLammam'ﬁmaaumiﬁ’mLL&Jﬂlﬁtﬁéﬁuaqmﬁmﬁg’maﬂlﬁﬁaam%’auﬂa
Unseen Data wuiwhl@iilunsvimneled 3L wagiilduefigaluled 2L 91nan F1-Score

Tnenanisneaeunsfauenled (25, S, M, L, 2L, 3L) vesuzahaiinenlsinuinluea
ANN Faanuusiug1ainan Train Accuracy = 79.878% waziflethlunaasuiuyadoya
Unseen Data {lA1 Test Accuracy = 87.0% Femsinaduul e19ezUsuendnisiia
Ugyn1 Underfitting A I:umahiﬁmmsiwé’fauLﬁmmiﬁauifﬁdwLﬁulﬂ uAlulAaB1993ANT

Weniesnadwhilumaauisavinulafivyadeyanaaeunieyadoya Unseen Data
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oy Seimsnsedeuiymiiteliudleilunadialem Underfitting waelal dae
MM5USURN Hyperparameter fidndey oun 8n3IN15558u3 (Learning Rate) S (Layer)
warsua Epochs Wudu nadnsiildde A1 Test Accuracy ﬁqaﬂdwm Train Accuracy 919
wanalumadinvanansatunmvingled waglilaGeuideyannyanisinlaunniuliau

1inn1s Overfitting Fallaunyadayauimageunuinnsmelediiianaininagnieiafiu

1 Aa PN 1 1 N s 1 aa o o b4
mmwumwmwagizmwmnﬂaau%a wazNgi 1N seuin diinvauazin A

aunsabunsanaiansveslunaanad

1% '
1 o v a

oA i = 4 = oA H o Yo
uzaleiiog seninaniswasuled nunefls ussanivriminneglndiuanindng
Anaavsegenanveslydiug Weonzign san1sidsunlasujisemnadaiilaeia
a = H = o8 v ' & = i = o o § v
nszvrumsdsundaduiina Jevilusaiegniuilsaninu wiluvastasanuagyinli
uzdtuivminanas Fsseginsnuiuiinteyauzahiinenldanlaeriinmsinuuiawag
FmMTNNWLA 3 ATILABLARZATININAY 2 TU kAAWIN1T19N 4.4 MIAsuwlasinin

Y99uzinenlal

AN51997 4.4 n1sasunlastinndnveaugiisiinentl

FAVUNARALTIUNNUNATIN 1 TUN 14 AU W.A. 2567

L AN 1
any v 7T p
319 819 a9 Uniin lod
1 8.02 16.16 6.63 405 2L
2 753 14.66 6.42 345 L
3 8.04 16.97 7.21 480 3L
TAVUNAWALTILMUNATIN 2 TUN 16 TunAll W.#. 2567
. A399 2
aqﬂu v 90’ L% 4
319 819 g9 Ui lod
1 7.93 16.10 6.47 390 2L
2 7.50 14.60 6.22 335 L
3 8.00 16.93 7.09 460 3L
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TAVUIARBLTILNUNATIN 3 TUN 19 Tu1AN W.A. 2567

5 AN 3
A0V - o -
n914 817 6N UIn lwd
1 7.85 16.04 6.20 370 L
2 7.45 14.50 597 315 M
3 7.85 16.82 6.75 440 2L

- o O T o o & ] oA '

310915199 4.4 TumsTaruiakagdalmidnnmun 3 A3e aswivindenaiiiull
Yuavasuzainenldgnazanas wazuwdnfanasduieniu Feibidienaiululed
Yoz zAsumulUmedlivuinanad Insugdniiuminlugiedseninaled vinld
o = =~ o @ o o § v o ' o g v 1% 1 oaAa o 1
mdadviuiuiigienaseyiliidesanise1vagyilvyateyausdweiduuiawiniu el
wndniliwiiy iWesnergiuiuifeinasaugnuinies inliAnanueaiamdeunse
nsvinneRadisululueals lnswdsuahnidnveasiiiisSuiinsaniminazanasiu
az 5 - 10 n3usadu

sty Tunstlnelulinanisrakenlydvesuzininenlimemetalyy1ussAvgds
ldwosvainnuniauasaNeITezaIInen T ne A lafsongvessinsas Tun

1%

2 ' = o o o ¢ & Y 1A = 1o oA
NuReuzag Weyadeyadmiuinduwasnaaeullululdesd waslinuuiugngedu
[ 1 901 L4
4.3 Nﬁﬂ']ﬁ"l/lﬂﬂaUﬂ"liﬂﬂLLﬂﬂﬂmﬂﬂW‘Ua\iﬁJgu')\TU']ﬂaﬂhJ
mMsvageunIsAnkenAuNUeINzinenliiludiui 3 vesuwidell Fawanis
NAADUNITARLENAMNIMYBINEIMUnan imemaTialaTeieUssamiiisuiuunauligdu
(Convolutional Neural Network : CNN) @nansafnuenamun1vesuzasinnentivusesndu
2 Class louf 1z3ia9h wazuzshade Jwalsslivussdnsammsinluluwasie Confusion

Matrix 3U#1 4.8 Confusion Matrix ¥83n15 Train Model CNN d15un1sanuenasnIn
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c_:s Good | 176| 4
< Not Good | 10 | 170
© ©

o o

(@] (@]

O O

IS

Z

Predict

gﬂﬁ 4.8 Confusion Matrix 48413 Train Model CNN é§%5un15ANWENAMAIN

31AM1319 Confusion Matrix 31NNFHNHULLAG A93UT 4.8 WuTrTiAAIINLUEN
(Accuracy) Train Accuracy = 96.11 % lnalinuRANaIA luAITYITUIgAAEUD L LINLEY
Tudauwes FN (False Negative) flanisvitweugaiadeuuzinag Jadnssmeiialugunn

ffigasunidfianuin vonainauisanansavszidulszdniamasslunalaainen

Precision Recall wag F1-Score La@nd@anIs1en 4.5 a9l

M3NT 4.5 HAaNINAFRUNITRNNUNISARKENAMATNYBIMzI N

@mmw‘wamzajaa Precision Recall F1-Score
121790 0.946 0.978 0.962
uyiaade 0.977 0.944 0.960

MnEANMINAFEUMIAAKENANNNTatzshnen iU zahsPuarih e ded
mnuannsalumsviueiiflaefiansanaine Fi-Score

KA NHULLLAAAINTARAAINTINAUNFUNUS TeMT19 Training Loss fu
Validation Loss LLaméfﬂu’gﬂﬁ 4.9 uag Train Accuracy U Validation Accuracy uanesidli

SUT 4.10 sai

Y
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Train Loss vs Validation Loss

—TrainLoss =——Validation Loss

08

0.6
vl
&
_

04

0.2

0

0 5 10 15 20 25 30 35
Epochs

SUN 4.9 nemAuduiugsendng Train Loss fiu Validation Loss vadlaaa CNN

Train Accuracy vs Validation Accuracy

- — - e —————
0.8
\
,‘E‘ 0.6 J
3
3
< 04
%3 = Train Accuracy Validation Accuracy
0
0 5 10 N 20 25 30 35
Epochs

JUN 4.10 ns A uduiudsewing Train Accuracy iU Validation Accuracy vadlaiaa CNN

103U 4.9 uag 4.10 WevihnsiangringAnssuvaansinuinlugiwsnling

= val o & a a o aa Y a Y]
aunsasuiles waendntulumasuiiadesnmainnsm Accuracy NfliaulnalAganiu
19 Train Accuracy kay Validation Accuracy Tuaaigiieaiu Training Loss tay Validation
Loss anadwazgiinmiu Samunefanisiluealiianis Overfitting Llasaninsly Early-

Stop waglutaadUszdniaind lndiAeanulunsaesyadoya wansfan1susuan
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Hyperparameters ag19ivay Ia1uaiunsatunisiseuiuasyiuelan Mlvisiainy
Generalization 17 Fadudsidesnislunszuiunisiinluma
nuanisindulunantsfauenaunInvestsinnenld Weihumegauiuye
v av < l & oA ' o .
mazﬂawlmmamumﬂauma Unseen Data WuU31HAIAIINLNUEY (Accuracy) Testing
Accuracy = 93.00% Fananawalaidu Confusion Matrix E‘Uﬁ 4.11 Confusion Matrix U894

N3 Testing Model CNN @u5un1sAnLenAMAIN

c_% Good |50 | O
éEJ Not Good | 7 | 43
© o

o o

o (@]

O O

o

pd

Predict

U1 4.11 Confusion Matrix 483015 Testing Model CNN dwiiun1sAnuenaunn

mﬂgﬂ‘ﬁ 4.11 wansde Confusion Matrix ¥84015 Testing Model CNN d1%15Un156n
LLEJﬂ@mmwsuaq:uwmﬁmaﬂlﬁwudwﬁmmﬁﬂwawmiuﬂﬁﬁmmﬂmmmmmaL?w Tudu
283 FN (False Negative) flanisviuneuzsiadedunzang fhasfnfuusihafifddmidng
ffnazifugad wansisgun 4.12 FadusinsEuduvestsauouunsalua videeraasidusini

nLUaLazlIndue
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Width: 62px, Length: 119px, Prediction: Goed Mango
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A/

JUT 4.12 dregamsiuneRalupaiavesuziindeiiiu False Negative

Ta8a1n Confusion Matrix ka2 @1u15aUseluUseansna vaeluinasienn Precision

Recall wag F1-Score MN3199 4.6 UAAINANISNAADUNNTARKENAMAINYBLEIaneNlll

M3NA 4.6 HANINAFBUNTARLENAMNINYBINENITIABNllnIeYyadaya Unseen Data

AMNINVBIULHI Precision Recall F1-Score
11231796 0.88 1.00 0.93
NEFUeNE () 1.00 0.86 0.92

PNUANITNAGRINIARLENAMNNNzINaensInalanTSSeusTEn wudlueg
CNN T9Arenausiugn Train Accuracy = 96.11% uaziilonaaeuseyndeya Unseen Data
wuIndlen Test Accuracy = 93.0% Inendlensiadauain Confusion Matrix wuindnsviune
uzshadefuuzaed famhadedulidmidifvnadndusessmifituasdugadfiie
nmadusurestsnueuunsalualuiiaanihnenlsianld

MnMIAdeULar AT EiRavesia 3 Tuea Téun Tuwansussanaauin uaanis

Annenled waglumanisAnnenaunn wudi luwanisussanaun daauudugilunig
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vhuneganitfosar 90 lagdsiviliiAnmuaaandoulunisyszanavuin loun s
n1331930g wazauadslunisiiudeyadmsuyanisindu (Datasets) wazaazyiinis
naaou lupanisdausnleddamusiuglunsyhuegeninfosas 85 densdnleddivsy
wangumsasenuziininenlfazgnudsieimin fafu msdadonuzahahnonld
dmsuiivdeyaluyanisiindumsaziiongfuilndidssiu itelrinmsdnuenlydfinnuusiuegl
1Py uazlimansdauenamn fauudugilunisiunegeninfesay 85 Gedsdivil
Lﬁmmﬂmmmﬂ?{auiumaﬁwmaﬁﬂﬁmﬁmmmﬂwﬁﬁﬁm@?mﬁLﬁﬂ q Felunisusediy
Usgansamwedlumauandiiudsnnausiugilanulunisszanamnn nsdnlsduas

AN Beanunsainludnsimunauninkarauwiuglunsaniunuegeiiusednsnam
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#3UNaN1539

51  d@5Unani1sivey

miTeiiiaueiBnsuszinauunn msdauenled nisfauenamInTemEIg
ﬁéﬁﬂaﬂlﬁﬁuiﬁwmﬁ’a8LWﬂﬁﬂﬁ@€g1U53§H§ Fafin1sldmadadiegsaudu euidedad
Teandenaguil

nsUsznamuaveszihainenls HnadaldUsyanananin (image Processing)
Tgldisnsnsiadureumemaiiauauil (Canny Edge Detection) T¥n1susasiusieisiugae
AeNfilmesusenaufinnesitu (Computer Vision) Ingld Library OpencV 3sliaesluns
AuRBULLR (Contours) Tun15UszaNMAINNTNLaZANET Lazldivnealian1TonnoeLTs
\dunvian (Multiple Linear Regression) Tunisuszanamninuas lngnaainn1svitunenie
Tusunsufien R-Square (R?) va9Amn’ngeed 0.9985 AaeIogil 0.9987 wazaugeagi
0.9948 FsnuilusunsuvielanadidArmmudugiuinnit 90% aunsaldlunsusyana
w1n93e Faileldvunnvesusihsinenliuds Fuihnsfanenlsduosuzirninenldids
Usznausevianun 6 lod 1dun 25, S M, L, 2L uag 3L Ingldinatan1sseusidadningldis
TnsstneUszamidion (Artificial Neural Network : ANN) @sagvinsviungleddnenisnis
anaillaesanmauniuazmnelunieinga laenaannisianuluieadian Training
Accuracy ajfl 79.878% Fsuansiisanuansnsavedlumalunsiioudandeyaiinay usin
Tunasrilszansamialudunsunisin uinadnsiiuias weduaaaansaialdainns
naaoufutoyailsiineifiuannou (Unseen Data) waziilonaasulnadugadoya Unseen
Data fifn Testing Accuracy il 87.0% FsuandlifiuinlunaaunsaUszananauazyiiuneg
Ui InAIwlu o laegreliusednsninuaziaiugn LazAINTUTINSAAREN
Aunnaasuzsisinenls fewadansfeudieinlnglitslasmslsramiouuuuaon
Thg#u (Convolutional Neural Network : CNN) aidunsldgunm Tnefinnsuiuussuasiiiy
Usransamweslumarunisdenalawesmsfivesivuizay ndminnistindund@ana
nnsEARulueaiiA Training Accuracy aq"ﬁ" 96.11% LLazLﬁammaaUIumaﬁ’wmﬁayja

Unseen Data 3iA1 Testing Accuracy agjﬁ 93.0%
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nsUszRnn NMsAnkenled wagnisdnuenaunInvetgilnnenllfiensly
watadgyarvsgivganunsadilldldass leRgadliiuimiuanusalunisihmelulagly
Tdaulaasslugaamnssy sensldndsaivuauduasediondnlunisnsivaeuununisly

aneauywd efveinisldndesivuanfeaiuisafadasldouluiuniddedinalunis

v v
v A

ihisvesngud 1wy viesTifimsaneded vl Wehnsuszinavunellldiunsaneedagdae
anndsunazandunulunisans$sd Jezdrsandununaziiuriilslunisdeeenuzaing
ihnenldl wazuenninmslirundesduuausutumaiadygyUssivsannsodawenlyd
wazuenaamaszainenlifld fafu nsineluladulflbifowsdasasanduny

[y

nawds widadunisiiununmuesndndueiidsoandneie

v
5.2 VDL UDLLUS

521  mislfidenuziinieenlddmsuiivdeyayavaaeu (Datasets) Uzai9A33
Wenugdnnlonguarinuiuiunuiueu Lewineyveuziedina fevuiakazdmvitn

I 1 a o (% A Y LY )
waAdsiiionuzaenilony (uiuiy) NnalResiulunisiinaasasnegaey

52.2  nsangnamugdnamsagliasunnaiuienaglnasilunansivaeudin
lonsunnyuues wagnisnadeunsenisialuldenasziimsiandas 4 1w weiazlaluina
anansavinanulaegniiaauuiuganndu

1 ¥ ¥ I Gl ¥ 1% [ ¥ L4 =
523  msgenmmenaessiusauvsensidndedunisiiudeya Datasets faadl

nsauasLasaidbiadlauslariimaualilnalfgaiunase
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61 gn Fauaniteyan1sin

luLnakaznadaululnanIgmALA

n419 Tap) a9 y
A1RU N untin (g) lod
(Width : cm) (Length : cm) (Depth : cm)

1 7.59 15.90 6.30 355 L
2 7.80 16.60 6.60 420 LL
3 8.80 17.90 7.10 560 LLL
4 8.40 17.10 6.60 435 LL
5 7.05 14.75 6.25 320 M
6 6.52 13.80 573 250 S
7 7.18 14.36 6.06 310 M
8 7.16 14.22 6.08 300 M
9 7.09 14.15 6.33 300 M
10 6.97 13.78 6.09 290 M
11 7.33 15.20 6.33 330 L
12 7.50 14.92 6.15 345 L
13 7.70 15.69 6.62 390 LL
14 8.19 16.30 6.65 415 LL
15 7.65 15.56 6.33 370 L
16 8.20 16.47 7.08 455 LLL
17 8.34 16.71 6.85 470 LLL
18 8.00 15.45 6.91 405 LL
19 6.92 15.60 5.97 320 M
20 1.22 15.28 6.20 330 L
21 8.06 16.25 7.12 465 LLL
22 7.87 16.30 7.10 440 LL
23 8.17 16.20 6.95 480 LLL
24 7.33 15.00 6.50 360 L
25 7.25 15.18 6.68 370 L
26 6.60 15.17 6.09 295 M
27 7.02 13.25 6.04 270 S
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n419 812 a9 ¥
a1 ¥ Untin (g) lod
(Width : cm) (Length : cm) (Depth : cm)

28 7.04 12.97 6.00 260 S
29 6.34 14.00 5.99 280 M
30 6.65 13.54 5.93 265 S
31 6.67 13.56 5.86 260 S
32 6.74 13.75 6.25 285 M
33 6.56 13.72 5.78 245 SS
34 6.42 12.92 5.20 225 SS
35 7.08 12.55 6.00 250 S
36 6.88 12.57 6.30 270 S
37 6.80 13.85 593 275 S
38 6.85 13.82 6.20 265 S
39 6.32 13.93 577 245 SS
40 6.70 13.70 575 270 S
41 6.80 13.72 6.00 270 S
42 6.92 13.75 6.46 305 M
43 6.90 13.46 6.20 285 M
44 6.55 12.83 5.82 235 SS
45 6.68 12.98 6.13 260 S
46 6.85 13.62 6.16 280 M
a7 6.64 13.20 6.10 270 S
48 6.59 12.45 5.72 230 SS
49 6.67 12.77 5.66 225 SS
50 7.10 12.57 6.24 265 S
51 6.87 12.69 6.16 265 S
52 6.82 12.56 6.25 255 S
53 6.73 12.44 5.90 235 SS
54 6.79 13.07 6.10 255 S
55 6.60 12.25 6.00 245 SS
56 6.60 12.94 5.97 245 SS
57 6.59 12.16 5.98 245 SS
58 6.78 12.35 5.85 245 SS
59 6.50 13.48 5.86 260 S
60 6.50 12.90 6.00 255 S
61 6.52 13.33 5.92 245 SS
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TuruidedldfinisAniuluna Ineudseenidu 3 du ldun msvszaauuiaves
uzahnnenld (0319 813 g9) Msduenledvesuzinuinenlyd wazn1sdnuenauA N (7-
y) veauviinhnenlll Fadleindulainansuiia 3 @auudd vn1snaaeulumameyndoya

Alupesiunnneu (Unseen Data) Sanadwsannnisvinungseuiiisunueeassniale (wa

L8Y) LARIAINITIE V.1 A9l

M1579 2.1 nan1snaaeulinan1sUsEnauuIn NMsdakenled waznisAnlenAunIn

weeseidald | vunaiiunedielusunsy
. - | n1snnlyd N1IANARININ
aiay (cm: uALIAS) (cm: 1 UALINT)
e | 810 | g | nde | e g9 | 999939 | viwne | veeass | v
1 759 | 1590 | 6.30 | 7.35 15.51 6.40 L L NG NG
2 7.80 | 16.60 | 6.60 | 7.98 16.94 6.21 LL 2L NG NG
3 880 | 1790 | 7.10 | 9.76 18.70 5.96 LLL 3L G G
4 8.80 | 1790 | 7.10 | 8.61 18.04 7.49 LLL 3L NG NG
5 880 | 1790 | 7.10 | 8.72 18.92 797 LLL 3L NG NG
6 8.80 | 17.90 | 7.10 | 8.72 18.26 7.47 LLL 3L NG NG
7 6.52 | 13.80 | 573 | 6.93 14.19 6.16 S M G G
8 6.52 | 1380 | 5.73 | 6.40 13.64 5.87 S S G G
9 6.52 | 13.80 | 573 | 6.93 13.86 6.19 5 M G G
10 6.52 | 1380 | 573 | 6.93 13.86 6.19 S M G G
11 6.52 | 13.80 | 573 | 6.72 13.75 5.92 S S G G
12 6.52 | 1380 | 5.73 | 6.72 13.75 592 S S G G
13 6.52 | 1380 | 573 | 6.72 14.30 581 S S G G
14 6.52 | 13.80 | 573 | 6.72 13.75 592 S S G G
15 6.52 | 13.80 | 573 | 6.93 13.75 6.21 S M G G
16 6.52 | 1380 | 5.73 | 6.93 14.19 6.16 S M G G
17 6.52 | 13.80 | 573 | 6.72 13.75 592 S S NG G
18 7.18 | 1436 | 6.06 | 7.88 14.63 6.09 M L NG NG
19 8.40 | 17.10 | 6.60 | 8.19 16.72 7.24 LL 3L NG NG
20 733 | 1520 | 6.33 | T1.67 14.41 6.17 L L NG NG
21 8.19 | 16.30 | 6.65 8.19 16.39 6.99 LL 3L NG NG
22 8.19 | 16.30 | 6.65 | 8.50 16.28 6.35 LL 2L NG NG
23 7.65 | 1556 | 633 | 7.56 16.17 6.35 L 2L NG G
24 7.65 | 1556 | 6.33 | 7.98 15.95 6.14 L L G G
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M58 U.1 KA snaaeUliaaNIUsERNIA MSAALENTYE wazsMIARLENAMAIN ()

AT Iald P o . .
siu | eme rudms) uaviueaelusunsu nsAnlyd N1IARARNIN
nde | en | g | ad 817 g9 | ¥2993¢ | viwne | 999934 | vhune

25 | 7.65 | 1556 | 633 | 7.46 | 16.06 | 6.39 L 2L NG NG
26 | 7.65 | 1556 | 633 | 756 | 1606 | 6.34 2L NG NG
27 | 7.65 | 1556 | 633 | 7.77 | 1606 | 6.24 L L NG NG
28 | 7.65 | 1556 | 633 | 798 | 1650 | 6.18 L 2L NG NG
29 7.65 | 1556 | 6.33 7.46 15.95 6.38 L L NG NG
30 | 7.65 | 1556 | 633 | 7.35 | 1628 | 6.46 L 2L G G
31 7.65 | 1556 | 6.33 7.88 16.06 6.20 L 2L NG G
32 | 834 | 1671|685 | 9.14 | 1727 | 599 LLL 3L NG NG
33 8.00 | 1545 | 6.91 8.30 15.07 5.81 LL L NG NG
34 | 800 | 1545 | 691 | 819 | 1650 | 7.07 LL 3L NG NG
35 6.92 | 15.60 | 5.97 6.72 15.84 5.52 M M NG NG
36 | 692 | 1560 | 597 | 7.04 | 1650 | 595 M L G G
37 6.92 | 15.60 | 5.97 6.93 16.61 5.93 M L NG NG
38 | 692 | 1560 | 597 | 6.72 | 1595 | 550 M M G G
39 7.87 | 16.30 | 7.10 8.40 15.62 6.04 B 2L NG NG
40 | 7.87 | 1630 | 7.10 | 8.08 | 16.28 | 7.09 LL 3L NG NG
41 7.25 | 15.18 | 6.68 7.67 14.96 6.21 L L NG NG
42 | 725 | 1518 | 668 | 7.46 | 1562 | 6.36 L L NG NG
43 6.60 | 15.17 | 6.09 91 15.29 5.58 M S G G
44 | 660 | 1517 [ 6.09 | 693 | 1584 | 6.00 M L G G
45 7.02 | 13.25 | 6.04 7.25 12.76 6.25 h M G G
46 | 7.02 | 1325 | 6.04 | 756 | 1353 | 6.16 S M G G
47 7.02 | 13.25 | 6.04 7.46 13.53 6.20 S M G G
48 | 702 | 1325 | 6.04 | 735 | 1342 | 6.25 S M G G
49 6.34 | 14.00 | 5.99 6.30 14.85 5.65 M S G G
50 | 6.34 | 14.00 | 5.99 | 6.19 | 1507 | 5.58 M S G G
51 6.34 | 14.00 | 5.99 6.19 15.18 5.58 M S G G
52 | 634 | 14.00 | 599 | 6.40 | 1518 | 558 M S G G
53 6.65 | 13.54 | 5.93 6.51 13.86 5.85 S S NG NG
54 | 665 | 1354 | 593 | 672 | 1452 | 577 S S NG NG
55 6.65 | 13.54 | 5.93 6.83 14.08 6.16 S M NG NG
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#1579 U.1 HansadeUlieaNIUTERNIAIA MIAAWNEE wazMIFaLenAMNIN (8)

PATFTIALE .
. - Yuaiviuefelusunsy n1sAn e N1IARARNIN
anu (cm: UALUAS)
nde | 817 | g | nde 817 g9 | v | v | veease | vihune
56 6.65 | 1354 | 593 6.93 13.97 6.18 S M G G
57 6.65 | 1354 | 5.93 7.14 14.08 6.21 S M G G
58 6.65 | 1354 | 593 6.61 13.86 5.87 S S G G
59 6.65 | 1354 | 5.93 6.72 13.86 5.89 S S NG NG
60 6.67 | 13.56 | 5.86 6.51 13.97 5.83 S S NG NG
61 6.67 | 13.56 | 5.86 6.72 13.53 5.96 S S NG NG
62 6.42 | 1292 | 5.20 6.51 13.09 6.00 SS Out* G G
63 6.42 | 1292 | 5.20 6.51 13.09 6.00 SS Out* NG G
64 6.42 | 1292 | 5.20 6.51 13.09 6.00 SS Out* NG NG
65 6.42 | 1292 | 5.20 6.51 13.09 6.00 SS Out* NG NG
66 6.42 | 1292 | 5.20 6.30 12.87 5.57 SS 2S G G
67 7.08 | 12.55 | 6.00 7.46 11.88 6.08 S S G G
68 6.80 | 13.85 | 5.93 6.72 13.53 5.96 S S NG G
69 6.85 | 13.82 | 6.20 7.04 13.53 6.24 S M G G
70 6.32 | 1393 | 5.77 6.19 14.30 5.54 SS 2S NG NG
71 6.70 | 13.70 | 5.75 6.83 13.64 6.20 S M NG NG
72 6.80 | 13.72 | 6.00 6.61 13.42 5.96 S S G G
73 6.55 | 12.83 | 5.82 6.40 12.21 6.14 SS 2S G G
74 6.55 | 12.83 | 5.82 6.72 12.76 6.10 SS S G G
75 6.68 | 1298 | 6.13 7.14 12.98 6.31 S M NG NG
76 6.59 | 1245 | 5.72 6.61 N E3 6.35 SS 2S G G
7 6.59 | 1245 | 5.72 6.83 11.66 6.39 SS S G G
78 6.59 | 1245 | 5.72 6.61 11.44 6.33 SS 2S G G
79 6.67 | 12.77 | 5.66 6.40 12.54 6.08 SS 25 NG NG
80 6.67 | 12.77 | 5.66 6.93 12.76 6.30 SS M NG NG
81 6.67 | 12.77 | 5.66 6.61 12.76 6.08 SS S NG NG
82 6.67 | 12.77 | 5.66 7.04 12.21 6.37 SS S G G
83 6.67 | 12.77 | 5.66 6.51 12.76 6.06 SS 25 NG NG
84 7.10 | 1257 | 6.24 7.25 11.88 6.18 S S NG NG
85 6.73 | 12.44 | 5.90 6.61 12.32 6.17 SS 25 G G
86 6.60 | 12.25 | 6.00 6.83 11.88 6.37 SS S G G
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#1579 U.1 HansadeUlieaNIUTERNIAIA MIAAWNEE wazMIFaLenAMNIN (8)

AT Iald P o . .
siu | eme rudms) YUIRNIUIEAETUTWNT n1sAn bae N1IARARNIN
nde | en | g | ad 817 g9 | ¥2993¢ | viwne | 999934 | vhune
87 6.60 | 12.94 | 5.97 6.51 12.76 6.06 SS 25 G G
88 6.59 | 12.16 | 5.98 6.72 11.99 6.25 SS 2S NG NG
89 6.59 | 12.16 | 5.98 6.61 12.10 6.21 SS 25 NG NG
90 6.78 | 12.35 | 5.85 7.04 12.10 6.38 SS S G G
91 6.78 | 12.35 | 5.85 6.83 11.99 6.36 SS S NG G
92 6.78 | 12.35 | 5.85 7.04 11.77 6.41 SS S G G
93 6.78 | 12.35 | 5.85 7.04 11.77 6.41 SS S G G
94 6.78 | 12.35 | 5.85 6.93 12.43 6.33 SS S NG NG
95 6.78 | 12.35 | 5.85 6.93 11.66 6.41 SS S G G
96 6.78 | 12.35 | 5.85 6.93 12.32 6.34 SS S G G
97 6.78 | 12.35 | 5.85 6.83 12.10 6.35 SS S G G
98 6.78 | 12.35 | 5.85 6.83 12.21 6.34 SS S G G
99 6.78 | 12.35 | 5.85 6.83 11.99 6.36 SS S G G
100 6.50 | 13.48 | 5.86 6.19 13.53 5.51 S 2S NG G
Wewms G fie Good Mango (1g3397)

NG #i Not Good Mango (1zain4ide)

Out* fa Out of Range (M3vhweInuzssliiunuiuIRIgIUSelvwaidnninled S9)
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ORCID ID: Sorada Khaengkarn https://orcid.org/0009-0007-3589-3215

Abstract. This paper introduces methods for efficiently classifying mangoes
intended for export, a market valued at approximately 4,500 million baht annually.
The classification process is divided into two primary components: size
categorization and quality assessment. The first phase involves categorizing mango
sizes into four distinct categories (M, 1L, 2L, 3L), while the second phase focuses
on ing mango quality, p larly detecting anthracnose—a prevalent disease
affecting mangoes. This detection is achieved through image processing techniques,
where images are converted into binary representations and analyzed using both
Artificial Neural Networks (ANNs) and Convolutional Neural Networks (CNNs).
Comparative analysis reveals that CNN outperforms ANN in size classification,
achieving a remarkable train accuracy of 99.16% and a test accuracy of 88.0%.
Furthermore, in quality classification, CNN demonstrates a train accuracy of 91.0%
and a test accuracy of 88.0%. These findings underscore the effectiveness of CNN
techniques in accurately classifying mangoes for export, thereby facilitating
improved quality control and market competitiveness.

Keywords. ANN, CNN, Image processing, Mango sorting

1. Introduction

Mangoes (Mangifera indica), belonging to the Anacardiaceous family, are native to
South Asia and have gained widespread cultivation in tropical and subtropical regions
globally. Renowned for their delectably sweet, occasionally tangy flavor and rich
nutritional composition, mangoes are esteemed worldwide. With substantial levels of
vitamins, A and C, dietary fiber, and diverse antioxidants, mangoes offer significant
health benefits, warranting further exploration of their bicactive compounds [1].
Thailand's mango industry holds considerable economic significance, contributing to
both domestic and interational markets. Mango cultivation sustains rural farmers and
bolsters regional food security, while a substantial portion of the harvest undergoes
processing into value-added products such as dried mango. At the international level,

! Corresponding Author: Jiraphon Srisertpol, jiraphon@sut.ac.th.
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Thailand stands out as a prominent exporter of both fresh and processed mangoes, with
annual export values surpassing 1 billion Baht [2]. Key export destinations encompass
China, Japan, South Korea, and other Southeast Asian nations. To facilitate international
trade and adhere to stringent quality standards, mangoes undergo sizing protocols before
exportation. These protocols typically employ weight-based grading, physical
measurements (such as circumference or length), or a combination thereof to categorize
mangoes into standardized size classifications.

Machine vision equips computers with the capability to perceive and interpret visual
data from the real world [3]. Complementarily, machine learning empowers computers
to learn and enhance their performance autonomously, discerning patterns and making
data-driven predictions without explicit instructions [4]. And has pioneered a vision
system for mango sorting, leveraging 2D and 3D feature analysis. This approach not only
achieves accuracy comparable to human sorting but also promises increased efficiency.
Deep learning (DL) is reshaping fields like healthcare, as exemplified by Suzuki, and
colleagues who utilize DL and activity recognition (AR) for automating the assessment
of gross motor skills in children [S]. And has pioneered a vision system for mango sorting,
leveraging 2D and 3D feature analysis. Their system evaluates size, volume, and surface
area from multiple images, employing a neural network for mango classification by
Chalidabhongse and colleagues [6]. Moreover, research in fault detection and
classification (FDC) by analyzing mount head surface pixels illustrates proactive fault
detection using an Artificial Neural Network (ANN) model, reducing machine downtime,
and enhancing production reliability. [7]. Additionally, the development of a portable
fruit grading machine using computer vision for small-scale agriculture by Hadha and
colleagues captures video images from a webcam and analyze them to categorize fruit
quality according to grade [8]. There is also research that aims to develop a smart mango
classification system using image processing and artificial intelligence to automate the
sorting process, reduce labor costs, and improve productivity in the mango industry [9].
This study showcases the utilization of artificial intelligence (AI) coupled with image
processing to construct a model for the precise classification of mangoes into acceptable
and defective categories. Moreover, the model endeavors to establish a system adept at
sorting mangoes based on size specifications suitable for export and international trade.
Employing two distinct types of Al—artificial neural networks (ANNs) and
convolutional neural networks (CNNs)—the proposed model is thoroughly examined in
terms of image selection for Al training, model development procedures, model
functionalities, and system performance evaluation.

2. Method and materials

For the study on classifying mango categories (size and quality) for export, images of
mangoes were captured using a webcam under controlled lighting conditions. Two
lighting conditions. The images were then augmented by adjusting brightness by + 5%.
The Binary Algorithm was used for image processing, and the resulting images were
used as datasets. The datasets were divided into three parts: Train 70% Test 15% and
Validation 15% with additional Unseen data for model testing. The experiment was
divided into two sections. Section 1 involved classifying mango sizes as M, 1L, 2L, and
3L using Artificial Neural Network (ANN) and Convolutional Neural Network (CNN)
models. Section 2 involved mango quality assessment. The Architecture method is
shown in Figure 1.
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Sorting the quality of
| Mangifera Indica L.

CNN Model

Figure 1. Architecture method.
2.1. Mangifera Indica L.

Mangos are the top fruit exported by Thailand. The ripe fruit is golden yellow, has a
sweet aroma, and is called this type of mango “Nam Dok Mai Mango”. The size for
export will be divided by weight. As shown in Table 1. Quality control is therefore
important. And anthracnose, which causes black spots on the mango skin. which affects
the quality of exports shown in Figure 2.

Table 1. Table of mango size sorting by weight.

Size Weight (grams)
M 225-249
1L 330-379
2L 380 - 449
3L More than 450

Figure 2. (A) Mangifera Indica L. (Nam Dok Mai Mango) (B) Mango for export
(C) Anthracnose disease in mango.

2.2. Artificial Neural Network (ANN)

Artificial Neural Network (ANN) is a computer model that simulates the workings of the
human nervous system. The model architecture for mango size classification consists of
4 convolutional layers and 1 fully connected layer. ReLU is used as the activation
function for the convolutional layers, and the fully connected layer uses Softmax
activation function. Dropout is used to reduce overfitting. The hyperparameters used for
training the model leaming rate of 0.001, the structure model is shown in Figure 3.
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» Image processing

After taking a photo of mango for Datasets, the image will be cut out in the edge of
the Conveyer from the original size of 640 x 480 pixels, reduced to 620 x 300 pixels.
Then a Binary Algorithm will be used to convert the image into two colors, white and
black, to perform processing for detecting pixels in areas where objects are encountered.
The example dataset is shown in Figure 6.

Top : Good mango
Eottom - Not Good [ e

(A) _ (B) _ (&)

Figure 6. (A) Image capturing 640 x 480 pixels (B) Crop Image 620 x 300 pixels
(C) Binary algorithm.
o Datasets
Dividing the data into training and testing sets, with 70% for training, 15% for
testing, and 15% for validation. Adjust the lighting intensity by + 5% to increase the
number of image data (Data Augmentation) Then, test the model with unseen data, as
shown in Tables 2 and 3.

Table 2. The number of datasets for training and testing mango size sorting.

size Datasets
Train Test Validation Unseen data
M 150 30 30 10
1L 150 30 30 10
2L 150 30 30 10
3L 150 30 30 10
Summary 600 120 120 40
Table 3. The number of datasets for training and testing the quality of mango.
s Datasets
Type of Mango Train Test Validati Unseen data
Good Mango 176 38 38 20
Not Good Mango 176 38 38 20
Summary 352 76 76 40

3. Experimental and results

In the experiment, the dataset 1s divided into two parts. Section 1 involves classifying
mango sizes as M, 1L, 2L, and 3L using ANN and CNN models, and Section 2 involves
detecting mango quality (Anthracnose disease) using the CNN model.

3.1. Classifying mango sizes as M, 1L, 2L, and 3L
To classify mango sizes into M, 1L, 2L, and 3L using ANN and CNN, the same dataset

was used for training and unseen data. The results are shown in the confusion matrices
in Figures 7 and 8.
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Fully comseted. Fully connected
Figure 3. The structure ANN model.

2.3. Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) efficiently extracts main features from images
using preprocessed image data and trained models over an appropriate period. For mango
size separation and quality classification, the model employs a structure with S
convolutional and 2 fully connected layers, along with Dropout to address overfitting.
ReLU serves as the activation function, with SoftMax used in the output layer. The
hyperparameters used for training the model learning rate of 0.001, the structure model
is shown in Figure 4.

=N =
‘m

Input Convobsion #ReLU +Poolig,  Comolition +ReLU + Poding

Flaten  Fuly comected

L )L

T
Foutxo Extraction Cluwsificaion

Figure 4. The structure CNN model.
2.4. Data Acquisition

¢ Experimental setup

To collect the Dataset images, images were taken with a test set that was a conveyor
for conveying fruit. A webcam camera was installed for taking photos, using a Logitech
Brio camera, with the camera set at 55.5 centimeters from the floor of the conveyor.
There are 2 stages of lighting control while taking photos. By adjusting from the
Dimmable light bulb set and measuring the brightness with a Lux meter, where range 1
i8 430-450 lux and range 2 is 1000-1020 lux. Shown in Figure S.

Figure 5. (A) Experimental setup (B) Lux meter.
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» Image processing

After taking a photo of mango for Datasets, the image will be cut out in the edge of
the Conveyer from the original size of 640 x 480 pixels, reduced to 620 x 300 pixels.
Then a Binary Algorithm will be used to convert the image into two colors, white and
black, to perform processing for detecting pixels in areas where objects are encountered.
The example dataset is shown in Figure 6.

Top : Good mango
Eottom - Not Good [ e

(A) _ (B) _ (&)

Figure 6. (A) Image capturing 640 x 480 pixels (B) Crop Image 620 x 300 pixels
(C) Binary algorithm.
o Datasets
Dividing the data into training and testing sets, with 70% for training, 15% for
testing, and 15% for validation. Adjust the lighting intensity by + 5% to increase the
number of image data (Data Augmentation) Then, test the model with unseen data, as
shown in Tables 2 and 3.

Table 2. The number of datasets for training and testing mango size sorting.

size Datasets
Train Test Validation Unseen data
M 150 30 30 10
1L 150 30 30 10
2L 150 30 30 10
3L 150 30 30 10
Summary 600 120 120 40
Table 3. The number of datasets for training and testing the quality of mango.
s Datasets
Type of Mango Train Test Validati Unseen data
Good Mango 176 38 38 20
Not Good Mango 176 38 38 20
Summary 352 76 76 40

3. Experimental and results

In the experiment, the dataset 1s divided into two parts. Section 1 involves classifying
mango sizes as M, 1L, 2L, and 3L using ANN and CNN models, and Section 2 involves
detecting mango quality (Anthracnose disease) using the CNN model.

3.1. Classifying mango sizes as M, 1L, 2L, and 3L
To classify mango sizes into M, 1L, 2L, and 3L using ANN and CNN, the same dataset

was used for training and unseen data. The results are shown in the confusion matrices
in Figures 7 and 8.
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Figure 7. (A) Confusion Matrix Training ANN model. (B) Confusion Matrix Testing ANN model.
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Figure 8. (A) Confusion Matrix Training CNN model. (B) Confusion Matrix Testing CNN model.

The results from training with ANN and CNN show that CNN is more accurate. The
Confusion matrix provides an assessment of classification performance, including the
number of samples classified correctly and incorrectly. The Train Accuracy of ANN is
25.0%, with a Test Accuracy of 25.0%. On the other hand, the Train Accuracy of CNN
is 99.16%, with a Test Accuracy of 88.0%.

3.2. Detecting mango quality

When training with CNN to inspect or classify mangoes as good or not good based on
the presence of anthracnose disease, which manifests as black spots on the mango skin,
making them unsuitable for export. The results are presented in the confusion matrix in
Figure 9.

% Not Good 64 12 % Not Good 15 5
& Good, 2 T4 (A) A | Good | 0. 20 (B)
-4 ° ° <
2 3 2
8 & 3 8
3 3
% z
Actual Actual

Figure 9. (A) Confusion Matrix Training CNN model. (B) Confusion Matrix Testing CNN model.

The results from training the CNN to assess the quality of mangoes with anthracnose
show an improved accuracy. with a Train Accuracy of 91.0% and a Test Accuracy of
88.0% when evaluated with unseen data. From the tests, it was found that predictions
with errors often occur with mangoes that have just started to develop anthracnose (small
black spots) or anthracnose that is not yet well-defined.

The results of testing the model for size categorization and quality assessment with
Unseen data are shown in Figure 10.
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Predict: S Predict: Not Good Predict: Good
Actual: Si Actual: Not Good Actual: Not Good

Figure 10. Example result testing with unseen data.

4. Conclusions

This paper addresses two primary objectives: size categorization and quality assessment
of mangoes. In the first section, we employ artificial neural network (ANN) and
convolutional neural network (CNN) models to classify mango sizes into four distinct

categories (M, 1L, 2L, 3L). Results demonstrate the superior accuracy of the CNN model,

achieving 99.16% accuracy on the training set and 88% on the test set. Conversely, the
ANN model exhibited significantly lower accuracy at 25% for both training and test sets.
Additionally, the CNN classification model designed to distinguish between good and
bad mangoes yielded highly promising results with 91% accuracy on the training set and
88% on the test set. These findings suggest the potential for successful implementation
of this algorithm within the mango industry, facilitating sorting and classification
processes for both international and domestic markets in Thailand. Future research
should focus on controlling the capture environment. Increasing the size of the data set
to increase capacity model accuracy by adjusting the hyperparameter to be appropriate
for the model considering the resources used for calculation and experiment with
applying the model to other fruits.
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