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ABSTRACT

This research presents a model based on machine learning methods for quality
inspection of mushroom spawns. Thai famers normally rely on human labors to inspect
mushroom spawn quality which can cause human errors. Therefore, we studied the image
processing methods to create histograms of mushroom spawns images and apply pre-
processing techniques to obtain useful data. Using 4 methods in machine learning could

classify spawns into 3 main classes. The proposed model could identify and classify the

quality of mushroom spawn accurately.
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2.2.1 waaUszam (Neurons)

wadUszawluneT7inen (Neurons or Nerve cells) {untheiugiuresszuutszam
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JUN 2.2 WwadUszamueuyu

fiyn https://simplebiologyy.blogspot.com/2014/08/conduction-of-nerve-impulse.html

1. Dendrite g dufiminilun1siudeoya (Accept Input) AszualszaInINwadoy

TusUvesdyaaudiun

2. Cell Body (Soma) fie @iufiviminfsuvayau1an Dendrite 11911015UsEUIaNA

\Uaadiu (Process Input) Lufdslugy Action Potential
& | ‘:4' v PN v I3 U Ay
3. Axon fB @ruvikiasveyanuszaianalainin Cell Body LUUNAANENINDINTT
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uiadursnulszammatetu (Multi-layer Neural Network)
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gﬂﬁ 2.4 1A59d5719994 Artificial Neural Network

fisn https://www.researchgate.net/figure/Artificial-neural-network-architecture-ANN-i-h-1-
h-2-h-n-o_figl 321259051

1. ANMUATIUIUT UIBITIT0U 1A8T UVDILSBUATNUITALUIDDNLA o 9T
(M3.95775 ey, 2002)

¥
o

- Input Layer fasaulutuilviwihtlunmsiudoyaitnan wazdesiall Hidden Layer log

FJuunnlazliiiesdung vty

- Hidden Layer dvtiifudayaaintuiouniin Saunisililunisauianiio Ussanana
Toyaandunmassia lUgmuedng
- Output Layer Tasoulututiazsasuenain Hidden Layer Tuanvg wdIuanIWaGNS

vesnsUsEInananooyls

2. fMnuansieulesseniniiseusdasdulaglivniaseulutun 1 Wauleiuyn
Tseulutud 2 wazihseulutun 2 Weulssiuiizounnmilutuin 3 WwenlvwuuiiNiagtuauia
Output Layer
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3. aoulvlaseangUszamiieaseuianuduiusseninetoyn LasnaansnneInsiie
asraAdmtdn (Weight) uagA1anuideauu (Bias) Mvunzau lngldyadeyarnausy (Training
Data Set)

2.2.3 N135138U3v89 Machine Learning

Amanansolun1siFeuives ANN (Nattapon Rakthong, 2018) Juagfuniseenuuy
Tassadauagisililunisdeud madeulosesusasinseuasiaimiin (Weight) ustaziiseu
Soudlasnisusuantmin weldldmsvhuieradndioiediinnunanndoudesiian ne
anunsowansieudeanidu 2 Ussiavman fie

1. mseusuuuliifidasu (Unsupervised Learning) tungu Algorithm lalfinsaeou
pgsdnuiTlumsUszinanaudaldundnsoonun nadwstiugnuiona dldlunisuvangulag
uwswuulsifinganeda ddesuisngumsinaeiozls agiinsuvadunguausiuiunguiifesnis
Usznnvesnisiseuswuulidiidaeud 2 Ussinvmane n1suuinguveya (Clustering) agn1san
fifvesdoya (Dimension Reduction)

2. M3FeuFuuuiifasu (Supervised Learning) {ungy Algorithm fiazaounsuiinines
shensilneus (Training) Tasazyadoyalidmiuiineusulineniamesandy Feusiielily
msUszananaldedgndpsusiudwilelddeyayelusl (Testing) 1ld msSeuiuuuilaoud 2
Uselanlawa Aswuswenyseian (Classification) Waynisannee (Regression) Filunsvaand
NRor ANN, KNN, NCC wag SVM dneglunas Supervised Leaming Vvl

dmTUIST ANN 9g1dunisyinsuiu Feed Forward fe Yszananauuuludnamtian
Sunaludaondnn aunsesislud a.a. 1986 Rumelhart laAfiuiunamIvIvInIsiA ey
Algorithm 711433 Backpropagation eTfQﬁamiiJi"whﬁmﬁﬂiuLwiazqmiﬁﬁ%uﬂaiﬁlﬁﬁwaé’wéﬁ
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FORWARD PROPAGATION

LOSS

BARCKWARD PROPAGATION

gﬂﬁ 2.5 WUIAANFYINIUYBY Backpropagation

fiun https://towardsdatascience.com/introduction-to-artificial-neural-networks-ann-
laeal5775ef9

2.2.4 Nangun13nsedu (Activation Function)
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1. Linear Activation Function

linear(x)
(=)

g‘dﬁ 2.6 Linear Activation Function

fian https://zamronijr.github.io/blog/tech/2018/04/23/intro-to-ann.html
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2. Sigmoid Activation Function

1.0F----- . i

a{z)
o
un

31]‘17; 2.7 Sigmoid Activation Function

fiyn https://medium.com/mmp-li/deep-learing-tUUaNLIR¥U-ep-2-optimization-
activation-function-tsgunuaunsqaladdas-9febs5a87e3b2

\SundnFeviledn Logistic Function Wuilsdduidud@uldsgud S towdnsiiAnagsening
0 8¢ 1 wmeduldlunuidesnisnagnsidunuitadu (Probability) Wnefvualingudeya
oIt 1 wasnqudeyaiilifionisviiny 0 (Sagar Sharma, 2017)

JoLdauad Sigmoid Activation Function g Neural Network anvaziadalurasiiadna
nsiSeuivesuuuiiass (esanuuudiassazgidn (Converge) 41 siliSouslddn wagmn
Summeguenszey -5 71 5 Auduanidlng 0 Fwily Gradient lAnasTen e uavgidmnegud
(WUmevisaesthaiuusv) Wiatlam Vanishing Gradient fio antmiinlsigndmemansely

wananil iesnilenduiianegsening 0 89 1 FeAnadeninasliduindu 0 vivlvidn
Gradient adulUinsgninansiieusvaaLuuInges



12

3. Hyperbolic Tangent (Tanh) Activation Function

1.0t

0.5¢

—-1.0t

gﬂﬁ 2.8 Hypoberlic Tangent (Tanh) Activation Function

fiyn https://www.researchgate.net/fisure/The-Hyperbolic-Tangent-Activation-
Function figl 224535485

fAvesilentuaaienu Sigmoid LLGiLmﬁwm%ﬁmézﬂLwi -1 614 1 vhluddefnaa Sigmoid
LWinﬁﬁﬂﬁﬂﬂﬁN@@jizWﬁ’N 0 919 Gradient liaauluun wagdingdusuinnin Sigmoid vilw
Gradient 1nnnIuazFauslMsINdT widieiiodn Converge Frwazlilanunsaldlusnudideanis
wadndiduanuiranduld Soulflunu Classification fiflifivaud 2 ngu (Sagar Sharma, 2017)

LagmInBunneguenszey -3 89 3 AnutuIsdilag 0 wasilitindgym Vanishing

Gradient [uLAgaiu Sigmoid
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4. Rectified Linear Unit (ReLU) Activation Function

SO0 ¢ SWeSe N30y [~ XE 0.0 2.5 5.0 7.5

gﬂ‘ﬁ 2.9 Rectified Linear Unit (ReLU) Activation Function

fisn https://machinelearningmastery.com/rectified-linear-activation-function-for-deep-

learning-neural-networks/

Dunilsluledduiioniunldlunsadraudtaosnisiseuduuy AN Wesannilu
laftudunsaiignusuudiondnedidufissniafondo s 0 feathu Sndnduileifuitoune
uiiflUsANSa1mna1 Activation Function 3u 1ilasandndunamduuin anutuaziviaiy 1
paennI1a dInaliiliinga Vanishing Gradient ﬁﬂﬁﬂ’]iﬁaufsuaw,umi’waaaL%’;Gﬁyum’m (Sagar
Sharma, 2017)

Fomnldfifendunisnsgduuan wuuiaedlasaeussaniisuasliaunsaseuiiay

aiaiuuInaeweeyaniianududeu wu sunn Jile ideavteteaninue1in Wi A1UTTENY
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2.3 K-Nearest Neighbors (KNN)

KNN 1JuAsnil e ldlunnsdnngudeyaiieglungu Supervised Learning lngldinns
Aumiiteutuilnddian ednaulaindeyaildinluasmsstuiteulaniensdln lngaviingu
Yoyanilsegnouudd wazazidendl K viodruiieutuiilndiigaffidnvus milou vie
TndiAsiudoyalvsifidnununniian Tnsazfnanszezvinsvosusiaznsdlannusaznguiiianuay

IndlAgaiuteyalvaifiidnun

2.3.1 %ENN5HNILVDITUAUDS K-Nearest Neighbors

KNN 9z 9nd1uiudeyauiiinseus 1lndfan (Nearest Data) vesdoyafifosnis
finrsan Dlusuan K dtonduillndfiaaiu f5undeyannndulyuedlndfianeezniiu
9ntu KNN azoyunlideyalmifladiludutoyalssnmatungudoyatug Tas KNN &
Funoudsl

1. ivuernves K

2. Arunalsrogisestoyassminsdoyaiidesnsfiasaniundudoyasiedis

3. dniSesdduvesszeyvinanasdeniiansandeyaiieglndigamud oy K Afmunli

4. forsandnugateuaiilndfigadiuau K ¢ udrfarsandinngudoyalvueglnddeya
AfanTanunTige

5. dinduladenngulnudeyaniiansan

2.3.2 A79819N15VINUVDIVUADUIS K-Nearest Neighbors

1. auuAlvilinguidoya 2 ngu kasAvualiel K=3

Uil 2.10 ngudioyafiliidu Training Data



2. Minuulddeyalmidnun @) Faludeyaiiseansiaisaniinisedlungyla

5UN 2.11 fiTeyalmindensinansandun
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3. AInssevviestayaneglnadeyalyduinyian (Nearest Neighbors) 3 Jayany

' A o v dl val v Y 1 a A v = v
A1 K 101AUR WUUWT@MHawsLﬂaW?jW 3 ‘UauualﬂLLﬂ GINGRNE! GU’E]Ha LAZALLAY 2 ﬂlallua

sUN 2.12 miitouduiilndfign 3 @

4. ntiudalideyalndinasaneglungutayadung

UM 2.13 dangulvideya
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2.3.3 YaA255239UN15b475 KNN

' = B a A a o ! < ! a ¢l o !
1. A1 K asiianduavd ieinmnidnnunguuavd e1ainaaiunsaliivinlvly
anansadanunguls insgdnnuieutunlndigaannvisaesnauianintu fagui 2.14

U 2.14 Yymudle K Juavgdmsunquinfisouwiug

2. A1 K invuadzdedldfinnyifiumnaguuesdiuiungs W 910U 2.15 Wellyn
Toyanaua 3 ngu mnimuakial K winiu 6 sadunaguued 3 enadnnsdiifidnuuiou
Uruilndfigadnnuuhiuannusiazngy siibiliannsadaudnauls asgui 2.15

JUN 2.15 Yywdleffoya 3 nau uaz k=6 Jadunanuves 3

2.4 Nearest Centroid Classifier (NCC)
@ e =t Y 1 I a | 1 a a = = 1 v
Jwianilslunsdauvaingudeyaniseuite unilussdniam aunsaisendneg1ladn

Jun1suuanguuuy Mean Difference lnanann1svitaudie #ansanaudeayaninge n1qa

lenans (ALade) veanquieyamiiograusazngy Wailveyalyiitnun WsamseeenIeing

Payalminiduneglndiuyafnarsvesngudeyalauinign Jezeuniulvdeyansfeans

fiarsandudeyalunguiug



2.4.1 A29819N159191UVDIVUNBUIS Nearest Centroid

1. auuAlvisiteyasy 3 nquee Wided uae wazt1Ry

. o @
[ '.‘:.a‘:.

- .:': sl ° .ﬁ::
VISt

5UN 2.16 uananaudeya 3 nau

2. lateyalvindanisfiansandiun denediden

JU# 2.17 Adoyalvainfaansiansanidnn

3. MAANINANMTOALRGEYeINaUTBYAaNS 3 ndunagsuviale

a 4 @
¥ /“ :%A'.....‘..-.
L L]

ek Y

Wi
..-:..-_..".:.;;.-.
8 3".. de e

a .".....l‘: .

5U# 2.18 v Centroid vadusazngutoya

17
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4. mMszggneseninsteyalnindesnsiiansaniugaieinalvesngudeya gireglnaiy
nenanvengulafian Faasuirdeyalmleglndiugnianansesnguieyadultuuniian

gﬂﬁ 2.19 %1 Nearest Centroid

v
a o a

5. Inlndeyaltnieglundudeoyaiiinu

35U 2.20 dnngaideua

2.5 Support Vector Machine (SVM)
LﬁuLLUURT’]aawmmﬁmmam%ﬁ%’msﬂumju Supervised Learning sdu Algorithm #ifiey

Tiueg1en 19919t uUYTZRaHaN N (Image Processing) kaza1uiitA 82199 un159A91

v

sUsuursonuuunlszan (Classification) Ingldnannisduundeyaseniduaengu (Binary

=

Classification) eiiUsganinmlunisdwundeyaniifiniduiuinnld lngeidenisduudanis
sindula (Decision Boundary)
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2.5.1 %ANNTSYINUVDIVBIIUNBUAS Support Vector Machine
winn13ved SYM fis nmslidunaiildlnevsulunnmesluiuil N 37 a1nduazyiinis
2/ o 1 A 1 14 aa [ o/ A [ ¥ aa <
asnuduLUmie Hyperplane wu ety 2 18 asifuduniaioglussunu xy uazan 3 @ audu
seunuiegluif xyz ddldlunisuendeyasandungusineg dagun 2.21

3
5}
- &)
- -] )
> 3
)
~
2 a
A @
Pl iy @
k ¢
2 - . 3
-
LY " e
’ (4]
»
)
< Q)
g

3UM 2.21 Meganisiiadeyaneds SVM wuu 2 &R

IN5UN 2.21 Payaueaulzuiueging waglunsdayasg Usianvauresduni lay
AdeyaieguaUTLAULLRLSENIT LNWBsAg (Support Vector) kagudazilvayanuzu

Y
wegtnausanunsanureyaeaniudesnguliegauumanna nsdiifideyavivdrnndunagly

De »D

e

= 14 1

Auiidunis Jaduteyadnuiulesiadeniialunasandeyatuaziionin vaulu (Soft
Margin) dauwuunldgeulviddeyalng egduuveuiavuvuuuliinisusuuvesoyaiay Sonin
YOULD (Hard Margin) Aaguil 2.22
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1.

AnwAuAINgEfkazonasiineITes

. Anudeyaaininensnsnnisuiinuiafiingiu

. feguiudeyaiegafoumizoiaueing g

U A aaa o 1 -
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ANWIN15YN9UVRIUSBNTULAL S UAUTE UL USLNTY

. neaoslalusunsudntenaua BNz B AR U

. ATRdeulsEANS M mLarUTuUTINIsInIuYedlUsunsy

3.2 aWALISNNEIVBY
1. Python

HunwiBeulsunsuseiugeildfueginiens Tesgnesnuuuulifduntwiiey
9y aarnududeuvediasiainuarhonsalvesniu maulasemdaiideulmiunvieies
Python n15¥1191UlUY Interpreter fatdunisuvayardsfiazusin Lﬁaﬂaum’hqﬂma
Uszinanaliiromfimeihaunuiiglifesns uaslassaiosnutuagyinlilusunsues
anunsasilanwiAnnisdeulusunsy Tneldussinfivesatninniwduegne C++ waz Java
yonnin1wilusunsy Python aanuisathluldlunisidouTusunsulédnainaneuseinm
(General-purpose Language) liiinazifunsdeuluswnsufiilassasravunmdnluaudadusunsy

lassasunlg wWesanilassaindludeunisniwigiladne
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sU# 3.1 TUsunsy Python

As3uduNISRRWIvesn w1 Python Sudsluieusuinau A 1989 Tag Guido Van
Rossum TUsHAsHLL05 3196 9 Y & ¥ 3a1ueg'fi - Centrum Wiskunde & Informatica (CWI)
a0 UUITINAUAMAAEAS WaEINYINTTABNNNOSILDIBUANSAN UTEINALULEDSULAUR
Tag Guido Tndszasdlunsfmuilusunsudmivdguaszouiiteltlulasenis Amoeba Fadu
TasamsifeduszuufRnsuuunsyane (Distributed Operating System) aendlsfinu Guido
& uiutesfnvesnualusunsy ABC, C uaz Bourne Shell adasldinanluniswaununy
warhinsstuitimanevanaUsznis faiu Guido Selddnauladmiannarwlusunsusedugs
Fualml el e adunuedisn Tngtiededluniw ABC wwaunlunte Python sauds
Ieiaudmdug udnd ly uagluiainenndaldimeuns Python 1.0 westuusnlud a.a.
1994
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3.3 VUABUMIIUAULAzIIUTaYA

< v 1'%
msmwagagﬂmwmumwwammuwﬁqggm

JUT 3.2 nstivgunmieustamiauei

MiegngUieumIs@olinudas nguaInwasuin Sniianasy Ssinanssauys lneas
U weenilu 3 ngumen leuwn

1 14 dy & . a a <3
naa A NBULNIZLYBLAAN Mycelium LQiQJJLG]UIG]LG]ﬂJQQ

nqu B : Aeuwzideriafl Mycelium wigiulalifiugs uadsaunsailuilanenly
Tsasauld

1 ¥ 49{/ =1 a a ‘3 A A a a
nqu C : Aswmnziaainulymannsinges wiednisasyiulnvomusuuay
wuad lanunsathlulenenls wuadu ¢ ngudes lawn €1 587, C2 576, C3 918U way C4
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JUN 3.4 Aowmgideriinngu C1, C2, C3 wag C4 mud1au

3.4 M3nseadaya

3.4.1 nsheiuiifiaula (Region of Interest) PanaNAUAS

Aotunaunisusnguieunzideifaunsiiggiuesnaniiund wasmaia Contour
Detection waz Segmentation anilafdily OpencV @y Library Function dmsunisideu
TUsunsy

(%
o [

TA8NISAININA D URATITUADUAIT
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1. i@engUnmNfAeINsYinTusN

JUN 3.5 Aoumsidaiinueiggiu

2. wasusun i Grey Scale Meilaridu cv2.cvtColor() waziuaagunimiionn Noise
YINIMALTINTY GaussianBlur() InUUTs@UdUVRUTUAINAIETH A TUAINTBIAINDE

canny()

"1[L * ‘f;ﬁ?l‘l‘lﬂ i
hl“ EJJHF .\‘

5UN 3.6 Myasruduvaugunw
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3. Wousaiduveuiilifinfiuiaiu (Close Gap) feflandu dilate()

g‘ﬂﬁ 3.7 1135 Close Gap

4. ynsauduveuinlidaisasd W duveuiiseuinglinsstuviagedany wening
eI erodel)

JUN 3.8 M3auLduvaunlifonIs
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5. onNuandauiesauInguisuduAg) Wewinnsaiaduveuludunauusniuae
AU LTLLNNINY aduvaundowiuTngvsalduveuN T wazdentuing Jeeatiuinuiy
HUeaviIA wazunfduIssazdudausaumeilandu findContours()

1%

6. M sUuindundfunnfgameleidu cv2.contourArea)

7. MaLduRtudensauingiefiaidy drawContours()

JUN 3.9 MU RINUNIINTIgATReNTauIng



8. syunavMluNuNEdW9Y neloRanduReInuiuTe 6 wWilmaaniIkUsAINUNUI
YDWAUINVAU -1

JUT 3.10 szungdvnluiuimiduns

9. ihzunmleande 8 saudiiusun ANy bitwise and( aglasunmi
anusadlllddmiutuneuselula

JUT 3.11 sUnmivihmsauiiuvdaseusey
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3.4.2 JuABUNTUTTNIANANN (Pre-processing Step)

fupounisusznanannie suseunsieutoyalindomilldlunsussainana Tng
mMsannmduteuresteya msdanseanamzanaNu Msdauenteyanlididuoonly
derfineuusiugliuduuudans Sdummanosiarld 2 wedaluduneunisUszutananin
Ao

1. Principle Component Analysis (PCA) Ai® mmmﬁﬁmaﬁagaaﬂLﬁaammmeﬁ’w’fau
wazbalumsvhnuvestusunsy Taglémswasuulandadulunmsmunuiiddyuesdoya way
MdndAvesdeyailidndulunsasrauuudiantesnly Tasnsvin PCA o1duAds PCA Tu
Decomposition Module 489 scikit-learn (sklearn) CRIRIRY Library @115 u19'%1 Machine
Learning uaz Data Mining Tu Python dslunisnaaaniiudl 32,768 3R ndw1nvi PCA udawide
N 517 Tagen N ushuusfinmug

2. Scaling e nsUvARAINNANLUIUTIY WazAldevostoyaloglumasguifiodty
Ao ARABWINAY 0 uagAANuLsUTILWINAY 1 i elvdeyalinszaredandedaiuuin

uiAuly vinlmelgfsntu StandardScaler Tu Preprocessing Module @89 scikit-learn (sklearn)

3.5 BuduAneI3sn1s e e

i s@nwidsaltlumsdautsngudoya uazvnisvaasadeulusunsa Python
ponuilaes mannisaan 4 157 aula laun Artificial Neural Network (ANN) , K-Nearest
Neighbors (KNN), Nearest Centroid Classifier (NCC) W&z Support Vector Machine (SVM) i
v dnuUstoyaldusiugdign lneiusuain

1. annfluian Library figesnasléidagn

2. lilusunsneuAsUiautefaustazngy

3. asmlsdmsualaunsy

4. a¥aiiuiisdmsuldiudeyaglam

5. ¥1M13 Reshape vuangudeya (Aray)

6. @519uUUIADMIAnAmERSIne1dI5919 Machine Learning

7. Weulusunsudusuneaaulszansnnlunisdaueniaumnziawia laald 4 339
NANNDSIUITDNUNTNT haZNAFUAINULLIUEIAI8AT K-Fold Cross Validation
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3.6 FaMsinuvaslusunsy

e mualifiudsdinaungy v = 4 vneanuin dmiunsmeaeusie K-Fold Cross
Validation axfinsuussegseenidu 4 nqu Tneldngumiadusudmiuns Test fudn 3 ngu
fimdedadungudiniunis Train Tnagsinig Test uag Train uaduiuluauasuri 4 nau
wazAALiuERAY 19y 913U 3.12 Avualiingudl 1 Junguilddmiunis Test uas
naufl 2, 3 uay 4 1Bunguiildluns Train Tngazihnaui 1 lunaaeuiudn 3 naufimdediasy
Ay Mniuiavdsulingud 2 Sunqudmiunis Test wazthlunnaeutunga 1, 3 uag 4
MniFvuRnfuiungud 3 wee a

» K-Fold Cross Validation

SN gt ——=

Data Set
Y 0 SO S
aanll o A\ ~°'
2 A B s .
o kW S S S

g‘dﬁ 3.12 015 Cross Validation

fian https://www.slideshare.net/NontawatB/05-classification-1-decision-tree-and-rule-

based-classification

(Y 1'% ay <
3.7 ﬂ']iﬂﬂLLEJﬂf’]Imﬂ'lWﬂE]uL‘W'IZL‘UE]L‘Viﬂ‘iJ'N‘W']

lunsasrauuudians agReeinnsAnas Package 5o Library 18 dudmsunislaau
nou laelunile scikit-learn

1. dleRnda Library 1Seuses Tivihnsiwda Library (Import Library) fisduidan

2. ihdhgadayaiinusingguangiudeyalnamesinil (mport Data)
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3. sptaya Wutuseuimvuailiresuilade diuwlsdase (Feature) uavnaduls

AafLUInu (Class)
4. vinsuustoyasendu 2 diufe
1) Training Data tHudaufiazlildaina Model n3els Model Fens
2) Testing Data 1Judwiilildmadeuuseansninaes Model

Imgaguuadu Training Data 75 WwWasidud way Testing Data 25 1Uasidus Tun1suus
Toyall mnuudliTuIudeaua Testing Data fitfos avvilin1s Train lue1aianaldlumnsdn
339 NT00IMINTIUIUTDYA Training Data d1ey dvdewarayszdniainlunisuenuezves

Algorithm
5. NMIVAAILUVIa8 (Fitting Model)

TaeluusiazFstinssonldynmdsdunsidoulusunsuunnsiediu
1. SVM : from sklearn import svm
2. KNN : from sklearn.neighbors import NearestNeighbors
3. NCC : from sklearn.neighbors import NearestCentroid

4. ANN : from sklearn.neural_network import MLPClassifier

6. NedeuUsEavEAnveLuUIaadlunITwekadmsutayatuyn Testing Data Liie
WINTIANLLUET (Accuracy Rates)

7. 1AM IANUBNUEIVDING 4 NISNARBILIIABRAF NS UMFALID



UNN 4

NANTIINN A

< v
4.1 RaNILNUYBAA
summiausiguilaannisiivdeyanisniianisy daningnssays sousula
Viaviun 79 3U wuadu ngu A 273U, ngu B 8 3U uaznqu C suvianue 4 naugesdl 44 3U

4.2 NANNTIAATIZHA

4.2.1 9M3IANAUKAILEININNNTAAKENAIYTS SVM wag NCC

21nn19nnaes Tun1sdausnAmAmiaIs SYM way NCC mnlaildnsguaunig Pre-
processing LagiiNadns1ANLIUEUNINAY 92.85 Wesidus way 83.44 Wasidud auanau
uazlunsi PCA Lileandidvideununmidnyazisuvasioya azvhnisandifvesdeyaain 32,768
1R widewfios N 97 Tnglunisnagey azfvuna N Wiadu 7, 17 wag 27 Janasnsiaanuaiug
wanslum1sned 4.1 92iuda3s sVM SUseans nngaamdedmuald N=17 waz NCC @
UszAnSrawgeaniile N=27
A151991 4.1 SaseuiEINNTUSERaRaRIETS SVM uag NCC

Number of principal components
N=7 N=17 N=27
SVM 88.24% 94.80% 93.55%
NCC 67.34% 89.38% 90.63%

Methods
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4.2.2 3n51AULUULTIVINNITAALENABAS KNN
INANTNA 4.2 NMIAALENAIETT KNN SHadnsIauuiug1asaniie N=17 uaga k=5
A5199 4.2 BRTIANULLUGIINNANTUTEUIANANIEIT KNN

K Without_ Number of principal components
Pre-processing N=7 N=17 N=27
3 89.48% 88.24% 88.10% 89.48%
5 91.98% 88.96% 93.23% 90.42%
7 83.63% 81.06% 79.81% 85.01%
9 81.20% 78.24% 77.79% 79.81%

4.2.3 §9151ANUMIUGIIINATAAKENAIBIS ANN

MIFRLENAMNTIAIETE ANN azfitutiouss (Hidden Layers) sismua 2 44 Tnstuusnd
V’?ﬂwuﬂ 16 Nodes sf?u‘ﬁlamﬁ 9 Nodes LLazﬁﬂﬁ‘fﬁJumzﬁuﬁlﬁﬂﬁLLﬁ Linear Function, Sigmoid
Function, Hyperbolic Tangent (Tanh) Function L& ¢ Rectified Linear Unit (ReLU) Function
warlutuaaie (Output Layer) THilaifunsesuio Softmax Function Saduiladduiignuiluld
vegluau Classification e ingvatungs

A151991 4.3 113 Pre-processing 928735 Scaling annsaiuussansnmnisdawenls
Tnolaidunszdu Rel U Tisasianaslug il 98.69 wosidus
A15197 4.3 SasrenuiaingInInnIsUTEaRaRIETs ANN

3 Activating Function
Pre-processing

linear sigmoid Tanh ReLU
Non-scaling 9.78% 58.46% 55.52% 27.66%
Scaling 93.78% 93.44% 86.34% 98.69%

Felunimaaes MsAnkenRaUsEIMAntulunsaififnLennay B ganiiesiasaaule
Juiougaings Wungu A wagludaumnzomiangy C duausadauenlaogauiug



5.1 d@5unanisaniiuanu
uiteiliiauenisairsuuuiiassiiiinainnisidsudvesaias (Machine Leaming)
deldlunsdpuenaunmioumiziofiaunsiiiggm 1ae38 Arificial Neural Network (ANN)
19wafinn1s Scaling éﬁ’az;ljadauﬁwlﬂﬂﬁzmamaﬁuﬁmmmuwauﬁ’umiﬁﬂﬂﬁi{mu \fleannd
Smsanundugigeiian wararmnsodauenaunmdeumnzdeiauiaiiggiuldesidl
UseAvBnm lasruUesifudarufianain 1.31 Wedidud MAntuansnseuiulfidesainiaa
Tunsdifissyfoumsdeiiangy B AldesisyiulnfoudiugilndiAssiungy A

5.2 guassalun1saniueu

1. psifusnsfeumizidaifefithuimaassinldean Wesmndeafuluaauiifiings
muqmmm%u

2. NM3AUANLASLLITY Image Processing Tudupeunsaenmisumizideinuiei
aumuAulden iesanfimsagviounesgaanain

3, MsialsATEUINTes COVID-19 vl lilansavhuuusiaosnasauaseswnnsesiou
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from os import listdir

from os.path import isfile, join

from matplotlib import pyplot as plt

from sklearn.neighbors.nearest_centroid import NearestCentroid
from sklearn.neighbors import KNeighborsClassifier
from sklearn import svm

from sklearn import tree

from matplotlib.colors import ListedColormap
import numpy

import numpy as np

import cv2

from sklearn.model_selection import cross val score
from sklearn.model _selection import cross validate
from sklearn.preprocessing import StandardScaler
from sklearn.decomposition import PCA

from sklearn.neural network import MLPClassifier

floderCA = 'C:/Users/dell/Desktop/Class A'

filesCA = [fa for fa in listdir(floderCA) if isfile(join(floderCA,fa))]

imagesCA = numpy.empty(len(filesCA), dtype = object)
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for i in range(len(filesCA)):
#print(i)

imagesCA[i] = cv2.imread( join(floderCAfilesCA[i]))

imegca = numpy.empty(len(filesCA), dtype = object)

for j in range(len(filesCA)):

imgcalj] = cv2.resize(imagesCA[]j]1,(0,0),fx=0.75,fy=0.75)

floderCB = 'C:/Users/dell/Desktop/Class B'

filesCB = [fb for fb in listdir(floderCB) if isfile(join(floderCB,fb))]

imagesCB = numpy.empty(len(filesCB), dtype = object)

for i in range(len(filesCB)):

#print(i)

imagesCBIi] = cv2.imread(join(floderCB,filesCBIi]))

imgcb = numpy.empty(len(filesCB), dtype = object)

for j in range(len(filesCB)):



imgcblj] = cv2.resize(imagesCBI[j1,(0,0),fx=0.75,fy=0.75)

floderCCB = 'C:/Users/dell/Desktop/Class C1'

filesCCB = [fcb for fcb in listdir(floderCCB) if isfile(join(floderCCB,fcb))]

imagesCCB = numpy.empty(len(filesCCB), dtype = object)

for i in range(len(filesCCB)):

H#print(i)

imagesCCBIi] = cv2.imread(join(floderCCB,filesCCBIil))

imgcch = numpy.empty(len(filesCCB), dtype = object)

for j in range(len(filesCCB)):

imgccblj] = cv2.resize(imagesCCBIj1,(0,0),fx=0.75,fy=0.75)

floderCCG = 'C:/Users/dell/Desktop/Class C2'

a2



filesCCG = [fcg for fcg in listdir(floderCCG) if isfile(join(floderCCG,fcg))]

imagesCCG = numpy.empty(len(filesCCQG), dtype = object)

for i in range(len(filesCCQ)):

#print(i)

imagesCCG[i] = cv2.imread(join(floderCCG,filesCCGi]))

imgccg = numpy.empty(len(filesCCG), dtype = object)

for j in range(len(filesCCG)):

imgccg[jl = cv2.resize(imagesCCGlj1,(0,0),fx=0.75,fy=0.75)

floderCCl = 'C:/Users/dell/Desktop/Class C3'

filesCCl = [fci for fci in listdir(floderCCl) if isfile(join(floderCCl,fci))]

imagesCCl = numpy.empty(len(filesCCl), dtype = object)

for i in range(len(filesCCl)):

Hprint(i)

a3



imagesCCl[i] = cv2.imread(join(floderCCl filesCCI[i]))

imgcci = numpy.empty(len(filesCCl), dtype = object)

for j in range(len(filesCCl)):

imgcciljl = cv2.resize(imagesCCl[jl,(0,0),fx=0.75,fy=0.75)

—
1l
(@)

floderCCD = 'C:/Users/dell/Desktop/Class C4'

filesCCD = [fcd for fcd in listdir(floderCCD) if isfile(join(floderCCD,fcd))]

imagesCCD = numpy.empty(len(filesCCD), dtype = object)

for i in range(len(filesCCD)):

Hprint(i)

imagesCCD[i] = cv2.imread(join(floderCCD,filesCCD[i]))

imgccd = numpy.empty(len(filesCCD), dtype = object)

for j in range(len(filesCCD)):

imgccdlj] = cv2.resize(imagesCCDI]j1,(0,0),fx=0.75,fy=0.75)

aa



h_bins = 32

s _bins = 32

v_bins = 32

histsize = [h_bins,s_bins,v_bins]

h_range = [0,255]

s range = [0,255]

v_range = [0,255]

hsv_range = h range + v_range + s range

channels = [0,1,2]

imgca_hsv = numpy.empty(len(filesCA), dtype = object)
imgcb_hsv = numpy.empty(len(filesCB), dtype = object)
imgccb _hsv = numpy.empty(len(filesCCB), dtype = object)
imgccg_hsv = numpy.empty(len(filesCCG), dtype = object)
imgcci_hsv = numpy.empty(len(filesCCl), dtype = object)

imgced_hsv = numpy.empty(len(filesCCD), dtype = object)

histca = numpy.empty(len(filesCA), dtype = object)
histcb = numpy.empty(len(filesCB), dtype = object)
histccb = numpy.empty(len(filesCCB), dtype = object)
histccg = numpy.empty(len(filesCCG), dtype = object)
histcci = numpy.empty(len(filesCCl), dtype = object)

histccd = numpy.empty(len(filesCCD), dtype = object)

a5
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for i in range(len(filesCA)):
imegca_hsvli] = cv2.cvtColor(imgcalil,cv2.COLOR BGR2RGB)

histcali] =

cv2.calcHist(limgca_hsv(ill,channels,None,histsize,hsv_range,accumulate=False)

for i in range(len(filesCB)):
imegcb_hsvli] = cv2.cvtColor(imgcblil,cv2.COLOR BGR2RGB)

histcbli] =

cv2.calcHist([imgcb _hsv(ill,channels,None,histsize,hsv range,accumulate=False)

for i in range(len(filesCCB)):
imgccb_hsv[i] = cv2.cvtColor(imgccblil,cv2.COLOR BGR2RGB)

histccbli] =

cv2.calcHist([imgccb_hsv(ill,channels,None,histsize,hsv._range,accumulate=False)

for i in range(len(filesCCQ)):

imgccg_hsv[i] = cv2.cvtColor(imgccglil,cv2.COLOR BGR2RGB)
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histccgli] =

cv2.calcHist([imgccg hsvlill,channels,None,histsize,hsv_range,accumulate=False)

for i in range(len(filesCCl)):
imgcci_hsvli] = cv2.cvtColor(imgccifil,cv2.COLOR _BGR2RGB)

histccili] =

cv2.calcHist([imgcci_hsv[il]l,channels,None,histsize,hsv_range,accumulate=False)

for i in range(len(filesCCD)):
imgccd hsv[i] = cv2.cvtColor(imeccd[i],cv2.COLOR BGR2RGB)

histccd[i] =

cv2.calcHist(limgccd hsv[ill,channels,None,histsize,hsv range,accumulate=False)

cl=0
c2=0
c3=0
c4=0
c5=0

c6=0



for c1 in range(len(filesCA)):

histcalcl] = np.reshape(histcalc1], 32768)
for c2 in range(len(filesCB)):

histcb[c2] = np.reshape(histcb[c2], 32768)
for c3 in range(len(filesCCB)):

histccb[c3] = np.reshape(histccblc3], 32768)
for c4 in range(len(filesCCQ)):

histccg[cd] = np.reshape(histccglcd], 32768)
for 5 in range(len(filesCCl):

histccilc5] = np.reshape(histcci[c5], 32768)
for ¢6 in range(len(filesCCD)):

histccd[c6] = np.reshape(histccd[c6], 32768)

i=0

for i in range(len(filesCA)):
histcali] = histcali].tolist()

i=0

for i in range(len(filesCB)):
histcbli] = histcb[i].tolist()

i=0

for i in range(len(filesCCB)):
histccbli] = histccblil.tolist()

i=0

a8



for i in range(len(filesCCQ)):
histccgli] = histccgli].tolist()

i=0

for i in range(len(filesCCl)):
histccili] = histccili].tolist()

i=0

for i in range(len(filesCCD)):

histccdli] = histccd[i].tolist()

#print(len(filesCA))

#print(len(filesCB))

#print(len(filesCC))

X =

a9

np.array([histca[0],histcal1],histca[2],histcal3],histcal4],histcal5],histcal6],histcal 7],histcal8],h

istca[9],histca[10],histcal11],histcal12],histcal13],

histca[14],histca[15],histca[16],histca[17],histca[18],histca[19],histcal[20],histcal[21],histcal[22]

Jhistcal[23],histca[24],histcal25],

histcb[0],histcb[1],histcb[2],histcb[3],histcb[4],histcb[5],histcb[6],

histccb[0],histccb[1],histccb[2],histccb[3],histccb[4],histccb[5],histccb[6],histccb[7],histccb[8

]}

histccb[9],histccb[10],histccb[11],histccb[12],histccb[13],histccb[14],histccb[15],histccb[16],

histccb[17],histccb[18],histccb[19],histccb[20],histccb[21],
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histccg[0],histccg[ 1] histccg[2],histccg[3],histccg[4],histccg[5],histccg[6] histccg[7],histccg[8],h
istccg[9],histccg[10],histccg[11],

histcci[0],histcci[1],histcci[2],histcci[3],
histccd[0],histccd[ 1], histccd[2], histccd[3],histccd[4], histccd[5],histccd[6],histccd[71])

y = np.array(['Class A','Class A')Class A',Class A',/Class A','Class A','Class A','Class A','Class
A''Class A','Class A','Class A','Class A','Class A','Class A','Class A',

'Class A','Class A','Class A','Class A','Class A','Class A','Class A','Class A','Class
A''Class A',

'Class B','Class B','Class B','Class B','Class B','Class B','Class B/,
'Class C(Black Fungus)','Class C(Black Fungus),

'Class C(Black Fungus),'Class C(Black Fungus)','Class C(Black Fungus)','Class
C(Black Fungus)','Class C(Black Fungus)','Class C(Black Fungus),'Class C(Black Fungus)',

'Class C(Black Fungus),

'Class C(Black Fungus),'Class C(Black Fungus)','Class C(Black Fungus),
'Class C(Black Fungus)','Class C(Black Fungus)','Class C(Black Fungus),
'Class C(Black Fungus),'Class C(Black Fungus)','Class C(Black Fungus),
'Class C(Black Fungus)','Class C(Black Fungus),

'Class C(Black Fungus),

'Class C(Green Fungus),'Class C(Green Fungus)','Class C(Green Fungus)','Class

C(Green Fungus)','Class C(Green Fungus)','Class C(Green Fungus)','Class C(Green Fungus),
'Class C(Green Fungus),
'Class C(Green Fungus),
'Class C(Green Fungus),

'Class C(Green Fungus),
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'Class C(Green Fungus),

'Class C(Insects)','Class C(Insects),
'Class C(Insects)',

'Class C(Insects),

'Class C(Mushroom Substrate is Died),
'Class C(Mushroom Substrate is Died),
'Class C(Mushroom Substrate is Died),
'Class C(Mushroom Substrate is Died),,
'Class C(Mushroom Substrate is Died)',
'Class C(Mushroom Substrate is Died)',

'Class C(Mushroom Substrate is Died)','Class C(Mushroom Substrate is Died)])

sc = StandardScaler()
X = scfit_transform(X)
pca = PCA(n_components=17)

X = pca.fit_transform(X)

#numl =0

#num2 = (]

#print("BG Removed")

#print("PCA Variance Ratio")
#print(pca.explained variance ratio )

#for i in pca.explained variance ratio :
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# num2.append(i + num1)

# numl =i+ numl

#test = cv2.imread('C:/Users/dell/Desktop/Test/CCCC1.PNG)

#itest = cv2.resize(test, (0,0), fx=0.75, fy=0.75)

#test = cv2.cvtColor(test, cv2.COLOR BGR2RGB)

#histtest = cv2.calcHist([test], channels, None, histsize, hsv. range, accumulate=False)
#histtest = np.reshape(histtest, 32768)

#histtest = histtest.tolist()

#histtest = sc.transform([histtest])

#histtest = pca.transform(histtest)

clf = MLPClassifier(solver = 'lbfgs', alpha = 1e-5, hidden layer sizes = (64, 64, 64),

random_state = 1)

clffit(X, y)

#clf = NearestCentroid(metric = 'euclidean’)

#elffit(X, y)

#scores = cross_val_score(clf,X,y,cv=4)

#print()

#print('Cross Validation of Nearest Centroid Method (shrink threshold=0))
#print(scores)

#print()

#print(K = "ji+1)

#clf = KNeighborsClassifier(n_neighbors = 1)



#elffit(X, y)

#print('Cross Validation of Knn Method (k=5))
#print(scores)

#print()

#clf = sym.SVC(gamma = 'scale’, kernel = 'sigmoid’)
#elf.fit(X,y)

#print(clf.predict(histtest))

#clf = tree.DecisionTreeClassifier(max_depth = 5)
#elf = clffit(X, y)

#cv_results = cross validate(clf, X, y, cv = 4)
#sorted(cv. results.keys()

#dep =0

#for i in cv_results['score_time']:

# dep +=i

#print(dep/4)

accuracy = cross val score(clf, X, y, cv = 4)
precision = cross_val score(clf, X, y, cv = 4, scoring = 'precision_weighted')
recall = cross val score(clf, X, y, cv = 4, scoring = recall_weighted’)

f1 = cross_val score(clf, X, y, cv = 4, scoring = 'f1_weighted")

#box1 =0

#box2 =0
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#box3 =0

#boxd = 0

#print('ANN Classifier (Relu)')
#print('Accuracy’)

#for i in accuracy:

# boxl +=i
#print(box1*100/4)
#print('Precision’)

#for i in precision:

# box2+=i
#print(box2*100/4)
#print('Recall)

#for i in recall:

# box3 +=i
#print(box3*100/4)
#print(F1 Score')

#for iin f1:

# boxd +=i
#print(box4*100/4)
#print('Average = Weighted)

#print()

#precision = cross_val score(clf, X, y, cv = 4, scoring = 'precision_micro')
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#recall = cross_val _score(clf, X, y, cv = 4, scoring = "recall_micro')
#f1 = cross_val score(clf, X, y, cv = 4, scoring = 'f1_micro)
print('Accuracy’)

print(accuracy)

print('Precision’)

print(precision)

print('Recall)

print(recall)

print('F1 Score')

print(f1)

print('Average = Weighted')

#print()

#precision = cross_val_score(clf, X, y, cv = 4, scoring = 'precision_macro')
#recall = cross val score(clf, X, y, cv = 4, scoring = 'recall_macro")
#f1 = cross val score(clf, X, y, cv = 4, scoring = f1_macro’)
#print('Precision’)

#print(precision)

#print('Recall’)

#print(recall)

#print(F1 Score')

#print(f1)

#print('Average = Macro')
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