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Abstract

The analysis of pesticide concentrations requires expensive equipment such as high-
performance liquid chromatography or spectrophotometers. Using a portable
spectrophotometer is a more economical and portable alternative. From the research
work "Development of a Device for Analyzing Carbamate Pesticides Using Light
Absorption Principle and Digital Image Analysis" by Chotika et al. who developed a
portable spectrophotometer with prediction errors of 22.88% and 21.88% for
potassium permanganate (KMnOy) and carbosulfan (C,oHs,N,05S) respectively, which
are still high errors compared to a conventional spectrophotometer at 4.17%.
Therefore, this research aims to improve the image analysis logic and apply machine
learning to reduce the prediction error of concentration from portable
spectrophotometer images. The work is divided into two main processes: 1) image
preparation and conversion to numerical data, and 2) applying machine learning to
predict concentration from the processed image data. The predicted concentrations
of potassium permanganate (KMnO,4) and carbosulfan (C,oH3,N,05S) using the same
dataset showed reduced errors of 6.03% and 18.52% respectively. Additionally, further
experiments were conducted with salt, sugar, and salt-sugar mixtures, resulting in errors

of 32.349%, 21.65% and 39.77% respectively.

Keywords: pesticide, carbamate, carbosulfan, spectrophotometer, Machine

learning, image processing, Spectral band
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wvudung war wanlvinn wonduma lHszdviiadeanissanlasinladinofuuy
wan telivnAnnudutuvesasmiadnsiivnguasuiualasnsiiasgianaimane
awnafy dwefidudanuianatn 21.88% Fedsliifismeiliofiouiunisliiedeayi-Aa

Daawnlaslnladnesfta it 4.17% [2]

[
v U Ya v |

Fefufidededipsnmataunnuifeiiesutunguide “mavauigunsalauning
Tlafnosvdannmsaszndndmniumsiinngiasidadagivsziananiuiun” 3
i uiuasnsesnuuuresgunsaiaunlasiniafivesuiannmn dmsueidvias
nandsumnneinadnsildanedesaunlasTlafime suvunnnilvsifiofaunam

e sUsEenAlNsiseusueATas (Machine Learing)



o

3
1.2 qngUszesn
1. iedsuuzsnszuiunsniswieulasuUasnmdudeyasaavlimnsauiuns

SEUSVRUATEN
2. WeuszendldnisiseuivesaIediiovinngaududy

3. weiinauiuglunsyineanudutuvesasusansdmsuiniesgunsala

wWnlastWlpdimasyiannnd

1.3 YBulwAuUIdY
1. Aeseianudadurestayadin
- gansnaaedasaratglnina@euesiianug (KMnO,) veenuidy “nns

o v o A

W gunsallumsiesgiansmindnsiunguaisuiuslagldndnnisnig
AANSURAILAENITAATIERNNATIR” AUty 5, 8, 10, 15 uag 20 ppm
- YANIINAABIENTAZA1EANTIUTALNY (CooHaN,055), 1ndB, Uhena wazans
wsnde-imavesuite “mstagunsafaunlastilafivesudannw
saUsEndadmsunsiasgiasmIndnsiyUseanaisuun” A
Winduusazganaasdu [300, 600, 900, 1200 waz 1500 ppml, [5, 10, 12,
15 wag 20 %w/vl, [5, 8, 10, 15 way 20 %w/Vv] way [(2.5,5), (2.5,7.5),
(5,2.5), (5,5), (7.5,5) waz (5,7.5)] %w/v H1ud1U
2. MilsddulunsuSunimain OpenCV selusunsunie Python
.\ ﬂizqﬂm%}miﬁﬂuf‘uaﬂLﬂ?laﬂ(’ﬁ”w?ﬁ Support vector regression, Random
forest, Multilayer perceptron uag Extreme gradient boosting Weviuneeny
LY
4. 19n13m519a0uUszANSNavesn1si5sugv09LA3 09628 Mean Absolute

Percentage Error, Mean Absolute Error, R Square lLa¢ Mean Square Error

1.4 Uszlewildsu
ansieuvean’ediaunsaiinsgianaduduiidisamanainiaiesain

Iaslladmasiuunnnivesuide “msiauigunsalanlasinlndinosviiannnisian

Usgndndmsunisiiasigiansmdndngivdssianaisuiun” ldegrauaiugn 59057 uay

aunsaUsulTeyaUssnFUNMNImMINEaNRANTIATIERMENSISEUIU0LAT O



D.

unn 2
= awv ad v
NHWS LaSINUIIINLNYIVDY
nuffiAgtesdmiumsuuussussans ammsiunganududureaaiesaiun
TnslulafimesuuunnnishenmsiSeuiveandssusznaulse FBmslinnzsimududuves
a1savang, s¥UUA (Color Space), MWIABLIIMES NEu)MIesEIUAMNOUNNTIATIEN

(Image Pre-processing) hagN15L58US Y84LAT B (Machine Learning) § 95188z 80

samalull

2.1 FBmsessianududuvasarsazany

NIRRT uYesEIsazateamsavilinainuaeis ludnezilumnaiea
lasunlansilveunataussaugad (High Performance Liquid Chromatography, HPLO),
walan1sinn1sganduiamiesidlugiedaniililewanwaridila (Ultra Violet-Visible
Spectrophotometry, UV-Vis) 38 n153aA861A3 89 Brix Refractometer Tneluauided
waznudde “mMatawigunsallumsiinneiasmindnsivnguaisununlagldvannisnis

APNAULAIRAZNITIATIANNGRTR” [2] Azfnwinaginuimemailanisinnisganiuuas

redludsdansthlelanuazidila (Ultra Violet-Visible Spectrophotometry, UV-Vis)

2.1.1  aunlasinlalinas

v ! =

anlasinlniimesiduinsoilonadorA1n1sanduYLasdnsuansia Jail

Y

A8n1suszmnanagenadesiungueniesuazuanisnnwoludaunlnslwladnesilu
A3 09daM181AUAINTNATUYDILANAMTUATHE FailISnsUsvananadanadaiungves

= [ a6 U 1 d”
Jesuazuaudsanwaliil

2.1.1.1 nguaalesuasiauilse (Beer-Lambert law)
nguedautdsn (Lambert’s law) dlapanudn “ilediuasiiliaugn
a a 5 ) | o Sl Y v a
AGULA Y (monochromatic light) H1udIna1aflelnel dAdiuYIANULTNVDILAIT QN
fnansdugenduldlivusg fumnuduveanasnnssnudinaeiy wasanuduveduaazgn

! gj b = L ! dl ! L ” U dl
LLW@S“U‘N“U@W]’Jﬂﬁ?ﬁ@j@ﬂﬁﬂl’ﬁﬂﬁ@ﬁ’)ﬂﬂmﬁﬂu ANANNITN (1)

I k
log2 = —— (1)
I 2.303
We R ANULUULASLIBLSUANNTENUANS

| R ANULTULEIRIN LA THINAS



=~

L A AUNUIVDIFINAT

k R AAIIUN1A (proportional constant)

nguandes (Beer's law) TlaAi1udn “ilauasninue1InaUAE?
H1ufiInanailowen dndiuvesnnuduvetasignainastuganiulissuusiulaensaiu

YSunaesiinananganaunatiy” faunisi (2)

A = €l.c 2)
e A Mg AIN1SPANAULAY (Absorbance)
€ Ao Aluansueugesuiiia (molar absorptivity)

0 ANMUINTUYDIFTAYAY

@]
o)y

Watsinnisgandulasvesansaraty USunuautuvestasign

ANGLALIUDY AUTIANIUTUTUYBIAN TALAYUALAINNUIVDIA AL AU AR DY T4

o ®

sdudesunguondesuaznguemamdse Sondu ngueades-uaudsn (Beer-Lambert

law) faaunsai (3) [3]

A 1og10170 =\eLe ®
e A Ag  AIN1SRANAULAY (Absorbance)
l Ao arudusassiesunnnsznuans
l AD ANNALUULAIRR U TAINATS
€ Ao Alluansueugesuiiin (molar absorptivity)
L fio  AIUNUITBIFINANS
C Ao ANNTUYRIANTATAIY

N3inAINIsAANAULAIrRtansiiag a1 savinlalaglvidaas
dnudnluTudaegne (Incident light: 1) udrinUsunuuasiuaoniueonun () lnaiisuiunes

dl 1 d‘ T o 1
Pueanuilalifaseiesng 4]

212 AMULANAI95ENT1983-T 0108 arunlasinladinas (UV-VIS
Spectrophotometer) fiu dtunlasinlafiinasiuuunnng

Anuusnssiviulddndeyi-iada awnlasinlaiwes arunsomiAinis

pandusdvesansitoglutag Ultra violet (UV) wag Visible (VIS) muenanduuszanas 190-

1000 nm 1 [5] luvagnaunlaslilafiwesnnuide “msiauigunsallunisiiasieians



A |

Wadngivnauarsuualagldvdnnisnisaanfunaiuazn1siasigiamadva” (2]

30

o (%
o Y

Wt uduazlanadnsoanundusuninvesanasy lnernueneiulun1sinsziiy

1
o

Fuagivraonliniglugunsal

2.2 53UUd (Color Space)

(%
&Y [

Tunsudasgunmlinansidudmiaviuanunsarilalaensldseuudneg lddnesdu

aAaa (%

CMYK, RGB, HSV %158 LAB TauAazseUUd H30n15tUAN5ASIEiNkansnany Tuauiduad

A5lEpITrUUd Usenaumie RGB way LAB

2.2.1 RGB

AaszuUENUSENaUMIY 3 A1 Ap R-AwAd(Red), G-ale(Green) way B-aun

Ju(Blue) usiazAvzdiAteglugie 0-255 Wunszuaunistunisnandain 3 wid Aeduns @

v
a [

e wagddRu Aagun 2.1 [6]

U7 2.1 52UUd RGB

2.2.2 LAB

1 [ =B

ADSTUVANUTENBUAIY 3 AN AD L-UIUDNDLNUARILAAYIAUDIERNT T8

e

a A =< 1

U939 0-100, A-UsusniaunuAnausdleIauiedung daeglugae -127 - 127 uat B-Usuen
fawnudnsuddunduautdmaes daneglugag -127 - 127 \Jussuvdnieuldivaunsala

Walnstiledimes fagud 2.2 [7)



+L*White

+b*Yellow

-a*Green =

-L*Black

U7 2.2 5UUd LAB

a I3
23 2eAuNnInds (Computer language)
AIABUNIINDIADN N TOBNLUVLAINTUNITHRATTEMINUYWETUADNTILADS

Tulagtudnisfinwniwmaeuninesag1unsnate enflag gy A1wilunay (Python

'
vYa o

Language), N®13131 (Java Language) warn1w1® (C Language) \Uuiy drvsun1enigise

Y

= a o dyd « 9
danldlunuwidedae “awluneu

2.3.1  awlwneu (Python)
mulwneudunilduniwiaeniianes In1sldnuundudt A 1994 &
gneenkuukaziauilay Ala vu seadu vnusesuwaud iWunwiiamnsaseuslide

waziiused@nsnin a1usavauvusnaanasusiaglanainuaty aeluveudadynfds

[y

o & A (Y] v o o a dy =) v o & o & v 1
d15asundalunisdnnisdeya dwsuauided Inmsldauyaedadnsagulaun Pandas,

v v

NumPy, OpenCV WazScikit-learn finaudAgyasil [8]

o

2.3.2 Pandas
Pandas 1Ualuldaudiol a.6. 2009 99AWUULALWAUILAY 1 wWUAAUTE

Unaungendwisyiewsiu iWugedddnsogudmsuianistoyaUsennaisne Jalimny

Sudulumsimszideyanineu sening wagndnsldau Machine Learning [9]

2.3.3 NumPy
NumPy [Walsldanudied a.e. 2005 sonuuukasiaulag ns1ia loaunum
Uninermaniteyariowiiu ugaddsdisaguinldlunisaumumeadaamans wisld

lunsdnnisiudeyansiaiay [10]

234 OpenCV

OpenCV Walldeudel a.a. 2002 drlagund wuseananuiem intel \Uu

|
°o ¥ o &

Yardsd15a3U OpenCV dwsunisdanisteyauseiangunin wu nisuwlaaniwmdusaay

Asusud Wudu [11]



2.3.5 Scikit-Learn
Scikit-Learn \Ualldeauiied A.a. 2010 snuuukasiaulaginin nsuill
Wningrmanstoyay1insea Scikit-Learn 1ugardesdniaguiiiusiusiunannis

NTEUIUNTIATIZINATDY Machine Learning sfinmnee1e1ld [12]

= = 1 a ¢ .
2.3 NURNISATENFUAINABUAISIATIEN (Image Pre-processing)
Tunswssunmnaun1sieTelunuideilusenaume N15UaNIRUEugIUINe

waznIsiuasnInaleilesndundieu vguisaesiidunguiimuizdmiunisiden

AATIERRNIZAIUVDININ

2.3.1 n1sve1e (Dilation)

[

nsvgnedutunaunvetsvaulnvasinalunin (asvialuidudyn) Tnely

9

'
cal o

LDANUALATIASNS (Structuring Element) Galummsndnmuuananssnuvesinalnalfss
Tunsyuaunisil Anwaluninaznaredu 1 mnddnwaladnwanineliediuud

Tassasrady 1

2.3.2 n1snansau (Erosion)
nsianIaudunTzUILNITRTITNAUNISTEne teeiinaluninsady (laqn
o a a a 1 AW & 1 P ’~ ~ 9 Y a &
zidu 1 w38 0 lunmninn) azgaRarsanindu 1 Adewdenniiniaiioglilofiuud

[y 1

lassasnandu 1 fasuuazgninnseu (ibidueud)

Y

2.3.3  n3Ua (Closing)
a ) o a 1 [ ] = a
n1sUadunisaniiunisseainnisvenswasnisianseau dusslevilunisie
Po371198n9 neluinguiegannan vuing n1sleaansoausaduislunsiiutesinues
wndayvnlunin lngefiuudlaseadanmuadsnsiiy: JUNTWarIuInveuiua1unsadIna

sonadnsle [13], [14] Bsliuadwssegui 2.3

g‘dﬁ 2.3 JUMmuERsiIRguNsALlunsUanineuLazraInsALiuNg



2.3.4 m3a (Opening)
M3 dadunisaiiunisseaannnisinnsauaznisvens dusslevilun1sia

Foeining aewenvasanusauly Jusslevilunisandauniulaeseusanidssud 2.4

= Y ' o a a1 9 o a
E‘U‘V] 2.4 Eﬂﬂ’w\lLLﬁﬂQG\’J@BNﬂWiﬂWLuuﬂ?iL‘U@ﬂBULLag‘VlaﬁﬂﬂiﬂﬂL‘Lmﬂ'ﬁ

2.3.5 nsuasnInalenendunid@eu (Gaussian blur)

Y

n3¥i Gaussian blur Wuwadendeuldlunsusulanmaienianinidsa
laglan1zlun15anuaIsunIunI et uAUvnAuYesd neannnuaudaveInIn il

Uszlogdlun1susul RN InveIn milisgagaendnuIuan

'
{ a

WANN13Y191U409 Gaussian blur AenisuenAadevesingaiiduya

Augnae SafuAvesiinaneysous) aadu o laglduminiAminainilaidu Gaussian

FelinnudrAyuInnIineaiogi19anadaugnawIndu durefinigan oy lnayn

q

2

Augnaazduningandtinigan ag vinaanaaaudnanuIndy vinliama iiunis

Y Y

a1

Uszaianandg Gaussian blur azllA1dnuasanas wazdawalinmayuazisuniy

n15UsEuIaNa Gaussian blur @1u15avintataeldvateds lawn nnsly
convolution A28 kernel Nianwaie Gaussian, N5k Fast Fourier Transform (FFT) tiavin
Tinsuszananaitu wisld35n158u 9 Aldusylovianaaanifves Gaussian function

TumsnsearemaUdNueInIn [15], [16]

2.3.6 N15AUFUNTIVBINN (Contour Detection)
N139U3UN5Iv830 M (Contour Detection) LUumAtiAn1sUsERIANANIN
Aaa v a P P v A ) & YY) Az A ) |
advanldlunisAunidulAsiiueningeenainiiuvds dane3sunlelun1sugunsanin wus

pandu 2 Usznnuan Town:

fana3suuuUAARIULdUTBU (Boundary Tracing Algorithms): 8ane3 o

a

Ussinnilaginmuiduveuvesingiiaziiniea lngisuangasuduiasinmaduveuluaundy

a

ATUTEUING daneastuiteuly laun:



[y

- 9anesdNLUURAMINYBY (Chain Code)
- danesSukuuANdLLEY (Flood Fill)
- PaNeIBULUURAMINYBULUY Freeman
FanesTunuunEulA (Curve Fitting Algorithms): Sanessuusziamilazm

a

dulAfiminzaunaniuiduvauvesing danessuileuly lawn:

- 9an935ULUU Ramer-Douglas-Peucker
- 9aneIduLuy Least Squares Fitting

- 9ane3duLUU B-spline Fitting [17]

24 n1slBouivaaias (Machine Learning)
AomaviilirenfiumesiSeuiuasimunandeyaiszuuldsu Taglidndulsumgudun
aeerAuvsoieulusunsuiiniy lumendmnaeufiameslasudoyalmiqazamisa
novauadliios madeusvensdesiimagnlinuadausnlul aa. 1950 Wetninemansn
Fnsaeulsinesfinmesidumnneoa (18] melireufiumesidoudiulisuusiddy 2 ogh
Ao fMuUsiu uazduusen nielunanisideusvesiaies (Machine leaming) 138031
“Feature” Wag “Label data” mudsy JULUUMTTouvaaas esutadu 3 sUuuy
UsEnaun 18 N15LT U5 huUdK @y (Supervised Leaming), N15458us taelu e @ou
(Unsupervised Learning) kagn15:38u3H1UN15I1 31978 (Reinforcement Leaming) d1w3u
nadeudigitedenldlunuiteiae “nassuduuuiifaeu (Supervised Learning)” &s

wanaluununwlafsgun 2.5

Machine Learning

v v

Supervised Unsupervised Reinforcement

st 2.5 Fflaveensiseusvonaes

N33 EUIRUUIR ADUITAULANFAIINN TR BULUSUATULUUALALAD N3
Weulusunsuuvunanusniunesdindnnis (Logic) lunsmanudunussenineiuusiu
wazdUIINY FsanEnsamdiUsaundiwdsaula udlunsdivesnsseusuuulisaouiu

VNSILATAILUTAY WAEAILUITANY LA D LAABUNILADTUIANUAUNUSTENI19NT 2 ALUS



(% '
v Y = i

wasantwdedfuwlsduiinisiseusvenasodldineins Aawisavihunadudsaule g

[
[y o

Juagiuanuuiug1veansiseuitue [19] nsseusiuuiidasuillunavsedanesiudmsu

v o s l o aa o o A va o oA au Sa
PIANMUFANNUTIENIN 2 AL UTNAINAA8I aﬁﬁi‘UIlILﬂa‘VlE{JJ’J?UEJLa’e]ﬂISﬂU\ﬁU’JQEJu Q]
“Random Forest (RF)”, “Support Vector Regression (SVR)” wag “Multilayer Perceptron

(MLP)”

25  Saneifiunisieuivasades
Hudumeundensruumsmeadinmaniiidlunsadlueaiiielinssiuaging

Yoya Tneldiednedoyalunsiindunasusulgassavtnmuadlung lunuidedlfinisld

U 4 9ane37N Usgneaunay Random Forest, Support Vector Regression, Multilayer

Perceptron Wa¢ Extreme Gradient Boosting

2.5.1 Random Forest (RF)
Wudanasiud llunisi3eugvesias 83 (Machine Learning) 71§31

wannvanglumsuszananatoya nann15eauYes Random Forest Usenaume

o n13a319nuldl (Tree Creation): n1sa319suliilu Random Forest 4%
Mideyafigndusnangedeyarimn Tasnisdugndeyauaanauts
Aagldlunsadradulifineliudagdulifdaauvainnaislunis
au

2. N1SNANAUTOYA (Data Pushing): TasannaaulzgnuanaAuLIuNN
#uliflu Random Forest iilelusagdulsivinnsaaamadns uas
wingduligAuaviunefiunnssiunduan

3. mslmm (Voting): nadwsanuiazAuliinegnTIvTINLaziuA U
Mntudensadnsildrzuuuggadunadnsaniiouos Random
Forest

4. A1san overfitting: saensENsEuToyakazAMaNTRLUNTAT
auldudazau waznssaumaansanuatenuld aztrsantyninig
overfitting Aoradnduluduliusazdu nns overfitting Alan157
Tunavihunedudsamoonunldmauly Fadumauiainnisiit
YoyafiilninanassuniumnAndie

nadNYianluAa Random Forest Sanwazduusmuamduliifananslugud

2.6 Usznoudleduldvaisqdu wiazduanunsavuienadnyily ddumadasiwadnd

MvuailinTInlmaierNmizauan



New sample

. T
sop ° sop
00 00 00 00 00 o0
Result 1 Result 2 Result 3
| Majority voting / Averaging |

Random forest prediction

g‘d‘ﬁ 2.6 Random Forest (RF)

2.5.2 Support Vector Regression (SVR)

11

Judanesiiuildlunisiseuiveunies (Machine Learning) Tneajaitiunis

neNsaiAseLed (Continuous Value Prediction) Ingnannisyingaiuead SVR Usenausie

nseumunuiaduluiiuiivan (Feature Space): SVR avwennsalen
Tnsnsdumunudaduluiufindniivinlideyagnuiseanifungs
719 Imamﬂ%ﬁaaﬂaﬁ’;aéwﬁL%EJm'w Support Vectors.

N5 AU UNS B UNUR ST Lz ay (Fittine the Best-Fit Line or
Hyperplane): SVR 2z ne1nsalA1laennsimuaLd uns o wnuiad
wangasluiuiindn fifszogvinssniedeyaiogsuazidunio
ILSHEEED

N1N1YUA Margin LLazﬂ'ﬂmf]mmmﬂﬁ'au (Margin and Error
Tolerance): SVR 2214 Marein il afmunszesvinsseninadunse
wuisiudeyadedns uagldrmnuaainndou (Error Tolerance)
o munveulnvasALAananTions Ul

A159MAN A TuLF L d Ui nuzay (Finding the Best-Fit Linear
Function): Tagldn518enunudsii Margin vesdeyadiatnafiggn
wazAnAmARAlAdouTishan Mnduldifteitudaduiimnganiie

YMUIARBLLIDY

BIAUTENOUNMUARARIAIIUN 2.7 Usenausieilesnduivangay w' x uag

Wuusiduusanvisesnluaniled Yuszes Margin wazdoyafiiieainszey Margin

“Support Vector”
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ve
) §|y|'§.| w'x
o :
'__—“' L4 & )
e @ o«
4+ "o o °.
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€ ° °
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R )

E‘Uﬁ' 2.7 Support Vector Regression (SVR)

2.5.3 Multilayer Perceptron (MLP)
\Julseaildlunisieudveanios (Machine Learning) Faiduuszianmils

Ya9lassneUsza iy (Neural Network) Tagnanni1s5vi1a1uued MLP Usenaunie

1 n1sdseanLaznIsALIN: Teyarzgndutig MLP iuduiid
(Input Layer) & 19vsinisAuiaLazd e oR Ut ug ou (Hidden
Layer) wazdn151d Wi 4uid aules (Activation Function) 1iie
MvuaALevINsveLsaslnun
2 N13L38US RULDNADY (Backpropagation Leamning): MLP 1435013
anneslunisusuaniminuaznisanudedlosnnelulaseineg Tng
Tideyanadnsildanmsmaniiteususamsiuneluadsioly
3. nsuunuagsihueteya: Wonaidsudiataduuda MLP azanunsn
Tendminldusuudlumsinevieduundoyalmiiidnds 20
nadwiannluna Multilayer Perceptron fidnwagiduiasavigiduysyain
ﬁ’umm’tugﬂﬁ 2.8 Usznausigwadnais gty uladudu input layer S8 uiueadiviniu
UINYBIAMUTAY, hidden layer ﬁﬁ‘]umaéﬂizuaawa%’auﬂa wavoutput layer NadNYds
Wusuwdsanu

inpa layer I Ridcen layers | Ulpul fayer

Tawer layes upper kayer

-r\inpu'}:r K d \- P -awlm.t

A q_‘n..rp..\q
e

31]'17‘; 2.8 Multilayer Perceptron (MLP)
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2.5.4 Extreme Gradient Boosting (XGBoost)
Extrerne Gradient Boosting (XGBoost) td ug'aneassun1s515euy wuu
ensemble 4 decision tree TunsduwunUssinuagnisanaes XGBoost fiamilae Tiang

[

Chen NUMINgIApASIUALLAABUXGBoOSt HYaLaY Aail:

- fUsz@nSaimga: XGBoost 1591n718ane3su boosting B9 19U
GBDT

- wiud: XGBoost Winadnsfifinrmuaiudgs

- Uavgu: XGBoost 5895UNTUTULAN parameters #aNedia

T¥971978: XGBoost il APl l¥audng

XGBoost ¥11911Ulaen1583719 decision tree #a1e¢ AU (weak learners) L
AzAUILITIUI IINTBYATHANAINIINAUNBUNI ensemble VD4 decision tree 1nanilay

weHagnsanvine [21]

2.6  MSINNUTEENSA N
ynnszuunsiaeilananlvlunsyuiunisseusmediewenasoniu 9y

wAeinInTIvdeulsEANSHATaINITSEusvenaIadlaglyIsn1In1eEda Usenaumie

2.6.1 MAPE (Mean Absolute Percentage Error)
MAPE 1JUA128 80095 08a2AUAANALAR DU AILINAINATNANANALARE

Poyaisuiumae Juselevilunisussiudssansnmuesuuudnaemeadn AewEunisn 4

n
1 (A — F;
MAPE = —Z —| X 100% @
n Aj
i=1
W n Ao Fwuveteua
Ay Ao ARSI

F, fAs  Awhuiefidlmis i
2.6.2 MAE (Mean Absolute Error)
MAE Aladguasnnuaainiadeuniuinsgruieliuiuteyanuadu 1ol

mMsUsziiiumugnieetLuutaetes 1 luniims dwaunisi 5

n
1
1=1
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We n Aa  UIUvRITRYA
Ay Ao ARSI
F, A Avwhuiedidmis i

2.6.3 R-square (Coefficient of Determination)
R-square Tdlun1siniuuuinassanunsnesuiedeyadmiognslunuudy aos
Aldanad gvesdanusaudmunensell danudrdyduegrsnnlunisussdiuaing

LS ANYDILUUINEDY AIFUNITN 6

i —9)?

Rz ==1 —_—
Z?:l(YI - Y)Z ©
e n Ag 9IUIUTBITRYA
y; A9 AN9IIAIWIALY i
¥ Ao AWIUNEEILAUN |
y Ao Aade

2.6.4 MSE (Mean Squared Error):

(%
Y 1Y v

MSE urnadevesrnuiinnainfigneniasaes iWusmyinndeyld

[ A

TuMIUTEIINANUYNABIVDILUUTIRDINNERR AsaunIsi 7

n
1 2
MSE = HZ(Ai Jieg o
i=1
We n Aa  UIUVRIURYA
Ay Ao ARSITRWAL
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2.6.5 Cross Validation
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Model

ANSFIAN

SVR

'C': [0.1, 1, 10, 100, 10001,

'kernel’: ['linear', 'rbf', 'sigmoid']

RF

'n_estimators": [50, 100, 200, 300, 400,
500],

'max_depth": [None, 10, 20, 30, 40, 50],
'min_samples_split": [2, 5, 10, 15, 20]

MLP

'hidden_layer sizes" [(50, 50), (75, 75),
(100,100), (25,25)],
‘activation”: [relu’, 'tanh',

‘alpha': [0.0001, 0.001, 0.01]

XGBoost

'n_estimators’: [100, 200, 300, 400, 5001,
'max_depth" [3, 4, 5, 6, 7, 8],
'learning rate": [0.01, 0.05, 0.1, 0.5, 1]
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Tudunanismaasuariinssvinanisnaasadunisiwadwinldvdsnszuauns
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TunsmeassazUszneudislunaainassynids Ao Support Vector Regression (SVR),
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4.1.1  HAIINNITZUIUNITATENFUAIN
1nNsEUIUAISIS susUA el LA UM mInzanlunisTiasieyt dae

NIPUIUMIAIUNT 3.1.1 AFUA M08 19NBUNTEUIUNNTAIFUN 4.1

JUN 4.1 sUnnansararelnunadenUasuneniiun 5 ppm feunsyuiuns

WAz FUNMFAIDEIMAINTEUIUNTAIFUT 4.2

JUN 4.2 U mansazarelnuna@euUasuueniug 5 ppm naInTEuILIg
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4.1.2 wannmsUszgndlinmsSeuiveanias
Han1snaaensiaugunsallunsiiasiziansidndngiunguaisuiium
lagldndnn1INITAANAUKAILAZNITIATIENAINATE Yadayalnunaigealasuueniiun
(KMnO,) 210 3 lutaa lawA SVR, RF uagMLP mvua SelectKbest; k = 5, KFold; k =5 W1y
N15U5U Hyperparameter aae GridSearchCV AMuunaLAmgin15Usun18 Mean Absolute
Error (MAE) lénadnsiannnisviiune, fauusduiild wazan Hyperparameter é’qgﬂ‘ﬁ' 4.3 89
4.5
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Prediction Value vs. Actual Value (MLP)
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JUN 4.5 naiUTeuiieusenineenvinunelayA93eued Train set wag Test set Yesynvoyalnuvaidey

Wasuuanuaaniuma MLP

91AN1SN1 cross-validation wa e GridsearchCV k@ aglutnad n1519

Hyperparameter 631l Tatna SVR 14 kernel = rbf wazC = 10 Tuwna RF 19 n_estimators =

50, min_samples_split = 5 wagmax_depth = 10 wazgluna MLP 19 hidden layer sizes =

(50, 50), alpha = 0.001 wa¥ activation = tanh waznnluAaly pixel 71 85-89 1HusuUsiu

N3N 4.3 B3 4.5 @m1sadasan Evaluation metrics 1UumT19LAGIR15199 4.1

M15719% 4.1 Evaluation metrics Ua4upazliLng

valuation Metrix | MAPE (%) MAE R-Square MSE
Model Train | Test Train | Test | Train | Test | Train | Test
SVR 539 11058 |043 083 |099 |096 |0.38 |1.18
RF 1.52 | 6.03 0.12 |05 1.00 098 |0.10 |0.73
MLP 759 1260 |0.76 |1.12 | 097 |096 |0.83 | 147

PNATNNUNULAATHAIAINAAIALATZDUNTD Mean Absolute Percentage

Error doevianfaluing RF Fulauaainnfeusgi 1.52% lu train set hay 6.03% lu test

set
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4.2 wan1maasedayaanauilde “nswauigunsalaunlasinlaiines
wilannwrsmuszudadmiumsiesziasidadagivussinnaisunun
4.2.1 Yan1aasaIsazateasludaunu

4.2.1.1 NaINNITZUIUNIRTEUFUNIN
= = v d' a ¢
nnszuInnswienguamielilasuimunzanlunisinsen

MENTTUIUNITAIUNT 3.1.2 TFUNMI0E19MBUNTEUIUNMTAIFUT 4.6

JUN 4.6 U mansazareasludaunuy 300 ppm AounsEUIUNTg

WAz FUNMMAINTEUIUNNTAIUN 4.7

JUN 4.7 sunwansazateansludauny 300 ppm wanseuIung

4.2.1.2 sanmsUszgndlinsSouiveanies
Han1snaaasnIsHaugunsalaunlasinladiimesvilannnisian
UsgndadmsunisTianeriarsidndngivuseianarsunun yaveyanisludauwny
(Carbosulfan) 210 4 Tuwea tAwA SVR, RF,MLP wagXGBoost nuus Selectkbest: k = 4,
KFold; k =10 Wun13U§u Hyperparameter 928 GridSearchCV AMuuaLnuain1susun 28
Mean Absolute Percentage Error (MAPE) lanadnyiannnasviiune, fauusduild wazen

Hyperparameter f?fﬂg‘ﬂﬁl 4.8 99 4.11



1600

1400

__1200

1000

Prediction concentration (ppm
[=)] c
o o
o o

N
[=}
o

200

Prediction Value vs. Actual Value (SVR) - Carbosulfan

train
test

e

200 400 600 800 1000 1200 1400
Actual concentration (ppm)

1600

35

JUN 4.8 nywlhUSeuiieusenineanivinungulazA1339ves Train set wae Test set vasyadayan1siuda
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Prediction Value vs. Actual Value (MLP) - Carbosulfan
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Prediction Value vs. Actual Value (XGB) - Carbosulfan
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JUN 4.11 nsmiSeudisusenineriiinueuasA93aves Train set way Test set vasyadayanisluda

wiluanlaAa XGBoost

97nNN15¥1 cross-validation wag GridsearchCV wsiazluinainsly
Hyperparameter el Tuma SVR 14 kernel = “rbf wazC = 1000 Tuwna RF 14 n_estimators
= 300, min_samples_split = 2 wagmax_depth = 50 Tuiaa MLP 17 hidden layer sizes
= (25, 25), alpha = 0.01 waw activation = relu wagluna XGBoost 14 n_estimators = 400,

max_depth = 6 Wlag learning rate = 0.01 LLaznﬂImmaW pixel 71 96-99 \Jusuussu

9In3UN 4.8 §9 4.11 awnsadasan Evaluation Metrics 10um1519ldinemnsnad 4.2
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#15799 4.2 Evaluation metrics vaausazling

Evaluation | MAPE (%) MAE R-Square MSE
Metrics
Train | Test | Train Test Train | Test | Train Test

Model

SVR 30.21 | 33.82 | 166.52 | 206.28 | 0.73 | 0.63 | 50835.54 | 54024.61
RF 11.09 | 25.75 | 80.00 | 173.80|0.94 | 0.66 | 11837.45 | 49971.40
MLP 252 | 2266|2047 |173.25|0.98 | 0.70 | 3788.69 | 43624.83
XGBoost 2.73 | 1852 | 19.87 | 159.09 | 1.00 | 0.72 | 632.54 40028.94

IR NUINLUARN L AIAINUARIALAR DUNI B Mean Absolute
Percentage Error Hog#ignAsluina XGBoost Baiauaaniadouad 2.73% lu train set

way 18.52% Tu test set

4.2.2  YANIINAABIEITAZANLINGD, UIN1A UaZ LNFB-UINA
4.2.2.1 HAINNTFUIUNITATEUTUAMN
InnTEUINNITRTeNsUn i el sURmunvanlunsimsen

MENTTUIUNTAIUNT 3.1.2 TFUN 0L 19RBUNTEUIUNMSHIUT 4.12 1 4.14

JUN 4.12 ansgazateinge 5 %w/v

JUN 4.13 asazaneiinig 5 %w/v
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JUN 4.14 ansazaneiniio 5 %w/v uag 1ana 2.5 %w/v

ULaggUNMVAINTEUIUNNTAIFUN 4.15 D9 4.17

JUN 4.15 sUmwansaganginiio 5 %w/v NaanTEUIUNg

gﬂﬁ 4.16 sUMwEsaraneinng 5 %w/v NRINTEUIUANT

JUN 4.17 gUnwansaza1einie 5 %w/v uag 1ana 2.5 %w/v NaINTEUIuNg

4.2.2.2 N8NN5UTEENALINSISEUTVRLATES
Han1snAaaInIsHauIgunsalaunlasinladiimasvilannnisian
Usengad1nsuni1siAsIenaIsazatawnds a1n 4 1ma bawn SVR, RF,MLP kagXGBoost

Anun SelectKbest; k = 4, KFold; k =10 #1un15USU Hyperparameter 918 GridSearchCV
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MuUUALNUINNITUSUAIY Mean Absolute Percentage Error (MAPE) lanaanviannn1svinung
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Prediction Value vs. Actual Value (MLP) - Salt
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lutna XGBoost

91nN15%1 Cross-Validation wag GridsearchCV waazluwmainistd

Hyperparameter A3t Tawaa SVR 14 kernel = “sigmoid’wazC = 1 luwna RF 14 n_estimators

= 300, min_samples_split = 2 wagmax depth = 50 lutaa MLP 1% hidden layer sizes

= (50, 50), alpha = 0.001 wag activation = tanh warluna XGBoost 14 n_estimators =

400, max_depth = 5 uag learning rate = 0.1 wagynluaaly pixel 7 41-44 1 Fusuusi

NFUN 91 4.18 §3 4.21 gnansadnsaluansaladanised 4.3
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Evaluation | MAPE (%) MAE R-Square MSE
Metrics
Train Test Train | Test | Train | Test | Train Test

Model

SVR 36.10 | 3492 | 3.16 3.10 |0.44 052 | 13.21 | 14.38
RF 14.88 | 32.34 | 1.34 3.14 | 0.90 0.58 | 2.44 12.81
MLP 1.65 3579 | 0.17 4.02 | 1.00 0.15 | 0.05 25.61
XGBoost 0.01 40.70 | 0.00 4.06 | 1.00 0.21 | 0.00 23.82

! aa N a
QWﬂ@W?WQWU?WIQJLWaWNﬂ']ﬂ'l']mﬂa']@l,ﬂa@u‘Vﬁa Mean Absolute

Percentage Error Woafignd msumsvinuieanududuvesansavarsiniafoluna RF §9d

ANNAIALAABUBET 14.88% lu train set Way 32.34% Tu test set

UsengndnsunIsIASIENEITaLaNgUInIa 910 4 lakaa bawA SVR, RF,MLP kagXGBoost

muuA Selectkbest; k = 4, KFold; k =10 #un15U5U Hyperparameter Aay GridSearchCV

Han1snaasInIsiaugunsalaiunlasinladiimasvilannnisian

MuuALnUIIN1SUSUAI8 Mean Absolute Percentage Error (MAPE) lanaanainn1syinung

FuUsiuiild wazen Hyperparameter é’qgﬂﬁ 4.22 1 4.25
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Prediction Value vs. Actual Value (RF) - Sugar
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Prediction Value vs. Actual Value (XGB) - Sugar
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UM 4.25 n5 S Ui usenineiiiuewazA1a3a9es Train set kae Test set YoeYATayaUIMAN

luLna XGBoost

971115911 Cross-Validation kag Gridsearchcv waazlulaaiinisiy

Hyperparameter @41 luiaa SVR 19 Kernel = ‘Linear’agC = 100 Tutna RF 14

n_estimators = 300, min_samples split = 2 Wagmax depth = 50 luitaa MLP 14

hidden_layer_sizes = (100, 100), alpha = 0.001 Waz activation = tanh wazluina XGBoost

14 n_estimators = 400, max_depth = 5 Wag learning rate = 0.1 LLasnﬂIumﬂ% pixel i

18-20 wae 80 WusuwlsAu

9N3UN 91 4.22 3 4.25 ausadnsaulumsnlanannsad 4.4

M15197 4.4 Evaluation metrics Yadumazling

Evaluation | MAPE (%) MAE R-Square MSE
Metrics

Train Test Train | Test | Train | Test | Train | Test
Model
SVR 17.92 | 2345 | 1.84 2.09 |0.80 0.80 | 5.47 5.96
RF 8.17 31.34 | 0.85 2.80 | 0.96 0.53 | 1.10 14.44
MLP 376 21.65 | 0.30 2.25 1 0.99 0.71 | 0.17 8.98
XGBoost 0.01 3377 | 0.00 2.92 | 1.00 0.38 | 0.00 18.76
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NAITNNUINULARTNTAIAINARIALAT DUNTD Mean Absolute
Percentage Error Hagfigagdnsun1svinunennududuvasansazatguinaneluna MLP

Faflmnuaanmndouse 3.76% Tu Train Set Wwag 21.65% Tu Test Set

HaN1INAaaInNIsHauIgUnsalaunlasinladiinasvlannnisnad
Usendndmsunsiiagaisazatoinde-uin1aann 4 luea Leun SVR REMLP way
XGBoost AN#uA Selectkbest; k = 4, KFold; k =10 ¥ 114n15USU Hyperparameter A 1
GridSearchCV muuanaugin1sUsuAIe Mean Absolute Percentage Error (MAPE) lanaanv

NNV, FIwUsAUNLY wazAn Hyperparameter fagu# 4.26 s 4.29
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Train Data vs. Actual Value (RF) - Sugar - Salt mixture (train) Test Data vs. Actual Value (RF) - Sugar - Salt mixture (test)

Sugar *  Sugar

12/ . salt 1 120 . salt
‘; —
S10 Z10
2 2
= £
S 5

F=3

Zs e 8
< €
o
o [T
c i 2
o P g . .
c 7 l 2 : . :
s ® ‘ i : §°© . :
= 3 P .
5 5 re *
g | 3 "
5 4 i H E‘ 4 . .
u [
c 1. ' b .

2 2

0~ 0¥

0 2 4 6 8 10 12 0 2 4 6 8 10 12

Actual concentration (%w/v) Actual concentration (%w/v)

JUN 4.27 nsmSeuiieusendneavinunelasA133aved Train set Uay Test set vayadayainie-

Y

Y1m1a97nluwna RF
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0"

Train Data vs. Actual Value (XGB) - Sugar - Salt mixture (train)

* Sugar
¢ Salt

12

=
& o -] o

Test set prediction concentration (%w/v)

N

iy

Test Data vs. Actual Value (XGB) - Sugar - Salt mixture (test)

*  Sugar
«  Salt

0

2 4 6 8 10 12
Actual concentration (%w/v)

0

2 4 6 8 10 12
Actual concentration (%w/v)
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971AN15911 Cross-Validation kay Gridsearchcv waazlutaaiin1siy

Hyperparameter a 911 lutaa SVR 19 Kernel = ‘Sigmoid’ wazC = 1 luina RF 14

n_estimators = 50, min_samples_split = 10 wagmax depth = 10 Tutaa MLP 14

hidden layer sizes = (50, 50), alpha = 0.0001 Wag activation = tanh wazluina XGBoost

1% n_estimators = 400, max_depth = 6 waz learning_rate = 0.01 LLazﬁqﬂImmaﬁlﬁi{ pixelﬁ
18-29, 50 uay 51 tHufuusdu

NFUN 1 4.26 3 4.29 gnansadnsaulunsaldnansei 4.5

#15799 4.5 Evaluation Metrics Ya3uAazlung

Evaluation | MAPE (%) MAE R-Square MSE
Metrics

Train Test Train | Test | Train | Test Train | Test
Model
SVR 27.15 [ 39.77 | 1.14 1.58 | 0.22 -0.18 | 2.10 3.80
RF 21.38 |45.43 |0.85 1.62 |0.58 -0.02 | 1.15 3.79
MLP 11.11 | 50.11 | 0.45 2.09 |0.85 -0.88 | 0.44 7.37
XGBoost 0.90 4581 | 0.03 1.65 |1.00 -0.32 | 0.01 5.05
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IINAITNNUINLAATLAIAIIUAAINATBUNTD Mean Absolute
Percentage Error 4agfigadnsun13vinueadiiuduvedansazateuinanoling SVR

Faflmnumanmindoustd 27.15% Tu Train Set wag 39.77% Tu Test Set

INNNANIINAFDIAIU50aTYU Hyperparameteruazlataafi Af gnsIuisA1AIY

9

ARNALARDUTDILAALNISNAABILARIANT T 4.6 uag 4.7

M15247 4.6 Hyperparameter Nlgluusazynnisnaass

NIINARDI IR Hyperparameter 714

ansazanslnunaldey n_estimators=50, min_samples_split=5 lag
RF

WOLUINILUA max_depth=10

. n_estimators = 400, max_depth = 6 lag
ansavansasludauny | XGBoost
learning rate = 0.01

n_estimators = 300, min_samples_split = 2

d15a¥aneLnae RF

lkag max_depth = 50

hidden layer sizes = (100, 100), alpha = 0.001
ansazangunnia MLP

ey activation = tanh

A15azansinas-1ena SVR kernel = ‘sigmoid’ ey C = 1
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M139% 4.7 asUlunanfniantagAIAINAIAAGOUTBILARENTNARDY

MAPE (%) MAE R-Square MSE
ANSNAADY Tuwma

Train | Test | Train Test | Train | Test Train Test
ansavane
Tnnaeudas RF 152 | 603 | 0.12 | 05 | 1.00| 098 | 0.10 0.73
WIINLLR
a15arangAsLluda

XGBoost | 2.73 | 18.52 | 19.87 | 159.09 | 1.00 0.72 | 632.54 | 40028.94

Ly
AN98LaN8INAD RF 14.88 | 32.34 | 1.34 3.14 0.90 0.58 2.44 12.81
ﬁ?iﬁ%ﬁ’]ﬁ‘&]ﬁﬂﬂ MLP 376 | 21.65| 0.30 2.25 0.99 0.71 0.17 8.98
MaEaOinge- 1 svR 27.15[39.77| 1.14 | 1.58 | 022 | 0.18 | 210 | 3.80
Daloht

4.3 AATITANANIINAADS
MNHaNITAaBINUIINITUsTYNAlTSISsuve AT esaansathui gy
Waduvesansfeiad ssanlasliladmesuuunnmlduagliauaaiand sudviuys
Toyange, ¥ena wazinde-inena seduansila ild waginseianududuldonnmnld
nsgandunadlutisauenaduvesuasineadiuld nnanisUszgndlinsiteuveanies
dhiueesanlastilafinosuvunnm deanuramedoududosas 3234, 21.65 waz
39.77 muaau wudndianudululdlunsinenindnisimuise wavyadeyaaisazaiy
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import cv2

import numpy as np
import pandas as pd
import os

import time

from sklearn.model selection import RandomizedSearchCV, KFold, train_test split,

GridSearchCV,LeaveOneOut

from sklearn.ensemble import RandomForestRegressor

from sklearn.neural network import MLPRegressor

from sklearn.linear_model import LinearRegression

from XGBoost import XGBRegressor

from sklearn.svm import SVR

from sklearn.feature_selection import SelectKBest, f regression

from sklearn.metrics import mean_absolute percentage_error,

mean_squared_error, r2_score

import matplotlib.pyplot as plt

import pickle

#Noted that all vaarible name are define by "ton"

start_time = time.time() #Track run time

# Define main_dir and name of each folder #Note: follow instruction 1 in msteam
main_dir = r"C:\Users\acer\Desktop\TEST PROJECT4 new - lastst" #main folder

INPUT DIR = os.path.join(main_dir, "test") #Input subfolder raw image
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OUTPUT _CROP_IMAGE = os.path.join(main_dir, "Air_Real Crop") #Output crop area

of air image

OUTPUT REAL MARK = os.path.join(main_dir, "Air_Real Mark") # Output full image

with mark Air and analysis image
OUTPUT Crop MARKED = os.path.join(main_dir, "Air Crop_Mark")

OUTPUT _Crop_WARP = os.path.join(main_dir, "Air_Crop_Warp") # Output Air with

warp perspective

output_crop Warp add = os.path.join(main_dir, "Air Crop Warp add") # Output

Warp air image with add condition

OUTPUT Anal _real = os.path.join(main_dir, "Anal_real_mark") # Output full image

with mark analysis image

OUTPUT _ANAL WARP = os.path.join(main_dir, "Anal_real warp") # Output Analysis

with warp perspective

OUTPUT ANAL WARP add = os.path.join(main_dir, "Anal_real warp add") #

Output Warp Analysis image with add conditio

MODEL = os.path.join(main_dir, "model")

#Define value for image pre-processing #Note: follow instruction 2 in msteam
height_solution ratio = 1.2 #height of crop box for solution if not use put on 1
width_solution_ratio = 1.4 #width of crop box for solution if not use put on 1

distance x = 475 #distance in x axis from air center to solution center neglect

elevation
more_red =-6#9.5 #adjust to give more red in solution image if not use put on 0

rotate_counter_clockwise = 1#1.2 #adjust number for image rotate cc if not use

put on 1

rotate_clockwise = 0#0.025 # adjust number for image rotate c if not use put on 0
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angle_adjustment = 0#2 #adjust output solution image orientation if not use put

on0

perfect_ morph = 0#0.01 #for image that have rotation but after morph give

perfect no rotate rectangular if not use put on 0
new_angle = 0.00
#Delete all image in last running code

directories = [OUTPUT CROP_IMAGE, OUTPUT REAL_MARK,
OUTPUT Crop MARKED, OUTPUT Crop WARP, output_crop Warp_add,
OUTPUT _Anal_real, OUTPUT ANAL WARP, OUTPUT ANAL WARP add] #Define

subfolder to delete image inside
for directory in directories: #loop through each data in directories
for filename in os.listdir(directory): #Loop each image
file_path = os.path.join(directory, filename) # Define path for each image
try: # Define condition for delete image
if os.path.isfile(file_path):
os.remove(file_path)
except OSError as e:

print(f"Error: {e.filename} - {e.strerror}")

Wanyu

1) Function name: Crop by avg
Objective: Crop Reference spectral band image.
Input: Raw Image

Output: Reference Spectral band crop area

def Crop by avg(Raw_Image): #input: Full raw image from experiment
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lab_image = cv2.cvtColor(Raw Image, cv2.COLOR BGR2LAB) # Read image with

LAB system
L channel = lab_image [;,;,0] # Pick only axis of L value

avg L values horizontal = L_channel.mean(axis=0).flatten() # Average L value in

axis = 0 (row)

avg L values vertical = L_channel.mean(axis=1).flatten() # Average L value in

axis = 1 (Columns)
#horizontal pixels process

pixel _columns_horizontal df = pd.DataFrame() # Crate Blank Dataframe to store

average L value

pixel_columns_horizontal df [avg L values horizontal] =

avg L values horizontal # Store value in Blank DataFrame

pixel_columns_horizontal df =
pixel_columns_horizontal df.apply(pd.to_numeric).T # Transpose for loop find

pixel number
#vertical pixels process

pixel_columns_vertical df = pd.DataFrame() # Crate Blank Dataframe to store

average L value

pixel_columns_vertical df ['avg L values vertical]l = avg L values vertical #

Store value in Blank DataFrame

pixel_columns_vertical df = pixel columns_vertical df.apply(pd.to_numeric).T #

Transpose for loop find pixel number

column_max_df vertical = pd.DataFrame() # Define Blank DataFrame for

contain max vertical for each image
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for index, row in pixel_columns_horizontal _df.iterrows(): # loop through the

DataFraame

max_column_number = row.idxmax() # find pixel with heightest average L

value

for row_index, Column in pixel_columns_vertical df.iterrows(): # loop through

the DataFraame

max_column_number ver = Column.idxmax() # find pixel with heightest

average L value
max_column_number ver = int(lmax_column_number_ver) #int

max_column_number_new = max_column_number ver - 100 # DeFine

heightest for only left side of image

column_max_df vertical.at [row_index, 'yl = max_column_number new #

get Heightest DataFrame pixel for each image

for row _index, column in pixel _columns vertical df.iterrows(): # Same

Horizontral

max_column_number new = int(column max df vertical.at [row_index, 'y'])

# Same Horizontral

new_data_slice = column [:max_column_number new + 1] # Same

Horizontral

new_max_column_number vertical = new_data_slice.idxmax() # Same

Horizontral

x,y = max_column_number, new_max_column_number_vertical # get position

for center point area of crop image

width = 600 # Define area for crop
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height = 336 # Define area for crop

half width= width // 2 # Define area for crop
half_height = height // 2 # Define area for crop
top_left x = x - half_width # Define area for crop
top_left y =y - half_height # Define area for crop
bottom right x = x + half_width # Define area for crop
bottom right y =y + half_height # Define area for crop

crop_box = (top_left x, top_left y, bottom right X, bottom right y) # Define

area for crop

cropped_img = Raw_Image [crop_box [1]:crop box [3], crop_box [0]:crop box

[2]] # Define area for crop

return cropped_img, crop_box # Two output is Crop image and crop position

respectively

2) Function name: preprocess image
Objective: Crop Reference spectral band image.
Input: Full raw image from experiment

Output: contour or desired crop image

def preprocess image(ime): # #input: Full raw image from experiment
cropimage,Crop_box = Crop_by ave(img) #Sent full raw image to Crop by avg
function for cropimage
blurred = cv2.GaussianBlur(cropimage, (5, 5), 0) #Blur
gray = cv2.cvtColor(blurred, cv2.COLOR BGR2GRAY) # turn to gray scale system
_, thresh = cv2.threshold(gray,12, 255, cv2. THRESH BINARY) # Defind Threshold
for seperate forground and blackground

kernel = np.ones((5,5), np.uint8) # Define kernal for mophyology
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OPEN = cv2.morphologyEx(thresh, cv2.MORPH_OPEN, kernel, iterations=3) #use
opening method

closing = cv2.morphologyEx(OPEN, cv2.MORPH_CLOSE, kernel, iterations=3)
#use Colseing method

return closing # Output: contour or desired crop image

3) Function name: find_corners
Objective: Find corners of the Desired square image
Input: Full raw image from experiment

Output: array of position in each corners of square contour

def find_corners(img): # input: Full raw image from experiment

processed img = preprocess _image(img) # Sent image to processed img for
contour of dessired image

contours, = cv2.findContours(processed img, cv2.RETR TREE,
cv2.CHAIN_APPROX SIMPLE) #Use find contour to find corners

contours = sorted(contours, key=cv2.contourArea, reverse=True)

contour = contours [0]

rect = cv2.minAreaRect(contour)

box = cv2.boxPoints(rect)

box = np.intp(box)

return box # Output array of position in each corners of square contour

4) Function name: Linedistance
Objective: Find distance between each corners
Input: array of position in each corners of square contour

Output: Array of distance

def Linedistance(corners): # input: array of possition in each corners of square

contour
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# Find distance 1 #Noted: Value change everytime the image have angle. Check
varible in corners to know each distance.

distancel = np.linalg.norm(corners [1] - corners [0])

distance2 = np.linalg.norm(corners [2] - corners [1])

distance3 = np.linalg.norm(corners [3] - corners [2])

distanced4 = np.linalg.norm(corners [3] - corners [0])

distances = np.array( [distancel, distance2, distance3, distanced]) # Combine all
distance to array

return distances # Output: Array of distance

5) Function name: corner reorder
Objective: Reorder the corners of square contour
Input: array of corners

Output: array of reordered corners

def corner_reorder(corners): # input: array of corners
corners = find_corners(img) # Find corners of the square contour
distances = Linedistance(corners) # find distance between corners
if distances [0] < distances [1]: # Define condition based on the square contour
recorners = np.array( [corners [1], corners [2], corners [3], corners [0]])
else:
recorners = np.array( [corners [2], corners [3], corners [0], corners [1]])

return recorners # QutputlL array of reordered corners

6) Function name: FiveParam
Objective: turn reordered corners(8 parameters) in to 5 parameter
Input: array of reordered_corners

Output: get all 5 parameter

def FiveParam(reordered corners): # input: array of reordered corners
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distanceheight = np.linalg.norm(reordered corners [0] - reordered_corners [1]) #
Find height of square image
distancewidth = np.linalg.norm(reordered corners [0] - reordered corners [3]) #
Find Width of square image
center = (reordered corners [3] + ( [ [distancewidth/2, distanceheight/2]])) # Find
Center point of square
ref distance = reordered corners [1] [0] - reordered corners [2] [0] # Find
Horizontal reference line for angle finding
angledistance = np.linalg.norm(reordered corners [1] - reordered corners [2]) #
Find distance of angle finding
if reordered_corners [0] [1] > reordered corners [3] [1]: # Define when angle are
negative
anglevalue = -np.arccos(ref_distance/angledistance) #*180/np.pi
else :
anglevalue = np.arccos(ref distance/angledistance) # Define angle when
positive

return center,distancewidth,distanceheight,anglevalue # get all 5 parameter

7) Function name: CenterToFiveParamFormRef
Objective: Find 5 parameter in analysis image with center point of analysis
image
Input: center point of analysis image, and all 3 parameter from Air image with
adjusted values

Output: corners of analysis image

def CenterToFiveParamFormRef(new center point, old reordered corners,
old angle, height solution ratio, width solution ratio, more red): #lnput: center
point of analysis image, and all 3 parameter from Air image with adjusted values
distanceheight = np.linalg.norm(old_reordered corners [0] -
old reordered corners [1]) # Define height
distanceheight = distanceheight*height solution ratio + more_red # Adjusted

for ratio of height
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distancewidth = np.linalg.norm(old reordered corners [0] -
old reordered corners [3]) # Define width

distancewidth = distancewidth*width solution ratio # Adjusted number for ratio
of width

#old angle = old_angle #if need can give adjusted number for change angle

# find new corner from old angle

X0 new = new_center_point [0] [0] + distancewidth/2 * np.cos(old_angle) -
distanceheight/2 * np.sin(old_angle)

y0 new = new_center point [0] [1] - distancewidth/2 * np.sin(old_angle) -
distanceheight/2 * np.cos(old angle)

x1 new = new_center point [0] [0] + distancewidth/2 * np.cos(old angle) +
distanceheight/2 * np.sin(old_angle)

yl new = new center point [0] [1] - distancewidth/2 * np.sin(old angle) +
distanceheight/2 * np.cos(old_angle)

x2_new = new_center point [0] [0] - distancewidth/2 * np.cos(old _ansgle) +
distanceheight/2 * np.sin(old angle)

y2 new = new_center_point [0] [1] + distancewidth/2 * np.sin(old_angle) +
distanceheight/2 * np.cos(old_angle)

x3_new = new_center_point [0] [0] - distancewidth/2 * np.cos(old_angle) -
distanceheight/2 * np.sin(old_angle)

y3 new = new_center point [0] [1] + distancewidth/2 * np.sin(old_angle) -
distanceheight/2 * np.cos(old_angle)

corners = np.array( [ [x0_new,y0 newl], [x1 _new,yl new], [x2 new,y2 new],
[x3 new,y3 newl]])

return corners # Output: corners of analysis image

8) Function name: warp_perspective_new
Objective: Warp perspective of desired image
Input: Full raw image , reordered cornerd of desired image

Output: Warp of desired image



68

def warp_perspective_new(img,recorners ,output_size=(160, 104)): # Input: Full raw
image , reordered cornerd of desired image
dst = np.array( [
[output_size [0] - 1, O],
[0, 01,
[0, output_size [1] - 1],
[output_size [0] - 1, output_size [1] - 1]
], dtype="float32') # Define warp perspective parameter
M = cv2.getPerspectiveTransform(np.array(recorners, dtype="float32'), dst)#
Define warp perspective parameter
warped = cv2.warpPerspective(img, M, output_size) # Warped

return warped # Warp of desired image

9) Function name: lightness_adjust
Objective: Get base value for further adjust
Input: Depend on which part or image use for base-adjustment, in this case
use top 500 row from full image

Output: Average L value from top 500 row for full image

def lightness adjust(image, image name): # Input: Depend on which part or image
use for base-adjustment, in this case use top 500 row from full image

lab_image = cv2.cvtColor(image, cv2.COLOR BGR2LAB) # Read image in LAB
color space

L _channel = lab_image [;,;,0] # Choose only L value

top 500 rows = L_channel [:500,: ] # Choose L value top 500 row

avg L values = top 500 rows.mean(axis=0).flatten() # Average to get result in
horizontral

pixel_columns = [f'pixel {i+1}" for i in range(len(avg L values))] # Create column
name

data = pd.DataFrame({"lmage Name": [image name], **{pixel_columns [i]:
[avg L values [i]] for i in range(len(avg L values))}}) # Create dataframe which each

row represent each image which their name and each column with | value
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return data # Average L value from top 500 row for full image

10) Function name: Average lightness
Objective: Get average L value in horizontral
Input: Image of solution spectral band after warperspctive
Output: Average L in horizontral value from solution spectral band after

warperspctive

def Average lightness(image, image name): # Input: Image of solution spectral
band after warperspctive

lab_image = cv2.cvtColor(image, cv2.COLOR BGR2LAB) # Read image in LAB
color space

L channel = lab_image [;,:;,0] # Choose only L value

avg L values = L _channel.mean(axis = 0).flatten() # Average to get result in
horizontral

pixel_columns = [f"pixel {i+1}" for i in range(len(avg L values))] # Create column
name

data = pd.DataFrame({"lmage_Name": [image name], **{pixel_columns [il:
[avg L values [i]] for i in range(len(avg L values)}}) # Create dataframe which each
row represent each image which their name and each column with ( value

return data # Average L in horizontral value from solution spectral band after

warperspctive

11) Function name: Read Image
Objective: Get average hue value
Input: image

Output: average hue value

def Read Image(img_array): # Input: image
image_rgb = cv2.cvtColor(img_array, cv2.COLOR BGR2RGB) # Read image in RGB
height, width, = image rgb.shape # Get the size of the image
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num_rows = 50 # Define the number of rows to read (in this case, 50)
left_column_hues = [] # Read the left column of pixels and convert to HSV
for row in range(min(num_rows, height)):
rgb_pixel = image_rgb [row, O, :] # Get RGB values
hsv_pixel = cv2.cvtColor(np.uint8( [ [rgb_pixell]), cv2.COLOR_RGB2HSV) [0, 0]
# Convert RGB to HSV
left_column_hues.append(hsv_pixel [0]) # Append the hue value to the list
average_hue = sum(left_column_hues) / len(left_column_hues) # Calculate the
average hue value
print("Average Hue Value:", average hue) # Display the average hue

return average hue

12) Function name: local_minimum_find
Objective: To find minimum value for shift process
Input: Image, image name, Blank dataframe to stack minimum value and
column header which has minimum value of all image
Output: is minimum L value for each image in that interval, cloumn which

have the minimum L value and median menimum from every image

def local_minimum_find(img, img_name, Local_minimum_each image Df,
min_column_number_df): # Input: Image, image name, Blank dataframe to stack
minimum value and column header which has minimum value of all image

lab_image = cv2.cvtColor(img, cv2.COLOR BGR2LAB) # Read image in LAB color
space

L channel = lab_image [;, :, 0] # Choose only L value

median_L values_horizontal = np.median(L_channel, axis=0).flatten() # Get
median value in horizontral

pixel_columns_horizontal df = pd.DataFrame({'median_L values_horizontal"
median_L values_horizontal}) # Collect median L value with column name

pixel_columns_horizontal_df for find local_minimum =

pixel_columns_horizontal _df.iloc [85:100] # CHoose only column 85 to 100
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min_column_number = pixel_columns_horizontal_df for find_local_minimum
['median_L values_horizontal'l.idxmin() # Get minimum value with in those
threshold

min_column_numbers_df = pd.DataFrame({'min_column_number +1 if Pixel":
[min_column_number]}) # Create dataframe to store minimum value

min_column_number df = pd.concat( [min_column_number_df,
min_column_numbers_df]) # Stack data every time its loop

min_column_number df = min_column number df.reset index() # Reset index

min_column_number df = min_column_number_df.drop(columns =
"index").astype(int) #3 Change type of value to int

Local_minimum_each image Df = pd.concat( [Local_minimum_each image Df,
pd.DataFrame({'filename": [img_name], 'min_column_number_+1 if Pixel"
[min_column_number]})]) # Stack data with their image name and minimum value

Local_minimum_each_image Df = Local minimum_each image Df.reset index()
# Reset index

Local_minimum_each _image Df =
Local_minimum_each image Df.drop(columns = "index") # Drop column name
index

median_minimum = np.median(min_column_number_df, axis=0).flatten() # Get
median value from each minimum value

median_minimum_scalar = median_minimum.item() # Change type to int

median_minimum = int(median_minimum_scalar)

return Local_minimum_each image Df,
min_column_number_df,median_minimum # Output is mini L value for each

image in that interval, cloumn which have the minimum L value and median

menimum from every image

13) Function name: Shift image _median_minimum_add_condition
Objective: Shift image base on minimum value

Input: warpercpective image and median minimum value



Output: Warp perspective image with warp add condition and x_shift from

each image
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average hue = Read Image(warp _img) # use Read Image function to get
average hue value
initial_crop_box = (40, 20, 140, 330) # Indentifine crop box which is (X position
of topleft, y position of top left, x position of bottom right, y position of bottom
right)
lab_image = cv2.cvtColor(warp img, cv2.COLOR BGR2LAB) # Read image in LAB
color space
L channel = lab_image [;, :, 0] # Choose only L value
median_L values_horizontal = np.median(L_channel, axis=0).flatten() # Get
median value in horizontral
pixel_columns_horizontal df = pd.DataFrame({'median L values_horizontal"
median L values_horizontal}) # Collect median L value with column name
pixel_columns_horizontal df for find local _minimum =
pixel_columns_horizontal df.iloc [85:100] # CHoose only column 85 to 100
min_column_number = pixel_columns_horizontal df for find local minimum
['median_L values horizontal'L.idxmin() # Get minimum value with in those
threshold
local_diff med = int(lmedian_minimum) - min_column_number # Get difference
between median minimum from all image and from each image
x_shift = local_diff med # Store difference value in name x_shift
print(x_shift) # Print
if average hue < 205: # Create condition that if average hue lower than 205
warp_img = cv2.rotate(warp_img, cv2.ROTATE 180) # Rotate warped image
if x_shift > O:
shifted_crop_box = (initial_crop_box [0] + x_shift, initial_crop_box [1],
initial_crop _box [2]+ x_shift , initial_crop box [3])
warp_img_crop_add = warp_img [int(shifted_crop box
[1]):int(shifted _crop_box [3]), int(shifted _crop _box [0]):int(shifted crop box [2])]
print(shifted crop box)

else: # Operate image if x_shift is negative
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shifted crop box = (initial_crop_box [0] + x_shift, initial _crop box [1],
initial_crop_box [2] + x_shift , initial_crop box [3])
warp_img_crop_add = warp_img [int(shifted _crop box
[1]):int(shifted _crop box [3]), int(shifted crop box [0]):int(shifted crop box [2])]
print(shifted_crop_box)
return warp_img_crop_add,x_shift # Output: Warp perspective image with warp

add condition and x_shift from each image

14) Function name: condition
Objective: Warp perspective with condition but not shift
Input: warp desired image

Output: Warp add image

def condition(img_array): #input: warp desired image
average hue = Read Image(img array) # sent image to read with Read image
crop_box = (6,20, 200, 330) # Desired Crop_box with x of top left, y of bottom
left, x of top right and y of bottom right
if average hue < 205: #Ddfine condition before Operate picture
img_array = cv2.rotate(img array, cv2.ROTATE 180) # Rotate
img_array_Crop = img_array [crop_box [1]:crop_box [3], crop_box
[0]:crop _box [2]] # Crop image if not approciate shape
else:
# Save the image to the output folder without rotation
img_array_Crop = img_array [crop box [1]:crop box [3], crop box
[0l:crop _box [2]] # Crop image if not approciate shape
return img_array_Crop # Output: Warp add image

15) Function name: adjust_pixel values
Objective: make desired pixel has all same L value
Input: Data_for train

Output: adjusted dataframe
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def adjust_pixel values(df):
columns_to drop = ['Concentration 1 ppm', 'Concentration 2 ppm', 'Solute 1,
‘Solute_2', 'Solvent, 'Light_Source', 'Picture_Number'] # Chosse column to drop
dropped_columns = df [columns_to_drop] # Store choosed column
df = df.drop(columns=columns_to drop) # Drop choosed column
pixel_adjust = "pixel 25" # specific pixel to analyze
pixel 1 avg = df [pixel adjust].mean()# Calculate the average of the "pixel 1"
column
adjusted_df = pd.DataFrame() # Create a new DataFrame to store the
adjusted values
for , row in df.iterrows():  # Iterate over each row in the original DataFrame
adjustment = row [pixel adjust] - pixel 1 avg # Calculate the
adjustment value for the current row
adjusted row = row.to_frame().transpose()# Create a new row with adjusted
values
adjusted_row [pixel adjust] -= adjustment
for col in adjusted row.columns: # Apply the same adjustment to all other
columns with loop
if col I= pixel adjust:
adjusted row [col] -= adjustment
adjusted_df = pd.concat( [adjusted_df, adjusted row], ignore_index=True) #
Append the adjusted row to the new DataFrame
dropped columns.reset_index(drop=True, inplace=True) # Reset indices of both
DataFrames before concatenating
adjusted df.reset index(drop=True, inplace=True) # Reset index
adjusted_df = pd.concat( [dropped _columns, adjusted df], axis=1) #
Concatenate the DataFrames along the columns axis

return adjusted _df # Output: adjusted dataframe

16) Function name: create substance dfs
Objective: Create dictionary that seperate with each experiment base on

solute name
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Input: dataframe after substact blank

Output: dictionary after cleaning

def create_substance dfs(data): # Input: dataframe after substact blank
substance dfs = {} # create blank dictionary
unique_substances = data [ ['Solute 1', 'Solute 21].drop_duplicates().values #
drop all dupricate data leave only unique one
for substance in unique_substances: # loop through unique value
Solute 1, Solute 2 = substance # get data form substance in to solute 1
and solute 2
if pd.isna(Solute 2): # create condition that if solute 2 is Null it will store as
‘None'
Solute_2 = 'None'
key = f'{Solute_1} {Solute 2.replace(' ', ")} # Create key in name of each
solute
substance dfs [key] = data [(data ['Solute 1'] == Solute_1) & (data ['Solute 21
== Solute_2)] # store in dictionary

return substance dfs # Output: dictionary after cleaning

17) Function name: pure_mixture seperation
Objective: Separate the data into pure and mixture components, and
perform machine learning on each component.
Input: dictionary fromcreate substance dfs
Output: Return the pure component models, combined models, combined

dictionaries, and combined metrics

ef pure_mixture_seperation(all_dataframe): # Input: dictionary
fromcreate substance dfs
# Convert dictionary keys to a list
dict_keys = list(all_dataframe.keys()) # Convert the keys of the input dictionary

all_dataframe' to a list

# Create empty dictionaries to store the results
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dict_combined = {} # Create an empty dictionary to store the combined
dictionary results
dict_mix = {} # Create an empty dictionary to store the mixture dictionary
results
metric_combined = {} # Create an empty dictionary to store the combined
metric results
metric_mix = {} # Create an empty dictionary to store the mixture metric results
model pure = {} # Create an empty dictionary to store the pure component
models
model _mix = {} # Create an empty dictionary to store the mixture component
models
model combine = {} # Create an empty dictionary to store the combined
models
for key in dict_keys: # Iterate over the keys in the list 'dict_keys'
# Split the key by ' '
key parts = key.split(' ") # Split the current key by the underscore character
# Check if the second part (index 1) is 'None'
if key parts [1] == 'None" # Check if the second part of the key (index 1) is
'None'
# This is a pure component
DATA = all_dataframe [key] # Retrieve the data for the current key from
all_dataframe'
columns_to drop = ['Concentration 1 ppm', 'Concentration 2 ppm!,
'Solute_1', 'Solute 2', 'Solvent', 'Light Source', 'Picture_Number'] # Define a list of
columns to be dropped from the data
X = DATA.drop(columns=columns_to drop).values # Create the feature
matrix X' by dropping the specified columns
y = np.array(DATA [Concentration 1 ppm'].values).astype(float) # Create
the target vector 'y' from the 'Concentration_ 1 ppm' column
best_model, dict df, metrics df = machine learning(X, y, key) # Call the
'machine_learning' function and store the results

# Store the results in the respective dictionaries




T

dict_combined [key] = dict_df # Store the dictionary result for the pure
component in 'dict_combined'

metric_combined [key] = metrics df # Store the metric result for the pure
component in 'metric_combined'

model_pure [key] = best_model # Store the best model for the pure
component in 'model_pure'

else: # If the condition in the previous 'if' statement is false, execute this

block

# This is a mixture component

DATA = all_dataframe [key] # Retrieve the data for the current key from
all_dataframe'

columns_to drop = ['Concentration 1 ppm', 'Concentration 2 ppm!,
'Solute 1, 'Solute 2', 'Solvent', 'Light Source', 'Picture Number'] # Define a list of
columns to be dropped from the data

X _1 = DATA.drop(columns=columns_to drop).values # Create the feature
matrix 'X_1' by dropping the specified columns

y 1 = np.array(DATA [Concentration 1 ppm'.values).astype(float) # Create
the target vector 'y 1' from the 'Concentration 1 ppm' column

best model 1, dict df 1, metrics df 1 = machine learning(X 1,y 1, key)
# Call the 'machine_learning' function and store the results for the first component

X 2 = DATA.drop(columns=columns_to drop).values # Create the feature
matrix 'X_2" by dropping the specified columns

y 2 = np.array(DATA [Concentration 2 ppm'.values).astype(float) # Create
the target vector'y 2' from the 'Concentration 2 ppm' column

best model 2, dict df 2, metrics df 2 = machine learning(X 2,y 2, key)
# Call the 'machine_learning' function and store the results for the second
component

# Store the results in the respective dictionaries

dict mix = {f'{key parts [0]} {key parts [1]}": {key parts [0]: dict_df 1,
key parts [1]: dict_df 2}} # Store the dictionary results for the mixture components

in 'dict_mix'
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metric_mix = {f"{key parts [0]} {key parts [1]}": {key parts [0]: metrics df 1,
key parts [1]: metrics _df 2}} # Store the metric results for the mixture components
in 'metric_mix’

model mix = {f"{key parts [0]} {key parts [1]}": {key parts [O]:
best_model 1, key parts [1]: best model 2}} # Store the best models for the
mixture components in 'model_mix'

model _combine [key] = model mix # Store the combined model for the
current key in 'model_combine'

# Combine the dictionaries

metric_combined = {**metric_combined, **metric_mix} # Combine the
'metric_combined' and 'metric_mix' dictionaries

dict_combined = {**dict_ combined, **dict_ mix} # Combine the
'dict_combined' and 'dict_mix' dictionaries

return model pure, model combine, dict combined, metric combined #
Return the pure component models, combined models, combined dictionaries,

and combined metrics

18) Function name: machine_learning
Objective: Predict and get evaluation metric
Input: X,y and key
Output: Return the best model, prediction DataFrames, and metrics

DataFrame

def machine_learning(X, v, key):

X train, X test, y train, y test = train_test split(X, y, test size=0.2,
random_state=11) # Split the data into train and test sets

prediction_data_train_df = pd.DataFrame(y _train, columns= ['Actual’]) # Create a
DataFrame for actual train values

prediction_data_test df = pd.DataFrame(y test, columns= ['Actual]) # Create a
DataFrame for actual test values

models = {

'SVR': SVR),
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'MLR': LinearRegression(),
'RF": RandomForestRegressor(),
'MLP'": MLPRegressor(max_iter=100000),
'XGB'": XGBRegressor()
} # Define the models to be trained
param_grids = {
'SVR': {
'C: [0.1, 1, 10, 100, 1000],
'kernel": ['linear', 'rbf', 'sigmoid']
2
'MLR': {
fit_intercept": [True, False],
Y
‘RF" {
'n_estimators": [50, 100, 200, 300, 400, 500],
'max_depth": [None, 10, 20, 30, 40, 501,
'min_samples_split": [2, 5, 10, 15, 20]
L,
'MLP": {
'hidden_layer sizes": [(50, 50), (75, 75), (100,100), (25,25)],
‘activation': ['relu’, 'tanh'],
alpha’: [0.0001, 0.001, 0.01]
2
'XGB": {
'n_estimators": [100, 200, 300, 400, 5001,
'max_depth": [3, 4, 5, 6, 7, 8],
learning_rate": [0.01, 0.05, 0.1, 0.5, 1]
}
} # Define the parameter grids for each model
selector = SelectKBest(score func=f regression, k=4 ) # Select the best 4
features using the f regression score function
kf = KFold(n_splits=10, shuffle=True, random _state=42) # Define a 10-fold

cross-validation object
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loo = LeaveOneOut() # Define a leave-one-out cross-validation object

results = {} # Initialize an empty dictionary to store results

best scores = {} # Dictionary to keep track of the best score for each model

best y trains = {} # Dictionary to keep track of the y train for the best fold for
each model

best params = {} # Dictionary to store the best parameters for each model

# Initialize lists to store evaluation metrics for each model

mape_train_Llist = []

mape_test list =[]

mae_train_list = []

mae_test list =[]

r2_train_list =[]

r2 test list =[]

mse_train_list = []

mse_test list =[]

model names = (]

for model name, model in models.items(): # Iterate over the models
print(f'Training {model name} - {key}...") # Print the model name and key
best score = float('inf) # Initialize the best score to infinity
X _train_selected = selector.fit_transform(X_train, y train) # Select the best
features from the training data
feature scores = selector.scores # Get the feature scores
feature scores tuples = [(i, feature scores [i]) for i in
selector.get support(indices=True)] # Get the feature indices and scores
sorted features = sorted(feature_scores tuples, key=lambda x: x [1],
reverse=True) # Sort the features by score in descending order
#random _search = GridSearchCV(estimator=model, param_grid=param_grids
[model name],
#scoring="r2', cv=kf) # Define a grid search object with leave-one-out cross-

validation
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random_search =
RandomizedSearchCV(estimator=model,param_distributions=param_grids
[model_name],n_iter=5,

scoring="r2',cv=kf,random_state=42)

random_search.fit(X_train_selected, y_train) # Fit the grid search object to
the training data

best model = random search.best estimator # Get the best model from
the ¢rid search

best params [model name] = random_search.best params_ # Store the best

parameters for the model

with open(f'{model_name} model.pkl’, "wb") as f: # Open a file to store the
best model

pickle.dump(best_model, f) # Save the best model to the file

X train_selected = selector.transform(X_train) # Transform the training data
using the selected features

predictions _train = best_ model.predict(X_train_selected) # Make predictions
on the training data

predictions_train_df = pd.DataFrame(predictions_train, columns=
[f'{model_name} Train"]) # Create a DataFrame for train predictions

prediction_data_train_df = pd.concat( [prediction_data_train_df,

predictions_train_df], axis=1) # Concatenate train predictions and actual values

r2 train = r2_scorely train, predictions_train) # Calculate RA2 score for train
predictions

mse_train = mean_squared_error(y_train, predictions_train) # Calculate MSE
for train predictions

mape_train = mean_absolute percentage error(y_train,
predictions_train)*100 # Calculate MAPE for train predictions

mae_train = np.mean(np.abs(y_train - predictions_train)) # Calculate MAE for

train predictions
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X test selected = selector.transform(X_test) # Transform the test data using
the selected features

predictions_test = best model.predict(X_test selected) # Make predictions
on the test data

predictions_test df = pd.DataFrame(predictions_test, columns=
[f'{model name} Test"]) # Create a DataFrame for test predictions

prediction data test df = pd.concat( [prediction data test df,

predictions_test df], axis=1) # Concatenate test predictions and actual values

r2 test = r2_scorely test, predictions_test) # Calculate RA2 score for test
predictions

mse_test = mean_squared error(y test, predictions_test) # Calculate MSE for
test predictions

mape_test = mean absolute percentage error(y_test, predictions test)*100
# Calculate MAPE for test predictions

mae_test = np.mean(np.abs(y test - predictions test)) # Calculate MAE for

test predictions

# Append evaluation metrics to respective lists
mape_train_list.append(mape_train)
mape_test list.append(mape_test)
mae_train_list.append(mae_train)

mae_test list.append(mae_test)
r2_train_list.append(r2_train)

r2 test list.append(r2 test)
mse_train_list.append(mse_train)

mse_test listappend(mse test)

model _names.append(model name)

print(f'{model name} Train - RA2: {r2_train:.2f}, MAPE: {mape_train:.2f}%,
MSE: {mse _train:.2f}, MAE: {mae_train:.2f}") # Print train evaluation metrics

print(f"{model_name} Test - RA2: {r2_test:.2f}, MAPE: {mape_test:.2f}%,
MSE: {mse_test:.2f}, MAE: {mae_test:.2f}") # Print test evaluation metrics
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print(f'Best parameters: {best_params}') # Print the best parameters for the

model

# Print selected features

print("SelectedKBest feature indices and scores (sorted from high to low):")

for feature_idx, score in sorted features: # Iterate over the sorted features
print(f'Feature Index: {feature idx}, Score: {score}") # Print the feature

index and score

print("-" * 50)

Dict_with _Df = {"train": prediction_data_train_df, "test":
prediction _data test df} # Create a dictionary with train and test prediction
DataFrames

# Create a DataFrame from the lists

metrics df = pd.DataFrame({

‘Model': model names,
'MAPE Train": mape_train_list,
'MAPE Test": mape_test list,
'MAE Train': mae_train_list,
'MAE Test": mae_test list,

'R2 Train": r2_train_list,

'R2 Test": r2_test list,

'MSE Train: mse_train_list,
'MSE Test": mse_test list

}) # Create a DataFrame with evaluation metrics for all models

return best_model, Dict_with Df, metrics_df # Return the best model,

prediction DataFrames, and metrics DataFrame

19) Function name: plot_data
Objective: Plot between actual and predict data

Input: Y predict dictionary



Output: Display the plot
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def plot_data(data_dict): # Input: Y predict dictionary
plt.rc(font, size=25) # Set the default font size for text to 18
plt.rc('axes’, titlesize=25) # Set the font size for plot titles to 20
plt.rc('axes’, labelsize=25) # Set the font size for axis labels to 18

dict_keys = list(data_dict.keys()) # Convert the keys of the input dictionary

'data_dict' to a list
for key in dict_keys: # Iterate over the keys in the list 'dict_keys'
key parts = key.split(' ") # Split the current key by the underscore character
solution = key_parts [0] # The first part of the key represents the solution

sol_data = data_dict [key] # Retrieve the data for the current key from
'data_dict'

if key parts [1] == 'None": # Check if the second part of the key is 'None'

for data_type, df in sol_data.items(): # Iterate over the data type and

DataFrame pairs

for i in range(1, df.shape [1]): # Iterate over columns starting from the

second column

plt.figure(figsize=(15, 15)) # Create a new figure with a size of 15x15

inches

plt.plot(df.iloc [, 0], df.iloc [;, il, '0") # Plot the actual values (column

0) against the predictions (column i)

model_name = df.columns [i].split(' ") [0] # Extract the model name

from the column header
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set_ name = df.columns [i].split('_") [1] # Extract the set name (Train

or Test) from the column header

if key parts [0] == 'Carbosulfan’: # Check if first part of key is

'Carbosulfan”
plt.xtim(0, 1600) # Create graph limit x axis at 1600
plt.ylim(0, 1600) # Create graph limit y axis at 1600
plt.plot( [0, 1600], [0, 1600], 'k--') # Create 45 degree line
plt.xlabel('Actual concentration (ppm)') # Set the label for the x-
axis

plt.ylabel(f'{set_name} set prediction concentration (ppm)") # Set

the label for the y-axis

plt.title(f'{set_name} Data vs. Actual Value ({model name}) -

{solution} ({data_type})") # Set the plot title
else:
plt.xlim(0, 22) # Create graph limit x axis at 22
plt.ylim(0, 22) # Create graph limit y axis at 22
plt.plot( [0, 22], [0, 22], 'k--") # Create 45 degree line

plt.xlabel('Actual concentration (%w/Vv)) # Set the label for the x-

axis

plt.ylabel(f'{set name} set prediction concentration (%w/Vv)") #

Set the label for the y-axis

plt.title(f'{set name} Data vs. Actual Value {model name}) -

{solution} ({data_type})") # Set the plot title

plt.grid(True) # Show the grid lines
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plt.show() # Display the plot
else:

sol_data_keys = list(sol_data.keys()) # Convert the keys of the input

dictionary 'sol_data' to a list

# This line converts the keys of the 'sol_data' dictionary to a list, which

allows us to iterate over them easily.
# Iterate over pairs of keys
for i in range(len(sol_data_keys)-1):
for j in range(i+1, len(sol data keys)):
solution_mix 1 = sol data keys [i] # Get the first solution mix key

solution_mix 2 = sol_data_keys [j] # Get the second solution mix

key

# These lines create a nested loop to iterate over pairs of solution

mix keys.
# Get data for each solution mix
solution_data_1 = sol_data [solution_mix 1]
solution data 2 = sol data [solution_mix 2]

# These lines retrieve the data for the two solution mixes from the

'sol_data' dictionary.
# Iterate over data types
for data_type, df 1 in solution data_1.items():
df 2 = solution_data 2 [data_typel

# This loop iterates over the data types in the first solution mix

data, and retrieves the corresponding data from the second solution mix.
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# Iterate over columns
for col_index in range(1, df 1.shape [1]):

plt.figure(figsize=(15, 15)) # Create a new figure with a size of
15x15 inches

plt.plot(df l.iloc [;, 0], df l.iloc [:, col index], 'bo,
label=f{solution_mix 1}) # Plot the actual values (column 0) against the

predictions (current column) for the first solution mix

plt.plot(df 2.iloc [, 0], df 2.iloc [;, col_index], 'ro,
label=f{solution_mix 2}) # Plot the actual values (column 0) against the

predictions (current column) for the second solution mix
plt.xlim(0, 13) # Set the x-axis limits to 0-13
plt.ylim(0, 13) # Set the y-axis limits to 0-13
plt.plot( [0, 13], [0, 13], 'k--) # Plot the 45-degree line

model_name = df 1.columns [col index].split(' ') [0] # Extract

the model name from the column header

set name = df l.columns [col index].split(' ') [1] # Extract the

set name (Train or Test) from the column header

plt.xlabel('Actual concentration (%ew/v)) # Set the label for the

X-axis

plt.ylabel(f'{set_name} set prediction concentration (%w/v)") #

Set the label for the y-axis

plt.title(f'{set_name} Data vs. Actual Value ({model _name}) -

{solution_mix_1} - {solution_mix_2} mixture ({data_type})") # Set the plot title
plt.grid(True) # Show the grid lines

plt.legend() # Show the legend
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plt.show() # Display the plot

20) Function name: plot trend
Objective: Plot trend of raw L data

Input: dataframe that not substract and still have blank image data

Output: Display the plot

def plot_trend(df): # Input: dataframe that not substract and still have blank image
data
plt.rc(font, size=18) # Set the default font size for text to 18
plt.rc(axes!, titlesize=20) # Set the font size for plot titles to 20
plt.rc('axes, labelsize=18) # Set the font size for axis labels to 18
plot_data = df.drop(columns= ["Light_Source", "Picture_Number"]) # Drop the
"Light_Source" and "Picture_Number" columns from the input DataFrame
grouped data_plot = plot data.croupby( ['Solute 1', 'Concentration 1 ppm/,
'Solute_2', 'Concentration 2 ppm', 'Solvent]) # Group the data by 'Solute 1,
‘Concentration_1 ppm/, 'Solute 2, 'Concentration 2 ppm', and 'Solvent'
plot data group = grouped data plot.mean().reset index() # Calculate the
mean of the grouped data and reset the index
# Get unigue combinations of 'Solute 1'and 'Solute 2' columns
unique_solute_combinations = plot data group [ ['Solute 1,
'Solute 2'l.drop_duplicates().values # Get unique combinations of 'Solute 1'and
‘Solute 2'
for solute_1, solute 2 in unique solute combinations: # Iterate over the unique
solute combinations
# Filter data for the current solute combination
solute_combination data = plot data eroup [(plot data group [Solute 11
== solute 1) & (plot_data_group ['Solute 2] == solute 2)] # Filter the data for the
current solute combination
plt.figure(figsize=(20, 15)) # Create a new figure with a size of 20x15 inches

pixels = range(1, 101) # Define a range of pixel values from 1 to 100
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# Plot each concentration's L values against pixel for the current solute
combination
for , row in solute_combination data.iterrows(): # Iterate over rows in the
solute combination data
concentration 1 = row ['Concentration 1 ppm'] # Get the concentration
value for solute 1
concentration_2 = row [‘Concentration_2 ppm'] # Get the concentration
value for solute 2
solvent = row ['Solvent'] # Get the solvent value
columns = [col for col in solute_combination data.columns if col not in
[Solute 1, 'Concentration 1 ppm', 'Solute 2', 'Concentration 2 ppm, 'Solvent]] #
Get the column names for L values
|_values = row [columns] # Get the L values for the current row
label =
f'{solute 1} {concentration 1} ppm {solute 2} {concentration 2} ppm {solvent}"
# Create a label for the plot
plt.plot(pixels, | values, label=label) # Plot the L values against pixels
with the corresponding label
# Plot the 'Blank' series for the same solvent
blank data = plot _data group [(plot data group [Solute 1'] == 'Blank’) &
(plot_data_group ['Solvent] == solvent)] # Filter the data for 'Blank' solute and the
current solvent
if not blank data.empty: # Check if the blank data is not empty
for , row in blank_data.iterrows(): # Iterate over rows in the blank data
concentration 1 = row ['Concentration_1 ppm'] # Get the
concentration value for solute 1 (should be 0 for 'Blank)
concentration 2 = row ['Concentration 2 ppm'] # Get the
concentration value for solute 2 (should be 0 for 'Blank’)
columns = [col for col in blank data.columns if col not in ['Solute 1,
'Concentration 1 ppm, 'Solute 2', 'Concentration 2 ppm', 'Solvent']] # Get the
column names for L values

| values = row [columns] # Get the L values for the current row
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label =

f'Blank {concentration 1} ppm {concentration 2} ppm {solvent}" # Create a label

for the 'Blank' plot

plt.plot(pixels, | values, label=label) # Plot the Blank' L values against

pixels with the corresponding label

plt.xlabel('Pixel) # Set the label for the x-axis

plt.ylabel(L Value') # Set the label for the y-axis

plt.title(fL Value vs Pixel for Different Concentrations (Solute 1: {solute 1},
Solute_2: {solute_2})) # Set the plot title

plt.legend() # Show the legend

plt.show() # Display the plot

21) Function name: plot trend diff L
Objective: Plot data trend after substract
Input: Data For train

Output: Display the plot

def plot_trend diff L(df):
plt.rc(font, size=18) # Set the default font size for text to 18
plt.rc('axes’, titlesize=20) # Set the font size for plot titles to 20
plt.rc(axes', labelsize=18) # Set the font size for axis labels to 18
plot_data = df.drop(columns= ["Light Source", "Picture_Number"]) # Drop the
"Light_Source" and "Picture_Number" columns from the input DataFrame
grouped_data_plot = plot data.groupby( ['Solute 1', 'Concentration 1 ppm!,
'Solute 2', 'Concentration 2 ppm', 'Solvent]) # Group the data by 'Solute 1,
'Concentration_1 ppm, 'Solute 2', 'Concentration 2 ppm', and 'Solvent'
plot_data_group = grouped data_plot.mean().reset_index() # Calculate the
mean of the grouped data and reset the index
# Get unique combinations of 'Solute 1'and 'Solute 2' columns
unique_solute_combinations = plot_data_group [ ['Solute 1,
'Solute 2'l.drop_duplicates().values # Get unique combinations of 'Solute 1'and

'Solute 2'
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for solute_1, solute 2 in unique_solute_combinations: # Iterate over the unique
solute combinations
# Filter data for the current solute combination
solute_combination data = plot_data group [(plot data group [Solute 1']
== solute 1) & (plot_data_group ['Solute 27 == solute 2)] # Filter the data for the
current solute combination
plt.figure(figsize=(20, 15)) # Create a new figure with a size of 20x15 inches
pixels = range(1, 101) # Define a range of pixel values from 1 to 100
# Plot each concentration's L values against pixel for the current solute
combination
for , row in solute combination data.iterrows(): # Iterate over rows in the
solute combination data
concentration 1 = row [‘Concentration 1 ppm'] # Get the concentration
value for solute 1
concentration 2 = row ['Concentration 2 ppm'] # Get the concentration
value for solute 2
solvent = row ['Solvent'] # Get the solvent value
columns = [col for col in solute combination data.columns if col not in
['Solute 1', 'Concentration 1 ppm', 'Solute_2', 'Concentration 2 ppm!, 'Solvent]] #
Get the column names for L values
| values = row [columns] # Get the L values for the current row
label =
f'{solute_1} {concentration 1} ppm {solute 2} {concentration 2} ppm {solvent}"
# Create a label for the plot
plt.plot(pixels, | values, label=label) # Plot the L values against pixels
with the corresponding label
plt.xlabel('Pixel’) # Set the label for the x-axis
plt.ylabel(L Value') # Set the label for the y-axis
plt.title(fL Value vs Pixel for Different Concentrations (Solute 1: {solute 1},
Solute_2: {solute_2})) # Set the plot title
plt.legend() # Show the legend
plt.show() # Display the plot
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Local_minimum_each image Df = pd.DataFrame() # Initialize an empty
DataFrame to store local minimum data

min_column_number_df = pd.DataFrame() # Initialize an empty DataFrame to
store column numbers

Image name data_df loop =[] # Initialize an empty list to store image name data

DataFrames

result data = pd.DataFrame() # Initialize an empty DataFrame to store results
result_datafull_Blank = pd.DataFrame() # Initialize an empty DataFrame
result anal datafull = pd.DataFrame() # Initialize an empty DataFrame
for filename in os.listdir(INPUT DIR):

img_path = os.path.join(INPUT_DIR, filename)

img = cv2.imread(img_path)

try: # Try to execute the following code

corners = find_corners(img) # Find the corners of the image using the
find_corners function

distances = Linedistance(corners) # Calculate the distances between corners
using the Linedistance function

reordered_corners = corner_reorder(corners) # Reorder the corners using the
corner_reorder function, passing corners as an argument

fiveparam = FiveParam(reordered corners) # Compute the five parameters
(center, width, height, angle, and aspect ratio) using the FiveParam function

center = fiveparam [0] # Extract the center from the FiveParam result

angle = fiveparam [3] # Extract the angle from the FiveParam result

Air_crop_img, Air_crop_box = Crop_by avg(img) # Crop the image using the
Crop_by avg function

marked crop img = Air_crop_img.copy() # Create a copy of the cropped

image for marking
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cv2.drawContours(marked crop_img, [reordered corners], 0, (0, 255, 0), 2) #
Draw the reordered corners on the marked cropped image

output_path_marked? = os.path.join(OUTPUT Crop MARKED,
f'marked {filename}") # Construct the output path for the marked cropped image

cv2.imwrite(output_path_marked1, Air_crop img) # Save the cropped image
as "marked_{filename}" in the OUTPUT Crop MARKED directory

WARP_crop img = Air_crop_ime.copy() # Create a copy of the cropped image
for warping

warped Air_image =
warp_perspective new(WARP crop img,reordered corners) # Warp the cropped
image using the warp_perspective_new function

output path_warp = o0s.path.join(OUTPUT Crop WARP, f'warp_{filename}") #
Construct the output path for the warped image

#cv2.imwrite(output_path_warp, warped_Air_image) # Commented out code
for saving the warped image

crop_box = np.array( [Air_crop_box [0],Air_crop_box [1]]) # Create a numpy
array from the crop box coordinates

new_reordered corners = crop_box + reordered_corners # Add the crop box
coordinates to the reordered corners

new_center = crop_box + center # Add the crop box coordinates to the
center

center X, center y = int(new_center [0, 0]), int(hew_center [0, 1]) # Extract
the x and y coordinates of the new center

img_real_for _center = img.copy() # Create a copy of the original image for
marking the center

cv2.drawContours(img real for center, [new reordered corners], 0, (0, 255,
0), 2) # Draw the new reordered corners on the marked image

cv2.circle(img real for center, (center x, center y), radius=1, color=(0, 255,
0), thickness=3) # Draw a circle at the new center on the marked image

output_path marked = os.path.join(lOUTPUT REAL MARK,
f'marked_{filename}") # Construct the output path for the marked image

cv2.imwrite(output_path marked, img real for center) # Save the marked

image with the new center and reordered corners




94

Warp_add_Air_image = condition(warped_Air_image) # Apply the condition
function to the warped image

output_path warp add = os.path.join(output crop Warp add,
f'warp_{filename}") # Construct the output path for the conditioned warped image

cv2.imwrite(output_path warp add, Warp _add_Air_image) # Save the
conditioned warped image

Full image = img.copy() # Create a copy of the original image

image_name = os.path.splitext(filename) [0] # Extract the image name
without extension

parts = image name.split(' ") # Split the image name into parts using
underscores

Picture_number = parts [7] # Extract the picture number from the parts list

Concentration_1 ppm = parts [4] # Extract the first concentration value from
the parts list

Concentration 2 ppm = parts [6] # Extract the second concentration value
from the parts list

solvent = parts [2] # Extract the solvent information from the parts list

solute 1 = parts [3] # Extract the first solute information from the parts list

solute 2 = parts [5] # Extract the second solute information from the parts
list

Light Source = parts [1] # Extract the light source information from the parts
list

Image name_data = {'Light Source": [Light Source], 'Solute 1"
[solute_1]'Solute 2" [solute 2], 'Solvent" [solvent], 'Picture Number'"
[Picture_number], '‘Concentration 1 _ppm":
[Concentration 1 ppm],'Concentration 2 ppm": [Concentration 2 ppm] } # Create
a dictionary with image name data

Image name data df = pd.DataFrame(lmage name_data) # Convert the
image name data dictionary to a DataFrame

Image name data df loop.append(lmage name data df) # Append the
image name data DataFrame to the loop list

if angle > O: # If the angle is positive (counter-clockwise rotation)
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distance y = -np.tan(angle*rotate_counter clockwise)*distance x +
more_red # Calculate the y distance based on the angle and other parameters
angle = angle + angle # Double the angle value
else: # If the angle is negative (clockwise rotation)
distance_y = np.tan(angle+rotate_clockwise)*distance x - more_red #
Calculate the y distance based on the angle and other parameters
if angle == 0: # If the angle is zero (no rotation)
distance y = -np.tan(angle*rotate _counter clockwise)*distance x #
Calculate the y distance based on the angle and other parameters
andgle = angle + perfect morph # Adjust the angle value
distance_y new = -6 # Set a new value for the y distance

angle = angle *180/np.pi # Convert the angle from radians to degrees

angle = angle + angle_adjustment # Apply an adjustment to the angle value

angle = angle/(180/np.pi) # Convert the angle back from degrees to radians

ref distance = np.array( [ [distance x,distance yl]) # Create a numpy array
with the x and y distances

new Anal center = new_center + ref distance # Calculate the new analysis
center by adding the reference distance to the new center

new_Anal_Position = np.intp(CenterToFiveParamFormRef(new Anal center,
new_reordered corners, angle, height solution ratio, width solution_ratio,
more_red)) # Calculate the new analysis position using the
CenterToFiveParamFormRef function

img_Anal_real = img_real for center.copy() # Create a copy of the marked
image for analysis

cv2.drawContours(img Anal real, [new_Anal Position], 0, (0, 255, 0), 2) #
Draw the new analysis position on the marked image

output_path_marked anal = os.path.join(lOUTPUT Anal real,
f'marked {filename}") # Construct the output path for the marked analysis image

cv2.imwrite(output_path_marked anal, img Anal real) # Save the marked
analysis image

anal_distances = Linedistance(new_Anal Position) # Calculate the distances
for the analysis position using the Linedistance function

img_real_anal = img.copy() # Create a copy of the original image for analysis
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warped image anal = warp_perspective new(img real anal,
new Anal Position) # Warp the analysis image using the warp_perspective_new
function
output_path warp anal = os.path.join(OUTPUT ANAL WARP,
f'warp_{filename}") # Construct the output path for the warped analysis image
cv2.imwrite(output_path warp_anal, warped _image _anal) # Save the warped
analysis image
Local_minimum_each image Df, min_column_number_df,median_minimum
= local_minimum_find(warped _image anal, image name,
Local_minimum_each image Df, min_column_number_df) # Find the local
minimum using the local_minimum _find function
image data = lightness_adjust(Full_image, image _name) # Adjust the
lishtness of the full image using the lightness adjust function
result_data = pd.concat( [result_data, image data], ignore _index=True) #
Concatenate the image data to the result data DataFrame
print(f'Processed, marked, mark real, and warped: {output_path marked},
{OUTPUT _REAL MARK} {output path warp}") # Print a message indicating
successful processing, marking, and warping
except ValueError as e: # If a ValueError occurs during processing
print(f"Error processing {filename}: {e}") # Print an error message with the
filename and error description
for filename_warp_img in os.listdifOUTPUT ANAL WARP): # Iterate over filenames
in the OUTPUT ANAL_ WARP directory
img_path = os.path.join(OUTPUT _ANAL_WARP, filename warp_img) # Construct
the full image path
warp_img = cv2.imread(img_path) # Read the warped image
warped _image_anal add,x_shift =
Shift_image _median_minimum_add_condition(warp_img,median_minimum) # Call
the Shift_image_median_minimum_add_condition function
image_namefull_anal = os.path.splitext(filename) [0] # Extract the image name
without extension
image_datafull_anal = Average_lightness(warped image anal add,

image_namefull_anal) # Call the Average lightness function
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result_anal datafull = pd.concat( [result _anal datafull, image datafull anall,
ignore_index=True) # Concatenate image datafull_anal to result anal datafull
warp_img_crop_add,x_shift =
Shift_image _median_minimum_add_condition(warp_img,median_minimum) # Call
the Shift_image_median_minimum_add_condition function
print(filename_warp_img) # Print the current filename
output_path warp_adjust = os.path.join(OUTPUT ANAL WARP add,
f'marked {filename warp img}") # Construct the output path for the marked
image
cv2.imwrite(output path warp_adjust, warp img crop add) # Save the marked

image

Image _name data_df full = pd.concat(lmage name data df loop,
ignore_index=True) # Concatenate all DataFrames in Image name data df loop

into a single DataFrame

image_name_df = result data.iloc [;, [0]] # Extract the first column (image names)
from result data

result_data noname = result_data.drop(result data.columns [0], axis=1) # Drop
the first column from result data

result data noname average = result data noname.mean(axis=1) # Calculate the
row-wise mean of result data noname

median_data = result_data_noname.mean(axis=0) # Calculate the column-wise
mean of result_data_noname

median_data

median_data.values # Convert median_data to a numpy array

median_data

np.median(median_data,axis=0) # Calculate the median across all

columns

adjust_data = median_data - result_data noname average # Assuming
adjust_data is a pandas Series

adjust data_array = adjust data.values # Convert adjust data to a numpy array
reshaped_adjust data = adjust_data_array [;, np.newaxis] # Reshape

adjust_data_array to a column vector
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#Anal

result data full noname_anal = result_anal datafull.drop(result_data.columns [0],
axis=1) # Drop the first column from result_anal datafull
result_data full noname_anal = result_data_full_ noname_anal.values # Convert
result data full noname_anal to a numpy array

new result data anal = result _data_full noname_anal + reshaped adjust data #

Add reshaped adjust_data to result data full noname anal

new result data_anal df = pd.DataFrame(new _result data_anal) # Convert
new_result data anal to a DataFrame

Crude_result df = new_result data anal df #new result data Blank df # Assign
new result data_anal df to Crude result df

Crude result df = Crude result df.astype(float) # Convert Crude result df to float
type

What_happent = Crude result_df.insert(0,"Image_Name",image_name df) # Insert

a new column "Image Name" with image name df data

DATA FOR not done = Crude result df # Assign Crude result df to

DATA _FOR not done

DATA FOR not_done.columns = image datafull_anal.columns.values # Update
column names of DATA FOR not_done

DATA FOR not_done = DATA FOR not_done.drop(DATA_FOR not_done.columns
[0], axis = 1) # Drop the first column from DATA FOR not done

DATA FOR not_done = pd.concat( [Image _name_data df full,

DATA FOR not done], axis = 1) # Concatenate Image name data df full with
DATA _FOR not done

DATA with Solute = DATA FOR not done [DATA FOR not done ['Solute 17 !=
"Blank"] # Filter rows where 'Solute 1'is not "Blank"
DATA BLANK = DATA FOR not_done [DATA FOR not done.Solute 1 == "Blank’]

# Filter rows where 'Solute 1'is "Blank"
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DATA BLANK = DATA BLANK.drop(columns =

["Picture_Number","Concentration 1 ppm","Solute 2","Concentration 2 ppm"]) #
Drop specified columns from DATA BLANK
grouped data = DATA BLANK.groupby( ['Light Source', 'Solute 1', 'Solvent']) #

Group DATA BLANK by specified columns

DATA BLANK grouped average = grouped_data.median().assign(median=lambda x:

x.median()).drop(columns = ["'median"]) # Calculate median for each group and
assign a 'median' column

DATA BLANK grouped average = DATA BLANK grouped average.reset index() #
Reset the index of DATA BLANK grouped average

DATA FOR_TRAIN = DATA with Solute.copy() # Create a copy of
DATA with_Solute and assign it to DATA FOR TRAIN
for index, row in DATA BLANK grouped average.iterrows(): # Iterate over rows in
DATA BLANK grouped average

mask = (DATA with Solute [Light Source'] == row ['Light Source']) &\

(DATA with Solute ['Solvent] == row ['Solvent']) # Create a mask based

on 'Light _Source' and 'Solvent'

for col in DATA with Solute filter(like="pixel’).columns: # Iterate over columns
containing 'pixel’

DATA_FOR_TRAIN.loc [mask, col] = row [col] - DATA with_Solute.loc [mask,

col] # Perform operations on DATA FOR_TRAIN

substance dfs = create_substance dfs(DATA FOR TRAIN) # Call the

create substance dfs function

plot_trend(DATA FOR_not_done) # Call the plot_trend function
plot_trend diff L(DATA FOR TRAIN) # Call the plot_trend diff L function
best model pure,best model mixture,dict combined, metric combined =
pure _mixture seperation(substance dfs) # Call the pure mixture seperation
function
Crude_result_dfito_excel(r'"C:\Users\ACER\OneDrive\Desktop\analyzee.x!sx",
sheet name='Sheet2', index=False) # Save Crude result df to an Excel file

plot_data(dict_combined) # Call the plot_data function
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metric_Sugar_Salt = metric_combined ["'Sugar_Salt"]

metric_Salt = metric_Sugar_Salt ["Salt"]

metric_Sugar = metric_Sugar Salt ["Sugar"]

metric_Sugar Salt df = pd.DataFrame({
‘Model': metric_Salt [Model]],
'MAPE Train": (metric_Salt ['MAPE Train'] + metric_Sugar [MAPE Train']) / 2,
'MAPE Test": (metric_Salt [MAPE Test'] + metric_Sugar [MAPE Test']) / 2,
'MAE Train": (metric_Salt [MAE Train'] + metric_Sugar [MAE Train']) / 2,
'MAE Test": (metric_Salt [MAE Test] + metric_Sugar [MAE Test) / 2,
'R2 Train": (metric_Salt ['R2 Train'] + metric_Sugar [R2 Train']) / 2,
'R2 Test": (metric_Salt [R2 Test] + metric_Susar [R2 Test']) / 2,
'MSE Train": (metric_Salt ['MSE Train'] + metric_Sugar [MSE Train']) / 2,
'MSE Test": (metric_Salt [MSE Test'] + metric_Sugar [MSE Test]) / 2

D)

del metric_combined ["Sugar Salt"]

metric_combined ["Sugar Salt'] = metric_Sugar Salt_df

end time = time.time() # Record the end time

execution_time = end_time - start_time # Calculate the execution time

print("Run time: {:.2f} seconds".format(execution_time)) # Print the execution time

a’lm'ﬁmﬁﬁ’laﬂﬁﬁagmﬁmaumﬁ : https://github.com/TonNaphon/SpecPestML_Project
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