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(Information Technology). Bangkok: Graduate School, Srinakharinwirot University.

Advisor Committee: Asst. Prof. Pradit Mittrapiyanuruk.

This research presents a machine learning based method to predict sugarcane yield
grade and sugarcane yield value of an individual plot. The dataset used in this work was
obtained from a set of sugarcane plots around a sugar mill in Thailand. The features used in
the predictions consisted of soil type, plot area, groove width, plot yield from last year, cane
class, cane type, water resource type, irrigation method, epidemic control method, fertilizer
type, fertilizer formula and rain volume.

Our proposed method was based on two supervised machine learning algorithms: (1)
Random Forest (RF) and (2) Gradient Boosting Tree (GBT). A forward feature selection was
also proposed in conjunction with hyper-parameter tuning for develop a training model. The
evaluation of the prediction performances of several proposed models that combined different
configurations of algorithms, feature selection and hyper-parameter tuning. The prediction
performances of the two non-machine-learning baselines were combined: (1) baseline
predictions based on the actual yield from the last year of the same plot, referred to as
Baseline-1, and (2) baseline predictions based on the target yield of each plot provided by
human experts, referred to as Baseline-2.

In terms of the yield grade prediction, the accuracy of the RF based model and
accuracy of the GBT-based model were 71.88% and 71.62%, respectively. Meanwhile, the
accuracies of Baseline-1 and Baseline-2 were 51.52% and 65.50%, respectively. For the
yield value prediction, the root mean squred error (RMSE) of the RF based model and the
RMSE of our GBT based model were 2.18 and 2.19 ton/rai, respectively. Meanwhile, the RMSE
values of Baseline-1 and Baseline-2 were 5.05 and 2.62 ton/rai, respectively.

Based on the aforementioned results, the proposed machine learning based vield
prediction method outperformed the prediction provided by human experts. Therefore, this
method can be used to help the decision-making of the operational management of sugar

mills.
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nisFauiduuuresdeyandeudinld auauisasiraduwuudtassnanuisaitunedayaléd
= ' o o o = cal P 4 s . o
wrataalun1ssndulals lnawmatianirFauifioaetes (Machine leaming) A14170A1UUN

] = N . 1 = N & o ef/
aanu 3 drzinyaugduuuradnisteeivae (supervision) seudnnisaus bl
. . =l 9 g
2.1.1 Supervised learning (N17iT8IUFULILNEADU)

P = t P 2 . P 2 [ do o
LﬂuLVlﬂuﬂﬂ']i‘Li‘Eluqﬁj‘?l’ﬂdLﬂﬁ‘ﬂ\‘]"\’]ﬂ‘ﬂ'ﬂﬁ;{ﬂﬁﬂu (tralnlng data) wﬂ%mumm%gammmm

uaziamnaudunadaws (label) laanimmiunsnasnsanroulals 2 dsznm dun

(1) ﬂcymm?v‘hu'mmmu%ﬂnmmm%ga%uwm (Classification) ARWATIANITNIUE
dld -3 0 = A b 1
4 label wazparaan1Isudeyatiaviressinvaesdiays (Category) 1w TUsunsunas

3 . d‘ 1 & 4‘ < ] 1
WY spam email T9azuanuazdNBINaUil ) i spam vizaluld spam

o ' 2/ o . < — o d‘d
(2) doywinimmnuieaAtandeyadunn (Regression) AdmATANTTNTWIENH label UAZHA

ansn1mueluAfaaesatiiad (Continuous value) 11w TisunTunITi LN FIATINU

2.1.2 Unsupervised learning (msﬁmu}uvulﬂﬁtﬁafau)

- o 4 s » - - Y
WuwmatlannsFeuiaesrrasfifayasy (training data) Wi label Tnenaliadunisdumn
4, o

Tanatauazauduiusresiayandausy lnawalla Unsupervised learning nan i@l

(1) Clustering Lﬂumﬁmn@:mm"ﬁmﬂauuﬁugmmmmmmﬁ@u (similarities) WaLAIY

WANGN (differences) 183diaya

(2) Dimensionality Reduction iumaiiafivinnisudasiayaliiaglugduuudsiulney
fayaludlige@eldaindayaiduninin saedragwnaila PCA (Principle Component

Analysis)



(3) Association Rules Leaming lilumaliauingaesaauduiusaesdioys 1du nas

Uszenei 91 Market Basket Analysis
2.1.3 Reinforcement learning (ﬂ’]?ﬁﬂﬂﬁ‘unmﬁ?uﬁ’lﬁd)

- oy R o da g
dumaiianarFauireaases Taiigduunsessiauny (agent) NiFawiainnisdang
dduamdau (environment) W&aLAaNNAZNTZNA (action) iNa AT UNaRaLWNU (reward) 1ag

wWhunnanisGauiAeuinads (policy) Manganna ATy reward snga

qJ a . . .- .
2.2 WU ULadItnALA Decision Tree Waz Ensemble of Decision Trees
2.2.1 vqufiieiu Decision Tree

watlAN1sNuIt LY Decision Tree IuWLLA1a99n199 U L2 Supervised
learning ﬁﬁmm’éwmsﬁﬂmﬂlugﬂme%qé']ﬁuﬁ:u (hierarchy) 1aan13snAaulauLL if-else
TneiINIaANaNTayanINATIANHUEFNN ] Feannsadiudnunslasaiadnesusull Tne
An13aFNgHN Fuanfieya3und (training data) el lunssadula 34 Decision Tree
ifuﬁgﬂéwmﬁﬂuﬁu‘lﬁné’uﬁq Taenlrznaufaaluun (node) Hrvydeulareinissndulaann
NITATINABUAMANENE (feature YTa attribute) 2avdinyadunn Inaluuausngaiilu root node
wazusiaziie (branch) qmmumﬁwﬁrmw’fmaulqmu&ifau'lmm@mﬁnmmzmm%mg@%uwm
aunsziadaluiagaring (leaf node)

v
= b2 % o =

N178314 Decision Tree A ndayaFaus aru1mnedualfasll Sraunifayaizaul
Usenaudag fayadunnaiudu n fiaya wnusing {x,,X,, X3, ..., Xy} WAZARALYEE label 20UA
azfiayaBunm unudaY {y,,y,,vs, ... ¥} WazaNNRIGaaBUNG x; nile 7 avilsznaubion e

1BIANANYIUE (feature 1i7a attribute) AU p ATunudae xV,x, .. xP

N134314 Decision Tree An1Av83483aFaus axFna1n Decision Tree N laifuun

=

arls (Empty tree) uavaniuazFuaieluunnisindulalaaidan feature luussan p
AUANUE (ANNFIN feature TLAANAD k) WAZIAANAN threshold anNBiunudine ¢ Aazlfidu
Reulrn1sipdulalugduuy x® > ¢ ldvdald lnedevlalunisdenfafisuticiayasanmaiu
d} ar U } %4 © )7 . . v ar ] d: = 2 cJ
Reaulasanaauda azinliidn node impurity sesiayandinisuaueulaidriieaign
ar a’; «QI 1 = 3 o e 4 20 < Q/dl 1 ] 1 ni
udsantuazAdlauuu e wiia (Recurse) IinsnzidayadoysFauiiutivad luusazTuuai

4 P i ' [ - = t%
asglud evinnraiwlvusntesusrutsdeyaldies - aundt aziisReulanisvgaaieiuun



(Stoppping criteria) TIANIINAMUAGIINITINWBTAN 7| 11U Depth 1iTa AUIUAIALT LIRS

A L
Tree Mungm (s

nMsiuanadwsiilainuundioyaiunavil 9 a1l Sansetuazislallmaieling
284 Decision Tree mmmﬁwﬁmiﬁm'ﬁu’lwmﬁ@uim“luu&i@:‘iuum lngliAr209d03 a8 UNG
A feature uaz@n Threshold Arzyluluuaiiu 4 laaazAslaluden 9 ldaud leaf node
wdANUN e adnEazuAnaaiulunsdiaed Classification was Regression laainsol
Classification NadWfin17vinuIsazaAauLilu class label m@q’ﬂﬂ:ﬂ@ﬁﬂuﬁéﬁﬂmngmnqm
(Majority) 1u leaf node v 1 daunadninisinunelunsdiaas Regression azmauifludn i

2 a s./ni [} ‘g:
184 value label ’ufawﬂu“mmugwaqiu leaf node Uu

. 4 g X . o o

F78£1N4U84 Decision Tree T4ULAAN Decision Tree NYNULNABIAIAL (depth = 2) el

a16uR 1 (depth = 1) 14 decision Aa X[1] <= 0.0596 wazuilua1AuR 2 (depth = 2) Tneli
A 2 3 a e

decision unuanaslunmdsznay 1 Inagun1eiradutadeys 2 3R (X[0] uaz X[1]) daugdl

NNUINLAAN Decision Tree Diagram

nwisznau 1 faasinaniIna Decision Tree

('17134'1: Introduction to Machine Learning with Python (p. 73), by Sarah Guido and
Andreas Miller, 2016, O'Reilly Media)
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Tnadaneiiu Decision Tree Ml lusnuddsfiiludanesfiunaglulausii scikitlearn

GqalmATia CART (Classification and Regression Tree) Iagn1simasnaursanivualéiine
ar « e } 4 J
AILIANA NG USaUTEY Decision Tree Hun

- max_depth : AMuUAFLTURNINgauasiull

2 =

) o 4 P e o 4
- min_samples_leaf : a7U71 Sample neiasiiduatnsties® leaf node Wil 7
, . o n‘l 9 = 1 9 d‘ d' -::
- min_samples_split : 471U Sample neissNueeietias node Uil 7 NIAzauyIn
Wiuanfsfitusialé
< ar
2.2.2 nguggtneny Random Forest

wATlANTINNUIBLLL Random Forest LOULLILAY884N1TN U321 Supervised
learning #RN178%519n199 U lugluuLgATe4 Decision Tree at ° iU (Ensemble of
Decision Trees) #adaslun1minunanadang tnel Decision Tree wiazdiugnaiiuiudaszeiariu
tnel¥daya training data ﬂﬂﬂﬁgmﬁmﬁﬂnmnm%ﬂga training data (i Taainsduiaaniiu

/ . o payy = - Sy
LU bootstrap (random sampling with replacement) uumﬂmqmﬂgawgm@@nmim

algl ] o as HE ' 2 =
uananit TuuslazaduassnisuanTuuaaes Decision Tree Usiazsiv tnatla Random
Forest azquiaangaued feature RazldluRarsnuanisfiou (dldiRansanainyn 4 feature)

dl ] (3 173 t 9 = oo ¢ <4 [
Feazdananlii tree LLmazmuu@ﬂwmﬂummunu

o [ dl 23 ° 9 k"4 ] k24 1 J ' o ar
Tunasvinune input uila ) Wuanisiuieressiuliivdazfiuwmaiinnianiuindula
A11FU Random forest N 14 lus1uAdaTu1a1n scikit-learn TIUANFI4A1N Random forest
UWLILILAN [1] ABHAAWSUBINITNIUIL UL Classification H1aAN1TLaAHAIAINUNA LT84
auliiusasiiu druFuniiwmaiuaninusuliluniras e uuus1aeaniuig LUl Random Forest
b % 1
Aun

<

. o 2 73 :: a © 4’ .l/ q' .:.' 3 9
- n_estimators : Aauausiulidvauualusaviiuie flagvialldadaAningainlinag
- Mnunsgegniias wiazrlfnaiuiuaulunisauon
- max_features : A1U9Ua8N feature tae?igngulunisa1s Decision Tree UAAZHU
° ° o :/’ d' k%4 k2 1 174
- max_depth : auuABLTURNINgaTawiuliudazsiu

. o Sy o e oA oy
- min_samples_leaf : 111U Sample fasiiduatinatiaah leaf node ¥l 1

-£I b4 o =4 ;74 b2 o 9l
FIANNNITATIS LLUU’Q’]@@\?LLUU@NM’N‘I‘H’E)H@LL@Z’Q@“]J’FN feature NNAT1Y tree Az N

fiayadqunilaldgnidanunlfan fayanquilgniFandn Out-of-Bag (OOB) imansnlideya



00B Rlunrdszifiul @i nnimmaung 1edsaniuneld TaaA1lsz@nsniwnasiiuis

JanannazFanda OOB Score
223 ‘wquﬁtﬁﬂ’aﬁ'u Gradient Boosting Tree

WMATANIINIUNE LY Gradient Boosting Tree tuiuuataadn1si 1wl dszinm
Supervised learning 71l%1nAaliA Decision Trees a1UAUUA"E I 5y (Ensemble of Decision
Trees) N1TAERINITRIUIY UAAZUANFAINAIN Random Forest A347 Decision Tree usiazgiugn

Y . L x . P L S
AT NULLAINAIAL (Sequential) HuAD Decision Tree Aaludngnafaindianiazweaenu
uilanadwinisinunsRiana1n1eg Decision Tree Fianauntil uaznisinulenadnsaniagya

o -ﬁl = . o o b 24 Qld' 2 b4 1 )74 o
AUNANUUN "Q‘:Lﬂﬂ"\"lﬂN@ﬂWﬁﬂl’ﬂ\iﬁlullNVIQﬂﬂﬁ‘%‘l‘l’)LW\@ZL‘]LLSLU Ensembler 4nsquNU

A1UFUNNTAT196 2% 1UNe Gradient Boosting Tree Anwnsilwmaiudanidfulélunisg

9w o 9@ v
AFULLANADY THun

n_estimators : AU linaunalusvinung

- max_depth : anuuasLturessuliiuvtazsiu

- learning_rate : e limruauszauanndinduiisiuldiuiazsiudntdublasiuldineu
22 dg’

utindl

- min_child_weight : AMaTIN229 weight 1a3UAaz sample Nfasiliiluedefiaan

b 24
Y P,

child (leaf) node uila < Tnelinusaz sample 223dayail weight iy 1 Atlas
£ o a;i./ = 1 74 dl . d’ =4 J = 1
UHIENNANUIU sample WW@QNLﬂu@ﬂqqu’ﬂﬂ'ﬂ child node #Al3 °'| UTNA/IIBNBVE N

A o all 174 «l 1 9 ¢== £ s
ARINUIULBN samples AsiaeliiuadetieaNazaanliiuan node lud

Tua1uddailaldlanusiT XGBoost [4] (eXtreme Gradient Boosting)” d4tilulausis
amFumaila Gradient Boosting Tree 1Wmunlag Tiangi Chen Wiudesaniuialunimieiu

(Speed) WazlANLTZBNENIN (Performance) 18IULILANAEY

2 https://github.com/dmlc/xgboost waz Documentation: https://xgboost.readthedocs.io/en/liatest/
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2.3 ngeLnaanun1sIndseansnarainisvinung

Tuauddefidfm@den 1 lun1sipdsc@ninaaasnirvnuie wdsnndoyyviuu

1 v
= o

Classification L@z Regression Feanunsnaiune i
2.3.1 Madnanngnaastasnsyitulglutymuuy Classification

nsdnAugnsiaslun1Iituierasiliynn Classification azuanslugilaas Confusion
Matrix aNNFAAaWYINTG C Taafian C[i,j] (Wna% i AadN# j 299uvIng €) un1afaa uau
Sample 1934 7 udauaana i winamvinuranauidunang j AATusIuIN Sample Ainaue

gnéiadazuanaagluliug diagonal 284 Confusion Matrix

wanaInNl arnnrnAuIAIAINgnaeslunitiiwie lugdaes A1 Classification

!/
ar

Accuracy A1 Precision A1Recall WazA1 F1-Score ‘Numull il

A" Classification Accuracy @u1Tauanslfnsaunish (1)

Ncorrect (1 )

Accuracy = =
dl < o dl o 1 %4 < ° ://
18N Ngrrect ARRTUIU sample 11 Test Set NVUNEYNFBN WAT N ABRTUIU sample INUHA

1u Test Set

AU Precision A1 Recall WaZA1 F1-Score 411170UAAAFIANN1TR (2) aNNTT

o

(3) uaz ANNIN (4) ANAIALAIT

TP

Precision = —— (2)
TP+FP
TP
Recall = —— (3)
TP+FN
Fl=2- Precision-Recall 4)

Precision+Recall

=4 ° d‘ © 2
TP A8 [TUIULBY Sample IINTUIEYNHNDY

b

Tnen
FP A2 47u9u383 Sample Adnaaunignsinailu Negative usinunenilu Positive

FN fim S1u2utas Sample iAnaungnsiaadlu Positive wsiinuneilu Negative
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2.3.2 msdnanugnaasrasnsvitugluiloyuini Regression

v [
2 o = ar o

nirdanangnsiadratnisiautelulyuiuuy Regression Az lEdnddanianing

Y

E19BIRINAIANTHULANFINTEUINNANRTY (Actual value) FuATNdanaTnunIuItaanui s

+ 4
ar =

(Predicted value) Tnavialuiddanianliisasalli

(1) ANAIINAIALARDULRREN1AI4BY (Root Mean Square Error 18 RMSE) 414150

Teusaannish (5)

RMSE = |17, - 902 ®

ai ~ ] - 4=: 1 2 ' 4:} 1% = o o -=: . o o el
e y; uaz P; AaAtaseignéiad wazAidszinnlfeesBunmnatdui i muRIAU uas n e

Auruiayadunmlunimagey

(2) AadEANARIALAABUANY NI (Mean Absolute Error 1i3a MAE) atuisnfianu

AIRUNTTN (6)

1 ~
MAE = =31y = 3l ®)

Py A ' a - 4 ' | 1 % = 3 o A . ° o <4
Tmein Vi uaz yi ABANATINGNAD LL@::ﬂ"WIﬂTSN']CUiWII@Q‘ﬂHV!ﬂ@’]ﬂ‘]J‘V] L ATHAINL LRZ n AB

uutieyadunmnlunimmesau

(3) $euazuavA1IAI NARIALARDBUANY IO (Mean Absolute Percentage Error 13
MAPE) fignsiluddasas 19911288 7898R T4 UTE I N AINARIALARAULAEIL
AUANATNAIANNTN (7)
100 =9
MAPE = — x Y%, |—y‘ y‘l 7)
n Vi
o y; uaz Yy, Aedrmaiignsies uazAidrzunnlfivasBunadndum i mudidu uaz n fa

uuiiayadunmlunimesau

(4) A1 R? vi%a coefficient of determination a141T0TEINNAIANNITA (8)
?=1(yl_y)2
dl A~ A ' = cJ. 2 ' a’ 2/ = o o a: . ° o <
Tne? y;uaz ¥; AsA1939Ngnsies uasAMrennulFraBunAa LR | PNAIAL uaz n Aa

. - ~ 1
Snundieyadunalunimaneu uazy = = 2,0y,
n

(8)

& 2 PR o } 2 ' ° o - = ' °
§1A1 R% 8elAdin1ng 1 ymngaudnuuLsNaesn1snawng el anaa laiugn
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2.4 PISHUIEHRNITHRALLLAILANTAEAR Crop Cutting

Crop Cutting [5] Aanislszunmnan@ssaliuuugdu udtnishlssuiiniadau

] = ' ) d [ ] o J i ° o
Tu W lunsdssununandnsielinazl Teaciinnsdrmanunlgndas uasvinnisgusindasaun

1 2
s <

d' o as 1 v d’l d' = o e ] ]
Fanranuanziiui q innisdusinedld naaniziug 9 nseufiaoniulingeusidliaguay
mAyeundedeaidalreu Mazninsianunuianiinissadaaniiledainuin udavinnns

- & o o vy . ol o o o - ) & o -
wantwindesdliseld wittiddlymnelinrreuaguiuniiunanlswiugua uazay
1 1 J H 1] 1 s 1 = 1 s 1 o o
wnudurasdesuraziui iviniu sunednisuanldfinisqusneineia Crop Cutting %1914
1 = Aﬁ'd 1 ° 8/ o ) d‘ o” e; o 9 :/’ =
AndnAtuszata lwunzanian i ludnasadnlud Tealsauhaiaiinnisdnendeyaiud

A1 Yield l@A8an3a Crop Cutting 71 8 Ausals

@ b <4 (%
2.5 SR ENIL N DG
= o dgl ¥ o = = o -=; dl 9 ar o
AITNLUNIUATTOUNTTHABINIUIAE U vLﬂVI']ﬂ']TﬂﬂE'N’]u'JQ?;IVILﬂﬁl'}ﬂl’ﬂ\?ﬂ‘l_lﬂqﬁ‘vnuqﬂ
a o - o = ™ P T . - o P
HANRBAINININHRATNTTN tmﬂLuuﬂq?LTﬂugﬂl’ﬂ\‘iLﬁ?ﬂ\‘iﬂ’lﬂlﬂﬂuﬂﬂqﬁ "| N?']Elﬂzl.ﬂﬂﬂﬂﬂm’ﬂ‘lﬂu

1
=]

2.5.1 UNAITNIA8LTRY Accurate prediction of sugarcane yield using a random
forest algorithm 1A Yvette Everingham uazanis (2016) [6]

1 4
= o o

=l o L 4 = < al 2
NuUddsUTIARan RN ananaas lulTosies Tully UszinaAsadinsiag s l4d

fayaniiulugaedl 1992-2013 Inavinuradeyaidy 3 4avdhetasdgn (Guevusdun 1 ey
1 = < -dl ] 1 -3 «:i AI u’; 1 ar z=ll = <) [

AAtANTadnaulnTALINgD) T9naun AL (FRAWATUN 1 neuNnsIANLaslnisiiu
= ) = o o Z . A a4 s o s

Ne9) wardanduines (Fussusiun 1 ireulluianaestnisfiuines) Tneld feature Tunas
Punglsznausiagduuuniswazilgn anweniAnNggnia Yiniuinduazan guvgi
gean gruuniingaluusazdaana UTununisudia (radiation) gauuninuionziaiade 3
meu wazdoiliouaa (biomass index ) Aaruanuléann Agricultural Production Systems

sIiMulator (APSIM)

nuAdstiudsniminunaeanidu 2 Toyunaseiloyyua Classification Uaz Regression 1ol

foynn Classification wiaiilu 2 nguAanguiil Yield g4nd1uaznindidAn Median 284 Yield
TasnirdaAlugnsistzasnisniutadudnadugniiasuudayanidy Outof-bag (OOB)
sample TIUARWENHAN Classification 119 3 T24A2 86.36%, 95.45% WAL 99.45% MIHAAL

dounadarinliaan Regression 9 3 aawud RMSE Aa 8.00, 7.32 uas 6.33 t/Ha AINAAU
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]
=

252 UNAITUIN8LT89 Random Forests for Global and Regional Crop Yield

Prediction 1ag Jig Han Jeong uazAnus (2016) [7]

o oo Jo o = <i ) 2 (%4 el 8

SAdstdauenImIrnenaNanaesigls 3 drzianléud 419873 (wheat) d19lwn

(maize grain) wazsiuelis (potato) Iaeld feature uanu1AINaNINN@INIA (Climate) uazdiays
. . = o o 2 - = 2 = 2 4

Biophysics 14 features Al Fauisunandanaesitnanawazditninaae Averaged
monthly temperature, Annual evapotranspiration, Summer day length, Maximum monthly
temperature, Mean coldest quarter temperature, Minimum monthly temperature, Mean
warmest quarter temperature, Nitrogen fertilizer application rate, Growing season
precipitation, Annual precipitation Was Year d1u features Avnunlfrasiudiauazinninniae
Bulk density (soil), Clay content (soil), Hydraulic conductivity, Average maximum daily
temperature, Average minimum daily temperature, Annual precipitation, Averaged seasonal

radiation, Saturated water content, irrigation, Latitude waz Elevation

ndailimeiianisFauisioulAsadsioais Random Forests (RF) iautisumiu
Multiple Linear Regression (MLR) uaannsnisinuiawnudnld RMSE fléiann Random Forest

a2} U129 6-14% 203A1RAYT8Y Yield Turuzil MLR 1 RMSE Tuta9 14-49%

1
o <l

2.5.3 UNAITNIA8 (T8 Rice crop yield prediction in India using support vector

machines 1ngl Niketa Gandhi uwazmtus (2016) [8]

]
= 9 <A

= or d’/ k24 =Y b %4 == o = b3 3 9s
sl matianisGauidosiaTasAngin1siauiananandniaindayan e s
anngRantanuanseiy Taaldinatian SMO Classification WAz Support Vector Machines

(sVM) Tun1snnung teelETdsunsy WEKA Tunisanuans

Z 2/ ar = o

2s =l o o o as - <l ‘s' o
?J@H@VIHWN']I‘]]IHQ’]HQ’QHNWQ'WI 27 ?ﬂﬂl’ﬂ\iﬂ?ZLV]ﬁ’ﬂuLﬂﬂ NUABUAUNANNUINTINIUNE

L1

] 1 2 H

<4 o <A

HANAFTN9AR qmugwﬁflqm-fqmuqﬁqmmLLﬂ:qmugﬁmﬁwmﬁuﬁﬂ@Jn AUNNITHARUAY
=S 1% ] <d =Y =3 = 7 o ° 1
HANAAEAETIIABUNQUILUDINGAINIEY LAININITATUIULUIAT Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), Relative Absolute Error (RAE) L& Root Relative
Squared Error (RRSE) wiatiuanliuFauiiaudu Gananléida sSvM fiaaaugnsieslunis

NUNEFININ
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254  UNAIININLIY Data mining of agricultural yield data: A comparison of

regression models 1mgl Georg Ruf WazAE (2009) [9]

INARETA N ERNARARNT (yield prediction) TraAnsulFaufguaanisniiuegan 4
mafln Ao multi-layer perceptions (MLPs), radial basis function network (RBF), Regression

Tree waz Support Vector Regression Inald features uansamaluil

- Fayans14ile Nitrogen - N1, N2, N3

- Red Edge Inflection Point (REIP) - REIP32, REIP49
- Soil Conductivity — EM38

- Yield

TaefTaufauaAdNgniiadfiiemd RMSE Was MAE 1asusiazinaiin 3eagulédn

waTiA Support Vector Regression 1A RMSE uaz MAE iange

2.55 UNAINANEITEY Predictive ability of machine learning methods for massive

crop vyield prediction 1agl Alberto Gonzalez-Sanchez wazAuy (2014) [10]

MUAABTUNA19 TN UL RANRANIINNEATHEN T Feuf1a9iATes 1Hasann

d' o 9 1 = = oo JA = 2 o ar
Toyunudnuiaindeyaldiieanes uiddataafTouinsuaugnfiessasn1viula iy
fiaya 10 4a lasmatlaniini1daa Multiple linear regression, M5-Prime regression trees,
perceptron multilayer neural networks, Support vector regression Wag K-nearest neighbor Tae

a.; v o o P
features N 1EN1lun1INUIBA

- PA Planting area (ha)

- IWD Applied irrigation water depth (cm)
- SR Solar radiation (kWh m-2)

- RF Rainfall (mm)

- MaxT Maximum temperature (°C)

- AvgT Average temperature (°C)

- MinT Minimum temperature (°C)

- SDC Season-duration cultivar

Tnadnanngnbiasassialilil Root Mean Square Error (RMS), Root Relative Squared

Error (RRSE), Normalized Mean Absolute Error (MAE) uaz Correlation Factor (R)



15

HATBINUISEWLIUNATIA M5-Prime Wae k-nearest neighbor 1A RMSE, RRSE, MAE
AAnlnAAaeiu waziiAn Correlation Ngawanu 4uldBTRea4n M5-Prime Wuunzauiy

NIUNENINTZA

256 UNAITINITELTAY Attribute selection impact on linear and nonlinear
regression models for crop yield prediction 1ag Alberto Gonzalez-Sanchez WA ALY (2014)

(1]

= ar J =i = -3 dl 4 1 o ar o R = ar
NuATsRuFauigumeaian1mugNnIIuTaNfudanasANnisaansAa e
(Attribute Selection) NiAa1U N T AR UBRaRARNT 1S Ing feature YiTa attribute N1E 1w

a o oo
NTUIRENANY

- SP - farm location

- IWD - Irrigation water depth applied (mm)
- SGR Solar radiation (M-Joules/m?2)

- RF Rainfall (mm)

- MaxT Maximal temperature (°)

- MinT Minimal temperature (°°)

- RH Relative humidity in leafs (%)

= ars J o . « . v
Tngeruddaiadisuuusataastaanisld Multiple linear regression , M5 regression
trees , artificial neural networks (ANN) uaz Stepwise linear regression (SLR) NBNUNEINALAR
¥ 4:; o ar = 3 b 74 P 1 2 1 .
AMNIBHRNNINITAALABDN attribute 1,')LLZQ:LLE‘EI‘ULV]EIUﬂ’]ﬂ’)’WNQﬂ[?‘I@QQ”Iﬂﬂ’] Root Relative

Squared Error (RRSE), Relative Mean Absolute Error (RMAE) (A% correlation factor (R)

o o R

TreanITANEINLININATIA ANN AN19I1UAY attribute NEANETNNIABNNTAY RRSE
WAz RMAE lRAtFNGALATALARE T8N correlation §4NAM

1
|

2.5.7 UNAIINIAe (789 From spreadsheets to sugar content modeling: A data

mining approach ol Monigue Pires Gravina de Oliveira uazande (2017) [12]

o o dyo o = o"’ :: ] «a & 9 o o =
\'l’lu’)@ﬂuVHﬂ"l?VI’IU']EINﬂNﬂﬁlu’]ﬁﬂ@ﬂiﬂ@ﬁﬂ“@m@ﬁ]’ﬂ@ﬂ IﬂﬂlﬁLV]ﬂuﬂﬂqi‘Vl’]LMN@Q
311’@133@ (Data Mining) Wazeaaainuilidae Support Vector Regression (SVR), Random Forests
(RF) waz Regression Trees $9NALN1T0 feature Selection Aadanaina RReliefF [16] lag

(3
o =l

2/ dl ° p % a’: 2 o
dayaninun 1l feature Munnandieya 4 daunan Al
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-"1]@33 ad1 1Hun Soil, Texture, Fertility, Soil density , Chemical properties , Derived
chemical properties

- %@yj@’mﬂ’]ﬁ 16un Sum of degree days (Sum DD), Accumulated precipitation (Sum
Ppt), Mean maximum air temperature (Mean Max Temp), Mean minimum air temperature
(Mean Min Temp)

- 4By Agricultural 16U Cake Filter , Fertilization rates

- %mga Crop 1un Variety , Days-cycle , Number of harvests, Total Recoverable Sugar

=] o . 2 Y] . 2 o d’ @ 2, a‘ld
N1 parameter tuning #ne1435 grid search auldiuuu[taasiliidnadugnéiaing
H & I8 aa . d = ar J a .
han Taaldaansiuafsruaiisiae R, version 3.1.1 T uddeilifiunisin feature Selection #inel

fana3Nu RReliefF INanIANNANNUS8Is 1L AR NadUN1T NI wIs LAaTFauLsALTTN bias Ay

ULLANR

FIan1INIUNEERAYsTlAa W ATlA Random Forest NaNusqniil RReliefF 1ana7u

gnéiasndawmaingu ] 8A1 MAE Wiy 2.02 kg/Mg

2.5.8 UNALIINAdY 1589 The effect of tuning, feature engineering, and feature
selection in data mining applied to rainfed sugarcane yield modelling Tae Felipe F. Bocca

wazAtuz (2016) [13]

P o a v < o .
NAdstdunimmiuvisnandndes IaaAnIUaaINNI1INT Feature Selection, Hyper
. . - = : o o oo <lng
Parameter Tuning Wa< Feature Engineering HHABAIBAITNYNABITBINITNIUNE LR ETIDE |
wallanirdauiuestarasisuna 5 wmalia 1Hud Support Vector Machine (SVM), Random
Forest (RF), Regression Tree (RT), Neural Network (NN) 4@z Boosted Regression Trees (BRT)

d: o = o e} v
et T LIRS URANITR U7 LA

wana Nt sAdelFiauamATiAn i feature engineering AMENITATUILANAIN
feature Wiy feature lusdietanldiunalaanisAuausnanisldilaudazafauay
wen feature naatuiiayaeinia inldanedsn RReliefF [16] lun13¥n feature selection
WAZUNAN feature importance 1a3usias feature Taalin s Hyper Parameter Tuning fagl Grid

Search

2
=l

ann1TAN12a99uIN s la Tl 1#91A1 Mean Absolute Error (MAE) anninaliasng I

q

k.

°

BETENI1N 4.57 - 8.80 Mg ha' Llan1 Tuning LtMA® 1.17 Mgha' wazliann Feature

Engineering 41819080 MAE 1ag 0.64 Mg ha™ Teuuua1aaan sinunailuaniuie 40%
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2.5.9 UNANNASEITY Harvest scheduling algorithm to equalize supplier benefits:
A case study from the Thai sugar cane industry 1o Thuankaewsing, Surached UasAL

(2016) [14]

o Fo ; . . , &
UASETNE U ERIN1IAAATINNTA LAY (Harvest Scheduling) 2841999148514
Tunianzsuaani@asiviie lulrzwmalne Taalidauraanisirunsuanandasinaldlunisam
& o = oo o9 a ° e o
AT NAINATALLAEY Fe9lwauideildmatia neural network lunsniune Togl Feature 914

Tunrminune ldun

- Uszinndas

ar L4
- Wugdae
-Uszinnsu

| k2 0”
- 3817190

o o P, |
- ungnuazduniuineg

b Q; o < dl

- DIV RLUNATNINTALIAL
- 1BunutinduedssadunasiBFuiatind uaza
- gruuniieds fiasaAuaTgUURIRALNINGR

- ArNaNIn lunslgndas et litedmiu 3 sdufa A, B uaz C
ANeASEnLdIRadanin1ine 1l MAPE fidwszunnd 10.98%

- = o v o = o =
2.5.10 MNYATUNUF[TD9 N1TATIULUAaa9UA1T-WaT tNan1TdTzi N TRA NG R

#oa loa Aan AcyloydT (2552) [15)

o as Jo o .
Nudaidilauenirdszuinanantenlnald Adaptive Neuro-Fuzzy Inference

systems (ANFIS) Was General Regression Neural Network (GRNN) Tnalfuilasdassnnsng

]
=&

WIUNAR U 1,446 wilad THmatia Decision Tree uay k-means u1anngudayailu 5 ngu T4

v e ot
features BANNUNN TR

- AnANuNIneNg (pH)
- 1Funaslulngiau(N)

- Fununaanaia (P)
-1Buaulnuna@ay (K)

- Funautineu
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Tnanan ainueienin siFauiaudl RMSE uaz MAPE ufaagu1éidunaila GRNN
WnadniAraugnsiasnInndn ANFIS waziiladnnguinamaiia k-means faudiaadiantliism

LLLAAS NG aTia GRNN Saiilssdansninuniu (asA RMSE uas MAPE LIAR6AAY

1
<4

2511  UnA2ITNINeTa9 Feature selection for wheat yield prediction tagl Georg
Ruf} uaz Rudolf Kruse (2010) [17]
oo oo a v = [Y Y %, 3, = .
IMARAUNIUNLRARNRRT19877 TaeRaeiiuns1dmatia Forward Feature Selection
w1t lunsAniaan feature IINNTNUNRANAALTULLL Regression 1inatia Regression

Tree Waz Support Vector Regression Tun1sniuna (as feature Atinunliae

- Nitrogen Fertilizer —N1, N2, N3
- Vegetation — REIP32 , REIP49

- Electric Conductivity — EM38

- Yield

- TRACFORCE

a o

Taaéddaagldinstin Feature selection 81159 LN19%11 Regression ivinaiia

Regression Tree WAz InALA Support Vector Regression dum Wanuiianas (error) A1NN1T

UL AARINIA

a

2512 uUNA2I1HATE TR Attribute selection impact on linear and nonlinear
regression models for crop yield prediction Tati GONZALEZ-SANCHEZ, Alberto WAL ATUE
(2014) [18]

o or dg/ 2 a (3 a d: = ] 1 2 e; 2
nuAdsilfuanamatialunisinunanandsigivanRauinsuAianugnsiesild Tag

imallanline Multiple linear regression, Stepwise linear regression, M5- Regression trees

uaz Artificial Neural Networks (ANN) tdauiuuisisaelun1sinunenangs

Tnadayantrunlduianaasdiuredayafnunensnss uazfeyaneaiuanineine

=2 9§ e; o 3 L 4 . -:; o o < 2 dl” dl
%QT@N@LﬂH’)ﬂULﬂBC‘I?ﬂT?NuuLLﬂNW"!’Wﬂ?ZUU Spriter-GIS VIVI’]ﬂ’]i‘"ﬂﬂLﬂU‘M’JHﬂWHVIﬂ’]?ﬂQﬂ,

k1)

o
ar =y

o <A ac ,/ov aa =3 = = 124 a” = -=: } 2 2
Tiadg, N5, AEn1niunands, JunGusiulazdugaanisdgn, nandaanld doudiays
antwenialiun Wuaudy, Anfe@aineaseinduazauugi Yuniain National

Meteorological Service (SMN)



19

{ag9rudds il Fa U U2 NN fiadaIN&INA1IAe Root Relative Squared Error
S q
(RRSE), Relative Mean Absolute Error (RMAE) Wa% correlation @aeaflinamaiin ANN 19ian

ANQNEIRNTIANgARA RRSE WinfiLl 86.04% , RMAE Winrill 8.75% uaz correlation #a 0.63
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UNN 3

LU NITA U UIIUIRE

1
o ar =

[anNNINUNUNG ] uaznauddeiineadesiu §3du s wuasadandinisduiu
= o d' v v o o 1% a} o a a o 9
A4 e lfaiuuuvinenandngeaiuizad uaza1usodalszans nantainuna 14

1 24 B
= e ar

1At T UMD UTBINITATILN WIS IR

(1) naiusauTandaya (Data Collection) Lﬁ@‘l"ﬁl,ﬂu%mﬂ@a’éwLLuu%ﬁam‘lumi
NUNENANAREDE

) mmm@mummgﬂﬁmmfaﬁﬂgaLLa:ﬁmgﬂLLuufﬁﬂHaLﬁ'@’lﬁlumm%w
wuuAtaesluNIsiIuaRanandat (Data Preprocessing)

(3) narasauuusanasslunisiiuialiunudes lasldmaiinseaanisFouiaas
V3D ULILIAS y

(4) uRsuieuuazdalssAnanmanugniesesieyailiainnisinng

(5) aftlse agluasnifiduuasiaiauauus

e ar

Tuuwil §RAdeeturadunaunisiivsusandeys (Data Collection) luindia 3.1 uax
A5UN89UABUNITNT Data preprocessing Tuadia 3.2 UAYAINIUABLNENITA5ULLIAN A8

nwsdTunananaasiavsiuluiaie 3.3

ar

ARz BRUNYTIHALID L ATBINITWRIUNTZLLNNTNUNEILNTATAHANARaas (Yield

>3l

grade prediction) UM 4 LAZETUNETIEALIBLATEINITRRIUITELLN IR UELTHIUNANAR
&ag (Yield value prediction) luum 5 uasaniuarasuisagdusudssussiatauauuslu

=
unn 6

3.1 nsiiusIusINdays (Data Collection)

2 =l e 2 oo o < 2 s e ty
dayaniiunlinudsetgniiumurnlaeldldsunsuransu iinielreuiina

v

P
N
= 8 C e ¥ ar d’l o -ﬁ! d’ o <
Wunsal@ns i ldwmundues natiiniainaasrzuudadanloaiusicoaasldsunsy

MeazIdsARIAa LU
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Tsunsnid@adn GIs-System Fuflulilsunsuiifivdeyavesulasdasainnng

A o U o o 1 o =3 P =3
mwiinsudedimasenlddimals Mnnfividalaeszuy GPS uazsiivdayanislgndasaes

d' ° ° Ey3 o ar & W
utlaavvinn1gdnma udavinnistiunndayaaslulilsunsa

3.1.2

A ) . A [~3
TsunsufiTadn Cane-Accounting iluldsunsuiifiudayanisdedasidinnn

) 1 ¥ 1
1799128971711 1F Faflniriunnddesndadruniuidunesidasdasiaanla vnldiauisansiu

P | 4 ‘J o o n’/’ = ¥ b dl a v A 1
191'1'1LLﬂﬂ\?ﬂ@ﬂ‘VWl”lﬂ’]ﬁ‘ﬂ']T’J"ﬂuuNEl'ﬂﬁ]d\i'ﬂ’ﬂﬁl‘lﬂﬁﬂﬂﬂﬂi‘zLN‘Lﬂ’J‘V]TﬂvLN

4 = o oy ® ¥ < = .
Faisaedddrunsuiiguieyanlilunisiiudeyasesisassitsunsnma Microsoft SQL

Server 2016 laalassaTvrasgrufeyaundauuanslfag E-R Diagram senwilszneu 2

_, Column Name

Data

PlotDewll =~ % .
e s i Column Name . Data Type
R stalD + smallint i '§ Plot ID int
Name i varcharG0) j 1 e decimal®, 2)
Tumbon ; varchar70) TypeSoil smallint
Amphur | varchar(70) i Stald smallint
Province varchar(70) WaterResourc..  smallint
geog K geography ] ’ActionWaterID smallint
| Ferlzertpe | amaling
. Fertilizer smallint
: Groove_Wide smallint
Daﬂ!l.Rain N . | EpidermiciD smallint
.. Solumn Name | Datalwe vield decimal@®, 2)
“vea Remain | decmal8,2)

Volume

decimal(8, 2)

nisrnay 2 E-R Diagram unvdaunaslisunty GIS-System waz Cane-Accounting

Plot.Geo 5 .
.. .ColumnName  DatzTyme
49 G'ec_gode varchar(50)
”;‘r’;é;niony:... smallint
Geog geography
Center_geog geography
vvvvv Lon varchar25)
varchar(25)

Lat

‘! PlotD Lint .
Production_Year 1 smallint .
O ! Geo_Code varchar(SO) ;
; Plot int
Quota_no int
Class_cane smallint
i Type_Cane smallint
. Area_Plot decimal(8, 2)
Distance decimal(8, 2)
Tumbon_No nvarchar(50)
Amphur_No nvarchar(50)
Province_No nvarchar(50)
SurvaylD smallint

Daily Cane

ke
Column Name Data Type
‘R Billno Cint
Production_Ye... smallint
Period : tinyint ’
| Date smalldateti,. |
Quota_no int
i Type ¢ tinyint
Plate varcharG0)
Net_wt int
Amount_paid
Plot_ID
 Harstor
. Driver_No

Ad435504




22

v L4 } 4 ¥ k4 L4
aAmFuiiayaunduinliniannisiindeaadatinduaasdseuiinnaiaunn 100 qa

d?’ A Y dl ar o 1= ] AJ n’/’ ¥ o
arauAquiunulasdas i uiulinteutialintulases uansununsclffanwilszney 3

seimiwlismimansissans:

k-

7 By

i 3 T
A .
N

7

S
LA

Cgantiong SiMe

H ¥ 14 k4
nwlsznau 3 LHuuaANRR IRt IINATE T UTIANS

. ¥ 1 1
uinzullasdagazgnAtusmiszasnvanudastesiisandatidun’lndngn Ineld
%% o . -=I =3 o c:ls’y el ] 2/ o
fayalT4 spatial MiiLaNn11dn GPS uananfifiayaneglugudayasinisatiniuand
ar ! 20 n; [ % c’, -:: o =3 b7 @Y ¥ 2 o
Faativulasdesnagsauqadniidunvinnisiiudaya s uaaslfdanwiliznau 4 uazusns

s [] 7 dl 09’ o o k74 2 av
EV'I’J‘ﬂEI'NLL"L]ﬂdﬂ'ﬂﬂﬂt’i\?\?’]uu’][ﬁnﬂﬂﬁﬂ’]iﬂ’]'J")@‘H’ﬂi;llﬂ LLﬂm\ﬁl‘Lﬂﬁdﬂ’]Wﬂ?:ﬂﬂU 5
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a: 1 -~ o W A:id as o & as = o .J’
A1NANA1INIAININTT Query Tayaanansaniaudniuiiueanu lusuidell
fayganliluntmeasaenldiannissudeyasnsesllsunsuivisuus 12,521 718019 T9una1n
dayaandnisudm 25582559 uardayaandnisu@n 2559/2560 au1rnagUsnaazidan
a 2 v o 4:‘” '
uuiioya lHAail
1) fayaulasdesiinisdidasdilrssnuaasilnisndn 2558/2559 Hviavun
7,451 $18N1T

2) fayaudasdieaniinisdedasidnlsssuaasdniuan 2559/2560 Hviaunn

5,070 $1eN7

] ]
<8 2

Fedayanirdninraredtiuandesuazaentssiludesdadunszyluiad
TargetGrade, YieldGrade, TargetOldGrade a ¢ YieldOldGrade 14 intuaiannnsnn Crop
. o” ¢=l‘ = =8 2 © ° =] 9
Cutting wazirsauwinmanidunsiidne ldnuuaidun i lunsniay wansmeazidanls

o P R
ONAITINN 1 AN

AT 1 TEaZREATaINITULNINI AT BN uEasFals

LNsm s1eRzLAEA

tnNgm 1 HAKARRINGN 7 dusials
\nsA 2 HAKARBETENIN 7-12 fusials
\n9a 3 NAKARNINNGN 12 fusals

Taafiayad ldludunrouansraazidaarasusaciaduazainisossylssinnees
fayadiniu Category ¥ia Continuous L&ASIAMIATITINT 2 uazuanssinatieaasdiaya i

A1997 3
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= b2 -J 3 9/ o as
AN 2 Teazidanresiayantiiun 19 luauidn

7a szinn srERzIAUA
b % 2: <4 } %4 [] & } %4
Class_cane Category  dszinndaeaiidgn ae detlgnivd, deamnat, deanaz uaz
feamnas dull
Type_Cane Category  Wufdeuil Aa LK92-11, K84-200, K99-72 UaT 18uWAL3
: 0” elld =4 0” <
WaterType Category LUANHIN AR 1Y, ARDNETTNTIALAZTALTEN U
ActionWater Category  Aansliitn Ae uiduuazinme
. . aa o o o i S 2/ 2 t
Epidemic Category  Aansniapdane as 1Henanuacldensia
FertilizerType Category  iszunmile@lit Ae loiafiuasleduvized
Fertilizer Category  gmsile#ilif Aa 46-0-0, 15-15-15, 16-16-16 Uaz 25-7-7
. o e dl P = 1 & o =
TypeSoil Category  THUAGUNLUGN AR AUFIU, AUATUAZAULAN
GrooveWide Category TEHEUNNTR9TRY Aa 120, 130, 140 WAz 150 cm.
TargetGrade Category insaaastFaudes lunAazulasannisinunasaswiineu
TargetOldGrade Category  Ininaadtfzninudeslulsazuilasainnisinunsassniinanu
AMOANIANAUUTN
YieldGrade Category nrazestFuudetluusazuladluggnisu@nii
YieldOldGrade  Category nsavestFunudetluusiazilasanganianauntin -
FarmerContract ~ Category nsaansag1alsanurunnisRulaglideyanisindymyn
Grade deBatuazAuaInnTolunITAnRuaINggnIanaumiin
Area_Remain Continuous  TuNANURALUARIRUs Az aedies (19)
Rain_Vol Continuous  tRunmudiessranluggnisuamin (Hadwums)
Distance Continuous  frgiznNAMULUaIEasie N IUEIAIg
ContractsArea  Continuous  dtyeynisdedastastnaliluganisudntiy Gusials)
YieldOld Continuous  1finnnudesideluusazulasanganiariaunti (Giw)
YieldTarget Continuous  Fnnudesluusazulasannniminunareswinanluggnas
NARTY (FL)
YieldTargetOld  Continuous  1Funudas luusazudasainnisitnaeeswtinauluggnis
! o0 ar
NauuUI (A1)
Yield Continuous  1Bunuasvisuuandsluusiazulasluggnisa@aiu (fiu)
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Class Type Distance Rain bType Water Action Fertilizer Fertilizer Epidemic Groove Area Yield Yield Yield Yield Yield Yield Target Target Contracts Farmer

Cane Cane Vol Soil Type Water Type Type Wide Remain Target old Target Grade Old Grade Old Area Contract

Type Old Grade Grade Grade
4 1 343 752.5 3 M 5 1 6 2 130 56.7 8 1.52 9.53 9 1 2 2 2 38.84 1
2 14 40.85 791 -3 1 1 1 6 2 140 4.31 8 6.23 5.8 9 1 1 2 2 80.97 3
4 14 41,04 791 3 3 1 1 6 2 140 2.57 9 10.66 8.98 9 2 2 2 2 135.8 3
1 14 41.15 791 3 1 5 1 6 2 140 11.39 8 6 7.94 7 1 2 2 2 30.64 3
1 14 411 el 3 1 1 1 6 2 140 2.66 8 12.56 8.8 9 3 2 2 2 131.2 3
4 14 40.94 791 3 1 1 1 6 2 140 4.66 9 5.75 5.48 7 1 1 2 2 f 74.89 3
2 14 41.63 9N 13 3 1 1 6 2 140 13.88 9 8.29 7.72 9 2 2 2 2 711 3
2 14 39.74 791 13 1 1 1 6 2 140 4,03 9 12.39 10.22 8 3 2 2 2 244,91 3
4 1 40.99 91 13 1 5 1 6 2 140 19.34 9 7.49 10.59 8 2 2 2 2 51.03 3
3 1 40.18 791 13 1 1 1 6 2 140 16.28 9 11.73 8.24 7 2 2 2 2 60.63 3
1 14 39.36 ™ 3 1 5 1 6 2 140 9.36 9 9.18 6.98 7 ‘ 2 1 2 2 37.29 3
4 14 40.18 791 3 1 1 1 6 2 140 8.71 9 6.4 8.64 9 1 2 2 2 40.07 3
3 1 4292 791 13 1 1 1 6 2 140 17.61 9 9.06 11.14 9 2 2 2 2 56.05 3
1 1 4119 791 3 1 5 1 6 2 140 9.94 9 7.82 7.56 7 2 2 2 2 99.3 3
1 14 41.26 791 13 1 5 1 6 2 140 32.04 9 8.83 5.03 6 2 1 2 1 30.81 3
3 1 4143 9 13 1 5 1 6 2 120 15.81 10 9.1 14.69 8 2 3 2 2 16.7 3
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Iy = S .
3.2 nﬁ‘iﬂ%‘zuaauammdmuadmu (Data Preprocessing)

b4 a: -4 :// 2/ o 14 J o o d’ o |
'aWn*’umg‘@m’lmmuummmmmm%ﬂmﬂuy@nfaum”lﬂ‘lm'm HAUTNIATIREDLNLIN

finyau1ilasite feature Tudayaiananiel (missing value) Tnaazdsngifiudn Null Tag

= as

J as 2 ez < 2 n; [ 2
Asawudnanwsuanaasieyaiaanigld antannisdaudieyaiildgnsias

ee

s ar

9. 9 W o ' o =l o c’; . o

fadeliufidyudinatn Tnaimuniinasvinduneu data cleaning tnensunuslfiaya
Naaunelunidull feature 1lurlszinn Continuous fasiAnavaasdiayalu feature Wulaz
wnudiaganarauiallnlu feature Uszinn Category faeiAn Mode 183usiaz feature 1iu < Tne

A1TNT 4 UAAIAT Median WazA1 Mode 183fayaludauaes feature iluatin Category

A9 4 AN Median uazA1 Mode 1asdayaiiiuaiia Category

Features Median Mode
Class_Cane 2 2
Type_Cane 1 1

TypeSoil 3 3
WaterType 1 1

ActionWaterType 5 5
FertilizerType 1 1
Fertilizer 6 6
EpidemicType 2 2
GrooveWide 130 130
TnafAdawudnl 3 feature il missing values A® Type_Cane § 41 718017,
FertilizerType § 45 718019 Wwaz Fertilizer 0 43 nan1tuasdautdaaueslin (code snippet)

174
ar o al

N1 Python RIdan siuTeywn missing value # @ unrouansléinail
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from scipy.stats import mode

#Impute the values:

data['Type Cane'].fillna(mode(data['Type_Cane']) .mode{0],
inplace=True)
data['FertilizerType'].fillna (mode(data['FertilizerType']) .mode{0],

inplace=True)

data['Fértilizer'].fillna(mode(data['Fertilizer']).mode[O],
inplace=True)

mn%mgaﬁshwzfumu Data cleaning aztiriayautinudunau Data transformation
Treinisudasdiayalu features 13im Category Ineildinaiia one-hot-encoding Walifld
dummy variables (1W< MU get_dummies() 784 pandas) el sunain regression it
YiTun8 A yield Fulunisviunedaiunm doudenveslén (code snippet) pasiunau

NP T T R T KD

X dummy=pd.get_dummies (X,columns=['ActionWaterType', 'Class_Cane',
'EpidemicType', 'Fertilizer', 'FertilizerType', 'GrooveWide',
'TypeSoil', "Type Cane', 'WaterType', 'YieldOldGrade',
'TargetGrade', 'TargetOldGrade', 'FarmerContractGrade'])

ar

nasannidszinanaieyasitAaresuadnbiu deyascgnuiiaiu Training dataset
<y

a

Las Test dataset ludmsrdauna 70% fAa 30% laaldAa14d9lu scikitlearn A

train_test split 1WN1TM1 Lazai N IWE cov iatinlddeuidasialy doudessaslda

2
o =l

(code snippet) 1a3dunauil a1 lHmai

X train, X_test, y train, y_test = train_test split(DataAllDummy, vV,
test size=0.30, random state=0)

X train.to_csv('TrainAll.csv', sep=',"')

X test.to csv('TestAll.csv', sep=',"')

| 72 74
or  ar

Tuadde il wraziin s uuLANaeIn siue lWABsN ) sauiadiune Feature
selection WazdUABW Hyper-parameter tunning Taeil4 Training dataset uavanuiialé
° 1 7% L4 ar o o o 2 1 = ar
WLLR1RBINTUAT 1Rzt dndss@visralunisinunauu Test dataset dnaalaaagulgiae
wudndndruresanuiuiiays Training data Waz Test data Aiutivlsine 8,765 $18N17UAT3,756

) 4 [ d’ dl
TUIEINTITATHNATAL TG@WNWTQuﬂﬂﬂﬂ§ﬂ1ﬂﬂdﬂqiqﬁﬂ 5



AT N 5 ﬁﬁuquﬁ@%ﬁmm Training dataset WAz Test dataset

SIATLRER AU (518019)
maada'lu Training dataset 8,765
°/ ..
mas:‘la’lu Training dataset 8,765

Taanasnszansassdieyareslu Training dataset Uaz Test dataset arnsnuanslugy
28407 histogram 294 Yield I nmils=ney 6 uaznaw histogram 184 YieldGrade 554
amdsEnay 7 ATNARNAU %qmnnmﬂﬁmmq:Lﬁuiﬁfiﬁm?m:mmm%mﬂ@ Yield uaz
YieldGrade U1 Training dataset Wa=U U Test dataset HanwuzAR1aiu FaunrgAINdn
wuudaeefidmuianndiayalu Training dataset inaziinllldlunasitunadayalu Test
dataset \iiesaniaid g (label) ﬁmini:@ﬁﬂ@ﬁluqm%ﬂg@vﬁa@aﬂé’ﬁﬂ 7 Taenilain
111 distribution 224 YieldGrade A1n Train Set Az Test Set NuaAA U AN N TzNeU 8 fia
wansliiulddaauniniuin YieldGrade 189 Train uaz Test dataset Wufin1snszanasi

} 7 o
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- K-Nearest Neighbors (KNN)

- Support Vector Machine (SVM)

- Gaussian Naive Bayes

- AdaBoost

- Random Forest (RF)

- Gradient Boosting Tree (GBT)

TaenAla K-Nearest-Neighbors Wae Support Vector Machine aziin1T%1 Feature

Scaling $ingl Waridu standardscaler fudayanauinlUldiumatindingn

}d
= Y

uananugiIde lsnnaealdlausns XGBoost (eXtreme Gradient Boosting) Fatlu

a

lausadauiumaiia Gradient Boosting Tree

daudeuua9lAn (code snippet) 1a4n17a519uLuAaaslaglfinatias1g 9 @110
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# K-Nearest-Neighbors Classifer
from sklearn.neighbors import KNeighborsClassifier
from sklearn.preprocessing import StandardScaler

XN std = StandardScaler().fit transform(train selFeat.values)
XS _std = StandardScaler().fit transform(test_selFeat.values)
t0= time ()

clf = KNeighborsClassifier ()
clf = clf.fit (XN_std, y_ train)
print ("Accuracy Train: %.2£%%" %
(accuracy_score(y train, clf.predict(XN_std))*100.0))
print ("Runtime = %s" % (round(time()-t0,3)))
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pred = clf.predict(XS_std)
print ("Accuracy Test: %.2f%%" % (accuracy_score(pred, y test)*100.0))

#Support vector Classifer
from sklearn.svm import SVC
from sklearn.preprocessing import StandardScaler

XN std = StandardScaler() .fit transform(train_selFeat.values)
XS std = StandardScaler() .fit_transform(test selFeat.values)
t0= time /()

clf = SVC(kernel="rbf")
clf = clf.fit(XN_std, y_train)
trainPredict = clf.predict (XN_std)
print ("Accuracy Train: $£.2£%3" %
{accuracy score(trainPredict, y train)*100.0))
print ("Runtime = %s" %(round(time()-t0,3)))
pred = clf.predict (XS_std)
print ("Accuracy Test: %.2£%3%" % (accuracy score(pred, y test)*100.0))

#Gaussian Naive Bayes (GaussianNB)
from sklearn.naive bayes import GaussianNB

t0= time()

GaussianNB (priors=None)

clf = GaussianNB{()

clf = clf.fit(train_selFeat, y train)
trainPredict = clf.predict(train selFeat)

Q Q

print ("Accuracy Train: %.2£%%" %
(accuracy score(trainPredict, y train)*100.0))

print ("Runtime = $%s" % (round(time()-t0,3)))

pred = clf.predict(test_selFeat)

print ("Accuracy Test: %.2f%%" % (accuracy_score(pred, y test)*100.0))

# AdaBoost Classifier
from sklearn.ensemble import AdaBoostClassifier
t0= time ()
clf = AdaBoostClassifier(n_estimators=20, learning rate=2.0)
clf = clf.fit(train_selFeat, y_train)
trainPredict = clf.predict(train selFeat)
print ("Accuracy Train: $.2£f%%" $%
(accuracy score(trainPredict, y train)*100.0))
print ("Runtime = %s" % (round(time()-t0,3)))
pred = clf.predict(test selFeat)
print ("Accuracy Test: %.2f%%" % (accuracy_ score(pred, y test)*100.0))

# Random Forests Classifer
from sklearn.ensemble import RandomForestClassifier

t0= time ()

rf = RandomForestClassifier ()

rf = rf.fit(train selFeat, y train)
trainPredict = rf.predict(train_selFeat)

print ("Accuracy Train: $%.2f%%" $%
(accuracy_score(trainPredict, y train)*100.0))
print ("Runtime = %s" % (round{time()-t0,3)))
pred = rf.predict(test selFeat)
print ("Accuracy Test: $.2F%%" % (accuracy_score(pred, y_test)*100.0))

# GradientBoostingClassifier (Scikit-Learn)
from sklearn.ensemble import GradientBoostingClassifier
t0= time()
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gb = GradientBoostingClassifier ()
gb = gb.fit(train selFeat, y_train)
trainPredict = gb.predict(train_selFeat)

print ("Accuracy Train: %$.2£3%%" %
(accuracy_score(trainPredict, y_train)*100.0))
print ("Runtime = %s" % (round(time()-t0,3)))
pred = gb.predict(test selFeat)
print ("Accuracy Test: %.2f%%" % (accuracy_score(pred, y test)*100.0))

# XGBoost

import xgboost as xgb

train_selFeat = train selFeat.as matrix()
test selFeat = test_ selFeat.as matrix()
t0= time ()

xgbl = xgb.XGBClassifier()
xgbl = xgbl.fit(train_selFeat, y_ train)
trainPredict = xgbl.predict(train selFeat)
print ("Accuracy Train: %.2f%%" %
(accuracy_ score(trainPredict, y train)* 100.0))
print ("Runtime = %s" % (round(time()-t0,3)))
pred = xgbl.predict(test_selFeat)
print ("Test Accuracy: %.2f%%" % (accuracy score(pred, y test)* 100.0))

HAFWENITVITUNEILY Test dataset 2041nATiARS ) wanslEfinsed 6 Tnaiaani
wanslummaduiatisaiaanlunisaiag wuudtaesandeyalu Training dataset (AMu9w
8,765 318113 T TR lARIN ARG BIANAIRET notebook 71F CPU 71 Intel(R)
Core(TM) i7-6500 CPU mmﬁ‘qﬁn&lmﬂmmﬁm 2.50 GH uin81A11N41 RAM 141A 12 GB

WEAINAIANTBIULL SSD 111A 250 GB uazldsrunl{iiFinisMicrosoft Windows 10

ANTN 6 WARNAT accuracy Wazinaf resusazinaiia

Method KNN SVvC Naive AdaBoost Random Graindiant XGBoost
Bayes Forest Boosting
Tree

Accuracy 64.55% 60.88% 58.87%  65.50% 68.41% 70.33% 71.07%

Time (u%)  2.18 4.96 0.02 0.22 0.16 2.56 0.99

anuan1Inaandaziiuliin malianasiiuneuuy Gradient Boosting Tree a=1iAn
accuracy NEANAALATAALIAaNIAD Random Forest Wsl Gradient Boosting Tree 118143

n41 Random Forest 49U Naive Bayes wuliidnnnan uananfaziiivlidunatianisiiuie

[l
=

Taeld Gradient Boosting Tree 714 lausis XGBoost azliAn accuracy fganduazldinanlu

L'l

NNINNNUALEINGN Gradient Boosting Tree aaslausis Scikit-Learn
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- Support Vector Machine (SVM)
- Linear Regression
- Random Forest

- Gradient Boosting Tree

Tnelidayansunisudasiiayaliiidu Dummy features N16i4nNA13 1la9ann features

a
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Afliuuuy Category eaiuneliluiade 3.2 uanainil azulszyneld Feature Scaling fas
Wafi4U standardscale nudiayanauiillléiuinaiia Support Vector Machine uas
uREatuAdiesuneluiada 3.3.1 £39uldnaseslilausi? XGBoost (extreme Gradient
Boosting) #1fulaus ¥ duiuinaila Gradient Boosting Tree 8113 aiiiieuiy Gradient
Boosting Tree 2841aL33 Scikit-Learn fiae wansdiudasaaailiia (code snippet) 289N13459
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#isupport Vector Regression (SVR)
from sklearn.svm import SVR
from sklearn.preprocessing import StandardScaler

XN_std = StandardScalex().fit transform(train_selFeat.values)
XS_std = StandardScaler().fit_transform(test_selFeat.values)
t0 =time ()

clf = SVR(kernel="rbf" , gamma=0.1)
clf = clf.fit (XN_std, y train)

print ("rmse train: ", np.sqrt(mean squared_error(y_train,
clf.predict (XN_std)))

print ("run in %.2fs" % (time{) - t0))

print ("rmse test: ", np.sqrt(mean_squared_error(y_test,

clf.predict (XS_std),)))
print ("R2 Variance ", r2 score(y_test, clf.predict(XS_std))
print ("MAPE: : %.2f" % mean_absolute percentage_error(y_test,
clf.predict (XS_std)))
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#linear Regression
from sklearn import linear model

t0 =time () B

regr = linear model.LinearRegression{()

regr = regr.fit(train selFeat, y_ train)

print ("rmse train: ", np.sqrt(mean_squared error(y train,
regr.predict(train_selFeat))))

print ("Runtime = %s" % (round(time()-t0,3)))

print ("rmse test: ", np.sqgrt(mean_squared_error(y_ test,
regr.predict (test_selFeat))))

print ("R2 Variance ", r2 score(y test, regr.predict(test_selFeat),))

print ("MAPE: : %.2f" % mean_absolute_percentage_error(y test,

regr.predict(test_selFeat)))

#RandomFores tRegressor

from sklearn.ensemble import RandomForestRegressor
t0 =time ()

rf = RandomForestRegressor()

rf.fit(train_selFeat, y_train)

pred = rf.predict(test_ selFeat)

print ("rmse train: : %.2f" % np.sqrt(mean_squared error(y train,
rf.predict(train_selFeat))))

print ("Runtime = %s" % (round(time()-t0,3)})

print ("rmse test: : %.2f" % np.sqrt(mean_squared_error(y_ test,

rf.predict (test_selFeat))))
print ('R2 Variance score: %.2f' % r2 score(y_ test, pred))
print ("MAPE: : $%.2f" % mean absolute percentage error(y test, pred))

# GradientBoosting Regressor

from sklearn.ensemble import GradientBoostingRegressor
t0 =time ()

clf = GradientBoostingRegressor ()

clf = clf.fit(train_selFeat, y_train)

pred = clf.predict(test selFeat)

print ("rmse train: : %.2f" % np.sqgrt(mean_squared error(y train,
clf.predict(train_ selFeat)))

print ("Runtime = %s" % (round{time()-t0,3)))

print ("rmse test: : %.2f" % np.sgrt(mean squared error(y test,
clf.predict (test selFeat)))

print ("MAE: : %.2f" % mean_absolute error(y test, pred))

print ("MAPE: : %.2f" % mean absolute percentage error(y_test, pred))

print('Variance score: $%$.2f' % r2 score(y_test, pred))

# XGBoost

import xgboost as xgb

train_selFeat = train_selFeat.as matrix()
test_selFeat = test selFeat.as matrix()
t0 =time ()

xgbl = xgb.XGBRegressor ()
xgbl.fit (train selFeat, y_train)

pred = xgbl.predict(test_selFeat)

print ("Runtime = %s" % (round(time()-t0,3)))

print ("rmse train: : %.2f" % np.sqrt(mean squared error(y_ train,
xgbl.predict (train_selFeat))))

print ("rmse test: : %$.2f" % np.sqrt{(mean squared error(y test,
xgbl.predict(test_selFeat))H

print ("MAE: : %.2f" % mean absolute error(y_ test, pred))

print ("MAPE: : %.2f" % mean absolute percentage error(y test, pred))

print ('Variance score: %.2f' $ r2 score(y test, pred))
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HAAWENITVNUNEILIU Test dataset 124WATAGNY 7 wanslfifdaneedl 7 Tasafuang

Tumraduan 1 lunsadreunudnaasandaya Training dataset @andnlésinaia

dll ey ¢ = o o e W
NARDULULATEIABNNIARADTLALINUNLNITD 3.3.2

AT 7 WAAYAT RMSE, MAPE, R? uazinani lduaqusiazivnaiia

Method SVR Linear Random Gradient XGBoost
Regression Forest Boosting Tree
RMSE (6u/15) 2.96 3.01 2.47 2.37 2.35
MAPE 36.45 39.22 33.28 33.88 33.82
R? 0.46 0.44 0.61 0.65 0.66
Time (3u1#) 5.61 0.03 0.64 0.69 0.31

1
=

anuanIImaaadaziiulidimatianisinunelaald XGBoost 1#id1 RMSE fisinhign
LATAIALABNIAD Gradient Boosting Tree Was Random Forest s Random Forest 131A1
MAPE A1n91nAilA Gradient Boosting Tree Was XGBoost 918 Support Vector Machineuas

Linar Regression 1uliA R? sinndn 0.5 Bnvia Linear Regression 15A1 MAPE gandumafinau

24
ar o ar

e =< [ :// “ d” as ]
AU TERYER LRNVINADINAUAUNINUIAD

uananBazifiulddnnaiian1miiule Ly Gradient Boosting Tree L4 1a1s13
XGBoost fiAEANAA (RMSE uaz MAPE) finnndtuaziid1 R’ figendnnaiia Gradient
Boosting Tree A% laust Scikit-Learn AufulunisimuimaliansinuneA Ryt unaLan
fon dedaidulyniuuy Regression §Adeavidenldmalia Random Forest uazinafia
Gradient Boosting Tree 1¥1a1i37% XGBoost lunisimunszuusiell famaasi@anueanaia

ATNIUIEAINAN2aza s LNe UL 5
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A1uau 2 M3 e lfidudaddndninatinniminuiangadeldwmuitiunni dus@vinalunis

° Py a o o . & Py M ve 2 = P
wunaawa Taaniminutenliiduusming u (Baseline) s 2 wuuiazlililivnaiiansBaus
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PB9LATAY (non machine learning) 9@ NTaesUNe lAAail

(1) nsinunasananlnaliauanannlsantinisuasnauviinlunt asdmaany Tnese

v
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mnum@wﬂm\mﬁmmmﬂm Baseline-1
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(2) nMainuanandnrediediraresisuidunsd@nm Tnoseaniiidaaedng

talmsFendn Baseline-2
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vrananlaganizirazlifeyaludlad vieldolderade udnfilfarnnisinuneass
Baseline-1 uazitarldfayaludas rargetcrade iluAnldanniminuneaes Baseline-2
{aagautasaaslfin (code snippet) N1 lun1sA19 AN Accuracy 184 Baseline-1 Uax

2
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print ("Accuracy Baseline Yield - YieldOld: %.2f%%" %
(accuracy_ score(Data{'YieldOldGrade'],
Data(['YieldGrade'])*100.0))

o0
N
Fh
[
oe
oe

print ("Accuracy Baseline Target - Yield:
(accuracy score(Data['TargetGrade'],
Data('YieldGrade'])*100.0))

R8I IWLINHARANEAT Accuracy 1B9N1INIUNELINTATANHNANARNERLIBY Baseline-1 UAY

Baseline-2 \aWa1TU1LU Test dataset Az HANWNNAL 51.52% WAL 65.50% ATLANAL

4.2 Random forest based yield grade prediction

uidaludiudll¥ Random Forest Classifier iNainuieinsatesnanansay tnafdqe
TAdgusuuuAIaaIn I TiIuIEuaNe < L udmanisuFauisuAiaugnsieslunimiiune

F9T188s1BATBILARZ LU AR N TR e Tuvihdiatias 4.2.1 — 4.2.4

4.2.1 Random Forest Classifier with Scikit-Learn’s default parameters

LULRI8 89N TR U e NUILAUe TUida Tl 1TasA T uUA AN LA a5 189 Random

Forest Classifier tfluan default inauualiuulausis Scikit-Learn uaz3114 feature nnsnndlu

gadeya TeavdEA1eIATNIIHWeTAN T ArnITauand LA

bootstrap=True class_weight=None criterion='gini'
max_depth=None max_features='auto’' | max_leaf nodes=None
min_impurity split=le-07 nin_samples leaf=1 min_samples_split=2
min_weight fraction leaf=0.0 | n estimators=10 n_jobs=1
oob_score=True . random_ state=None warm_start=False

TR IWUIIRAAWS AT Accuracy U Train Set J@A1 97.67% uaz@i Accuracy LU Test

Set 1A1 68.29% TnailA1 OOB accuracy score A8 64.61%

\{1a9a1nA1 Accuracy Ut Train Set ﬁm"]zgm'm (97.67%) WATHAINHLANANITBIAN

Accuracy U1 Train Set Laz Test set iRaud1enn wuuataasaInaInaafialoyun overfitting

Y ar

d‘ & © Qdaz ar ar e d’l o o ar ar
FeffAdelfinauaisnazannieiudoun overfiting Bluniswmuiuuudaaasluindadalyl

a
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4.2.2 Random Forest Classifier with separate parameters tuning

LLUUAa0In1TRRERTaue lwiiade il azniUufuA wa s Rimaiuan 1 289mATia

Random Forest sasialiil
- n_estimators
- max_depth

- min_samples_leaf

v
& « e o

nguuudtanenuaualuhieil (AdslGnaasslfuasuamisfiwasiazsn uin

a

9

NINNTNTULLLRNA B UATIRRAAIAYNYNGBd lun1Iwe e uLLdIaesTna lfinaTia K-fold
o ao s . a4 dad ,
cross-validation Taaluanuddaiisnladvuen K=5 ufamiazidenananganaasusas

= el o [ Y] . N = 1 J . . o 9/
WATHLeaiAN1i A1 cross-validation score HANNINGA ImaiAn cross-validation score nl4lu

b2
o aad 1

IUIdailAeA1La B AN accuracy LUWLE AT fold 184 cross-validition 1 FUT4T B4

9 as

AMNTIIARS LARZAIININITAUUNAINNTO LARS LAGST)

n_estimators 100-1000 Tmel step Naz 100 (Wia 100, 200, 300, 400, ...,1000)

max_depth 5-50 nel step Moz 5 (V3a 5, 10, 15,..., 50)

min_samples_leaf 2-50 Tngl step faz 2 (‘vﬁfﬂ 2,4,6,..., 50)

] ] . o ar [ [ ¥ y ar J
dautiagansl@n (code snippet) AMUFLNITWAIUNLLLANABITRATNNTOLARS LAAaTL

from sklearn.ensemble import RandomForestClassifier as C1f
from sklearn.model selection import cross_val_score

# n_estimators _

RangeNo = 100*np.linspace (1.0, 10.0, 10, dtype = integer)
DataScore = []

for C in RangeNo:

DataScore.append(cross_val score(Clf(n_estimators = C),X, z,
cv = 5,scoring = 'accuracy'))
DataScore = np.array(DataScore)
mean = np.mean(DataScore, 1)

std = np.std(DataScore, 1)
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n_estimators = (np.argmax({mean)+1l) * 100

plt.gca()

plt.plot (RangeNo,mean,'o-',color="4#117733")
plt.fill_between(RangeNo,mean—std,mean+std,color='#AAFFCC')
plt.ylabel ('Score')

plt.xlabel('n estimators')

plt.show()

#min samples leaf
RangeNo = np.linspace(2.0, 50.0, 25, dtype = integer)
DataScore2 = []

for C in RangeNo:

DataScore2.append(cross val score(Clf(min_samples leaf = C),X,z,
cv = 5,scoring = 'accuracy'))
DataScore2 = np.array(DataScore2)
mean2 = np.mean (DataScore2, 1)

std2 = np.std(DataScore2,1)

min samples_ leaf = (np.argmax(mean2)+1) * 2

plt.gcal()

plt.plot (RangeNo,mean2, 'o-',coloxr="#117733")

plt.fill between (RangeNo,mean2-std2,mean2+std2,color="#AAFFCC")
plt.ylabel ('Score')

plt.xlabel('min_samples leaf')

plt.show()

# max depth
RangeNo = np.linspace(5.0, 50.0, 10, dtype = integer)
DataScore3 = []

for C in RangeNo:

DataScore3.append(cross val score(Clf(max depth = C},X,z,
cv = 5,scoring = 'accuracy'))
DataScore3 = np.array{DataScore3)
mean3 = np.mean(DataScore3, 1)

std3 = np.std(DataScore3, 1)

max _depth = (np.argmax(mean3)+1l) * 5

plt.gcal)

plt.plot (RangeNo,mean3, 'o-"',color="#117733")

plt.fill between (RangeNo,mean3-std3,mean3+std3,color="#AAFFCC")
plt.ylabel ('Score')
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plt.xlabel ('max depth')
plt.show()

print('n_estimators' , n_estimators)
print ('min samples leaf' , min_samples leaf)

print ('max depth', max_depth)

from sklearn.ensemble import RandomForestClassifier as Rafo

clf_rf = Rafo(n_estimators = n_estimators, min_samples leaf =
min_ samples_ leaf, max_depth = max depth, oob_score=True)

clf rf = clf rf.fit(train_selFeat, y train)

print ("Accuracy Train: %.2f%%" %
(accuracy_ score(clf rf.predict(train_selFeat), y train)*100.0))

print ("Accuracy Test: $.2f%%" %
(accuracy score(clf rf.predict(test selFeat), y test)*100.0))

HAAWSEUBIAN cross validation score 2a94LLANAtHaU uUATRINIITLABT
n_estimators, max_depth WAZ min_sample_leaf {UA1519 ] A 1N1T0UAANTIHAZIBE AT
cross validation score (mean score WA standard deviation score) 184 wAATWITIHIRT LAY

A17797 8, 9 uar 10 mNAULazaINITauandluzlaasnsdainndsznay 9 anfaya

14
o =l

ANANUTIN LI ANI8IN T Rmeiia AT cross validation score fiATuNgaLana &l

- min_samples_leaf = 20

- n_estimators = 200

- max_depth=5
waziileninsmsununAnaasdnaialag A1 reensiine fusa s EunuAIng 12

uazlilanagauuLuaaadnnsuluail 13MMu91A1 Accuracy Ul Train Set HA1 72.03% WazAn

Accuracy U Test Set 1A 70.91% TaaiiAn OOB accuracy score Aa 70.62% @azifiuliidn

b 74 ]
'

= PRPE P o o g ‘ g
accuracy HAapauwiNaauiuwuulaasnl4aAn default 184 parameter AN 7] UBANATNULTY
wudnuuLidanaaafildfdoyun overfitting Lila9ainAn Accuracy U Train Set WazA Accuracy

U Test Set laipnaiunnndn
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M1TN 8 TUAZIAAAY mean WA standard deviation 2984 cross validation score 184

WITIHIABT n_estimators

n_estimators mean std n_estimators mean std
100 . 0.70633 0.01087 600 0.70462 0.00863
200 0.70679 0.00851 700 0.70611 0.00990
300 0.70634 0.01030 800 0.70531 0.01067
400 0.70542 0.00955 900 0.70678 0.00990
500 0.70656 0.00857 1000 0.70519 0.01116

AT 9 TEAZIREAAY mean WAL standard deviation 194 cross validation score 189W1TRIABT

max_depth
max_depth mean std
5 0.70633 0.01163
10 0.70474 0.00415
15 0.70188 0.00525
20 0.68774 0.01035
25 0.68454 0.00636
30 0.68363 0.00741
35 0.69139 0.00301
40 0.68751 0.01235
45 0.68180 0.01248

50 0.68214 0.00989




M99 10 T8aZIBEAAT mean WAY standard deviation 9849 cross validation score U84

W min_samples_leaf

45

min_samples_leaf mean std min_samples_leaf mean std

2 0.6939 0.00578 28 0.7093 0.01213
4 0.70508 0.01254 30 0.70211 0.00917
6 0.70577 0.00710 32 0.70942 0.0127
8 0.71135 0.00730 34 0.70816 0.00542
10 0.70976 0.00415 36 0.70302 0.00479
12 0.70725 0.00443 38 0.70405 0.00748
14 0.70839 0.00722 40 0.71044 0.01399
16 0.71226 0.01251 42 0.70234 0.00929
18 0.70622 0.00323 44 0.70588 0.01057
20 0.71295  0.00763 46 0.70645 0.00571
22 0.71284 0.00462 48 0.70519 0.01253
24 0.70302 0.01289 50 0.70074 0.00588
26 0.70348 0.00287
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4.2.3 Random Forest Classifier with Hyper-parameter tuning

Ludaasnsiweiinaue luiieliaraeneseain uundasfiin e luidie
4.2.2 Wavnnsantleyn overfitting Aldnan 5 luindiareunting enanlaaniziazld
wadaluni17dfunwnafwmad (Hyper-parameter tuning) Wil Grid search ugaelun AR
nza AL LD aee Tanalla Grid search HazLlfudmimfiinaising 1 uAnEAInTaNAU
wianiamIuLLuaNsatuazintaAIANgnsiaslunimiuaresuuusataeslag lfmaiia K-
fold cross-validation (K = 5) u,&’qa“@n'a??ﬁmuﬁ@nmmﬂx'iﬁhwqmﬁLmﬂ§ﬁﬁﬁqmﬁﬁﬁ‘lﬁ AN cross-

. . P ° o = 2 3 9 = 2 < o
validation score HAmnga Taan19viIuAINAaLa T uLua IR s o L Taa BandWaridu

GridSearchcv 1841a17 Scikit-Learn

A uFunisiinaiueanaila Random Forest Naziansounludumnau Grid Search Ay

p o o o o o ¥ o w B 2 P - .
L'ViﬂﬂuﬂllLLUU“)'\@?J\‘]WW%JH'\IHV’)‘H@V]LL@') Hunalsznaufigwiaiwmed n_estimators,

ar

max_depth A% min_samples_leaf Iag1129129A NI T HART WA ZAIANINITAUNIAINITD

¥

LA lAAaT
n_estimators 100-400 Tmel step Nae 100 (¥ira 100, 200, 300, 400)
max_depth 5-15 1pel step 1ae 5 (138 5, 10, 15)

min_samples_leaf 10-18 Tne step Niax 2 (Wira 10, 12, 14, 16, 18)

4
o <

doutanaasldn (code snippet) AAMFLNIIWRIUILLILANABIRANITO LA IRATT

from sklearn.model selection import GridSearchCV
parameters = {'max_depth':np.arange(5,20,5),
'n_estimators': np.arange{100,500,100),

'min_samples leaf': np.arange(10,20,2)}

clf rf = RandomForestClassifier()
clf grid = GridSearchCV(clf rf, parameters,scoring='accuracy', cv=5)

clf grid.fit(train selFeat,y_ train)
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print ('The parameters that would give best accuracy is : ')
print(clf grid.best_params_)

print ('The best accuracy achieved after parameter tuning via grid
search is : ', clf grid.best_score )

clf grid = clf_grid.fit(train_selFeat, y_train)
print ("Accuracy grid _search Train: %.2f3%%" %

(accuracy_ score(clf grid.predict(train_selFeat), y train)*100.0))
print ("Accuracy grid_search Test: %.2£%%" %

(accuracy_score (clf_grid.predict(test_selFeat), y test)*100.0))

as

uaawsaaan1rlFuquuundnaadingld Grid search way Cross validation Az 1#i91
lAuuusnansniiAn cross valdation score H1nga TagAN189189WITITLADTIDI LLILIANADY

[ |

AINAND LAANAIT

- max_depth = 10
- min_samples_leaf = 14

- n_estimators = 300

TatiAn cross valdation score ARANNGR (Arfiauldanuanvi3ion "best score_"
18IULLRNADY) A 71.89% waziiiatiuundaassnanlivage training dataset MU test
dataset (712 8iA" accuracy WinfiL 75.31% Was 71.79% ANAIGL Faaziiiulddnen accuracy
11U test dataset TBIUULAIABIT (71.79%) azilAruinndndrilEanuuud aeeiimun i

or

2diafudn (AN accuracy Winfiu 70.91%) Uszuod 1%

UANAINTRLINATNITOUAAY Confusion matrix L&z Normalized confusion matrix 189
WULA1a8d Random Forest AiE11N139N Hyper-paramter tuning WUl grid search Janngaau

as ar & o o d‘v sﬂ” 2 o
ﬂU1@Stdmasetmﬂﬁ“@@WﬁﬂﬁiWﬁuqﬂUWﬂﬂﬂﬂuUU@Wﬂ@QWWWﬂ!ﬂﬁﬂﬂﬂdﬂﬂWﬂizﬂﬂU10
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dnusiagaaslAn (code snippet) AMUFLAIUATUING confusion matrix AINHAANEANN
nasuesuiuasafiiluaineuate (EWef9U confusion matrix 284 Scikit-Learn)
WATAIULRINITUAAY confusion matrix (WNAFU plot confusion matrix) &1H1TAWAASLH

o

dﬂ/
ANU

import itertools
def plot_confusion matrix(cm, classes,
normalize=False,
title="Confusion matrix’,
cmap=plt.cm.Blues):
if normalize:
cm = cm.astype('float') / cm.sum(axis=1)[:, np.newaxis]
print ("Normalized confusion matrix")
else:
print ('Confusion matrix, without normalization')
print (cm)
plt.imshow{(cm, interpolation='nearest', cmap=cmap)
plt.title(title, fontsize=16)
plt.colorbar ()
tick marks = np.arange(len{classes))
plt.xticks(tick marks, classes, rotation=45, fontsize=16)
plt.yticks(tick marks, classes, fontsize=16)
fmt = '.2f' if normalize else '4d’
‘thresh = cm.max() / 2.

for i, J in itertools.product (range(cm.shape([0]),
range (cm.shape([1l])):

plt.text(j, i, format(cm{i, 3], fmt),
horizontalalignment="center",

color="white"” if cm[i, j] > thresh else "bklack",
fontsize=16)

plt.tight layout()
plt.ylabel ('True label', fontsize=16)
plt.xlabel ('Predicted label', fontsize=16)

# Calculate the confusion matrix
cnf matrix = confusion_matrix(y_test, pred)

# Plot the confusion matrix
np.set_printoptions(precision=3)

Class = [1,2,3]
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# Plot non-normalized confusion matrix
plt.figure()
plot_confusion_matrix(cnf_matrix,halass,
title='Confusion matrix, without normalization')
# Plot normalized confusion matrix
plt.figure()
plot_confusion matrix(cnf matrix, Class, normalize=True,

title="'Normalized confusion matrix')

J o 1 o ar 1] H 1} o

UANATNULTIZTNITOATUIUUIATIAITNATA Y TRIUA RS feature AR FABULILIANADY
(feature importances) o lfuannidas "feature_ importances " VAIULLIRATAD (mﬁm
R o -:;9/ ' . Q'

RandomForestClassifier) L Scikit-Learn InaitinAn feature importance 184 feature la &4

9

fANINAzLAnNSIN feature HUAEHAMNANATYABNITRIUIETILLLANGDY TALNAANEAD
. ] © d o ar J ] ar
feature importance 4124 feature N4 ] 129uUUA1ABINRM U TuTadeTlatunrausnaléina
d < i A o o J .

nwdsznay 11 Teaziiiuléidn TargetGrade aziilu feature NAMNANA YNNG A FaeiAn
importance Af 0.60273 uaz FarmerContractGrade az@1Aaiuddusesaslufonan

importance Aa 0.22070

naWLARIAT Feature importances 21a3MAllA Random Forest

H H i

TargetGrade ; g . . ) 0.60273
FarmerContractGrade 3 0.22070
ContractsArea [—_3 0.05302
Area_Remain T3 0.03336

Distance [3 0.0221%
Rain_Vol 33 0.01935
YieldOldGrade [3 0.01931
Fertilizer B 0.00702
WaterType I 0.00586

Class_Cane ; 0.00353
TargetOldGrade ¥ 0.00341
GrooveWide ) 0.00285
EpidemicType* ? 0.00194

Type_Cane 1 0.00144
ActionWaterType - } 0.00139
FertilizerType 0.00134
TypeSoil 0.00065

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70

nntlsznay 11 nsWUARIAN feature importances 183UAAE features 71189ULILIAA89 Random

A o v
Forest 1 Hyper-paramter tuning
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duFudautiaaaaslia (code snippet) NNIN1TATUITUAN feature importance T4

. o
lausit pandas untaelun sdszunana aunrauane LG

import pandas as pd

feature_importances = pd.DataFrame(clf rf.feature_importances_,
index = train_selFeat.columns,
columns=["'importance']).

sort_values('importance',
ascending=False)

4.2.4 Random Forest Classifier with Forward Feature Selection and Hyper-parameter

tuning
° o e o Py e Y v oo o 9 1
wuUA1IaaIn1iwe 1imatia Random Forest Classifier nléinaualuindaneau
% d’, 2 dld ] 2/ b o ar & [] J’/Q ar °
ulinil ALy n features Mg ludeyanlilunimituie luiddadesiiduariniauanisg

Walunuustaasn i imatia forward feature selection LiWauI features UANTINHAGANITR U

wdnaanlfianwnz feature aniusauiumaila hyper-parameter tuning ln1T85190LLA 284

1 4
<

ar o <2 3 o ¥ ¥
@aﬂﬂ?wuludqum@anHMiuuuuqﬂ@@qvnyumuﬂluuqmﬂmgmﬁuﬂinuamqlugﬂuuu

Pseudo-code laa#nadsTansidundAyaaslausi? Scikit-Learn 166 Algorithn 1 Ing

P N dl o o & «ll ¥ oo =3 .J o %
AWM forward feature selection NN muﬂiumm'au"l,m AudasainuuaAnninana luauiay
(17]

Algorithm 1: RF model training with Forward Feature Selection and Hyper-
parameter tuning

Input: Training data: X=features, Y=class label, F=set of features

Output: Trained model: best clf and best hyper-parameters: best params

H clf 1, params_1=GridSearchCV(RandomForestClassifier(),X{F],Y)

impVal = clf 1.feature_ importance ()

2
3: F=sort descending(F, impVal)
4: So={}
. 5: for i=1 to |F|
g

7

8

9

Si = Si1 v VVF[i} - -

7: .  clf = RandomForestClassifier(params_1)

e lScore[1]=cross_valJ_ datlon_ score(clf,X[Sl], Y) e
end for . e T e e e e
10 R argmalealScore[l]

' 11: ' best_clf,best_params=GridSearchCV(RandomForestClassifier(),X[Sx],Y) .
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At A1AB U IBIBANBINNTBIN1TAT I ULUR1aaalaa lEinATia forward feature

. - y o L
selection @x1TnaRLNE LHAIT -

i. Tne#ine@e Pseudo-code AUTTVA 1: FANEINNAZTRINITINIUULLANAB9289 Random
Forest Classification Tmﬂ'lfﬁ‘lqn feature Uaz N1 Hyper-parameter tuning §ineRa Grid Search Tng

Az lfuuusNaesiunuAte cif_1 WAL A1289 parameter TBILLILANRBINANGAAz LT

U

params_1

i. Tnad14849 Pseudo-code NUTIVA 2: AANBTNNALNINITATUIUNRAA feature

ar

N ' g ¥ & 9/-=; .
importance 1a4usas features tnanuualiiivlisauls impval

iii. Ina81989 Pseudo-code NUTIYIA 3: AANGINNAHINTTENAALIANAINANATY LB WA

az features anunlutias TeantuualiAulinsauls F

iv. lpaf198e Pseudo-code LT 5-9: daneainuazaugLliiin feature Wnnnfiazenaslu

Wim S, mANAAUAT feature importance NlfAINTuRaUTILEY UAIAINTULITIAZINTUNLILANADY
[% oo < P g 2 = P JRITIPY - ar

andiayan iienzga feature wdn S, 1 uazliAwamiwe? cif 1 Aldludumnauln (Ui

1) Tun17MINLLL41889 Random Forest Tnan1sissiiunadiuuu|aIaesngnaiiaaingm

feature S, ilA1 accuracy (uatnels tazldinalia K-fold cross validation Taazin 118N

cross validation score (AN1a A8 184 accuracy buuaas fold) Inan1vualuAuliAdaul s

ValScorel[i]

v. lpad19849 Pseudo-code NUTTHA 10: 131az1aantdmua feature AN cross validation

score HAungn Inaanfinindnues feature fananana S,

. ) %4 = d’ o o 3 T v e‘ 9
vi. 1aei81984 Pseudo-code NUssvin 11: Nnasmsunuudnaed ludandeyanliianizan
feature Tude S, U Tazludunaunirmruuuuataesil azldwmaiian Hyper-parameter tuning
. e o R : o edo asuy o da
WU Grid Search $aufiLINNTMN Cross Validation iaAuuntAwisimasnni il uuudnaasiil

AN Cross Validation Score 444n

o - P - . i = I3
TmﬂWﬂi"mLﬂ’ﬂ?ﬁ@:W@ﬁi‘mﬂiu"ﬂuMQu Grid Search U ﬂ?ZﬂﬂUﬁ')ﬂW'\?qNLm@T
n_estimators, max_depth, min_samples_leaf Waz max_features 1aei199989A NI HIADT WA

as d‘ ° 2 2 o J
ﬂﬁﬁl’lﬂﬂqﬂ’]?ﬁuﬁ’]ﬁqﬂ’\?ﬂLLZQDNVLC'WEN‘L!
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n_estimators 100, 200, 300, 400, 500
max_depth 5,10
min_samples_leaf 10, 12, 14, 16, 18
max_features ‘None’, 4, 5, 6

dautasaasl@an (code snippet) a1n algorithm lud21999n1591 forward feature

. . Y o o
selection and Hyper-parameter tuning aunraudnalissil

from sklearn.ensemble import RandomForestClassifier as Rafo
from sklearn.model selection import cross_val score as crovasco
X,z = Train([Features], Train.YieldGrade

XX,zz = Test[Features], Test.YieldGrade

rafo = Rafo(n_estimators = 300, min_samples leaf = 14,
max_féatures =4, max_depth = 10)

rafo.fit (X, z)

rafofi = rafo.feature importances

feature_importances = pd.DataFrame(rafo.feature importances ,
index = X.columns,

columns=['importance']).sort values('importance',

ascending=False)

Xsort = X.iloc[:,rafo.feature_importances_.argsort()[:—17:—1]]
X.columns = X.columns.str.strip()
plt.barh(np.arange(17),rafo.feature importances )
plt.yticks{(np.arange(l7),X.columns,rotation=45)

plt.shéw()

riang = rafo.feature_importances_.argsort () [::-1]

RafoCross = []

for i in range(1l,18):
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RafoCross.append(crovasco(Rafo (max_depth=10, max_features=
None, min samples leaf= 14, n_estimators=
300), X.ilocl[:,riang(:1i]],2z,cv=5))

RafoCross = np.array(RafoCross)
mean = RafoCross.mean(l)

std = RafoCross.std(1)

plt.plot(np.arange(1,18),mean, 'o-"',color="#117733")
plt.fill between (np.arange(l,18),mean-std, mean+std,color="#AAFFCC")
plt.show()

#fwun feature sminnuzes feature #lidimean ‘mﬁﬂ,m
k=np.argmax (RafoCross.mean(1l))+1
train_selFeat new= X.iloc[:,riang[:k]]
test_selFeat new= XX.iloc[:,riang[:k]]

print (test selFeat_new.head)

y_train = z

y_test = zz

parameters = {'min_ samples leaf':[10,12,14,16,20],

'max_depth': [5, 10],
'n_estimators': [100, 200, 300, 400, 5001,
'max_features': ['None’,4,5,6]}

from sklearn.model selection import GridSearchCV
from sklearn.ensemble import RandomForestClassifier
clfg = GridSearchCV(RandomForestClassifier (), param grid=params)

clfg.fit(train_selFeat new, y_ train)

# summarize results

print ("Best: %f using %s" % (clfg.best score_, clfg.best params_))
print ("Accuracy grid search Train: %.2£%%" % (accuracy_score(y_ train,
clfg.predict(train selFeat new))*100.0))

%3%" % (accuracy_score(y_test,
00.0))

print ("Accuracy grid_search Test: %.2f
clfg.predict(test selFeat new))*l

[
ey

NAAWSUBIDANBINNAZWLAN A1 mean cross validation score 189LFAAZLEAAINNTLAN

=&

features W lURazmauATuIuua wudnuuuanansild feature TENAINAIALANAIATYDY
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as

AL 12 a=lfiAn cross validation score HINTAGA A 0.70591 AIUTOUAAIINLAZIBE AR

b

A17197 11 wazuaasnaaenandsznay 12

A17149 11 WARAYAN feature importance WAZAY mean validation score aMNNNTLANTAL features

Mean Validation Score
Feature name Feature importance value
(after adding the feature)

TargetGrade 0.60273 0.66374
FarmerContractGrade 0.22070 0.69577
ContractsArea 0.05302 0.70264
Area_Remain 0.03336 0.70208
Distance 0.02211 0.69649
Rain_Vol 0.01935 0.69864
YieldOldGrade 0.01931 0.70232
Fertilizer 0.00702 0.70367
WaterType 0.00586 0.70511
Class_Cane 0.00353 0.70503
TargetOldGrade 0.00341 ' 0.70511
GrooveWide 0.00285 0.70591
EpidemicType 0.00194 0.70487
Type_Cane 0.00144 0.70495
ActionWaterType 0.00138 0.70487
FertilizerType 0.00134 0.70511
TypeSaoll 0.00065 0.70407
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0.72

0.71

0.7

0.69

0.68

0.67

0.66

0.65

Mean Validation Score

0.70591

M——O——C e o <> - o
2 .3 4 5 6 7 8 9 10 11 12 13 14 15 16

3 & a & o ar
UUADS feature VEWHAURTNRIAL

nwilsznau 12 nsanuandmn mean (cross) validation score ANNITLANTRY features

b2

s rA ﬂ’.: | 5’: s o o | . 1
AMUAANETI 51U feature Ngnidanivieuna 12 famuanduiléanliud TargetGrade,

FarmerContractGrade, ContractsArea, Area_Remain, Distance, Rain_Vol, YieIdOI.dGrade,

Fertilizer, WaterType, Class_Cane, TargetOldGrade Waz GrooveWide

] o 4 4 -:l" ] .
{PENUATBINI TN Grid Search Lﬁﬂt’?‘vﬂnﬁ A 12 feature T az1EAN cross valdation

| 1 1 A 1 oy en & i
score NHANINGR (APEulianuanviItaf "best_score " UBIULLANADG) Aa 71.83%

¥
o o

1A8IAN DN BINIT IR DT UBIULLIANABAINEID WARASAITL

n_estimators = 100
max_depth = 10
min_samples_leaf — 14

max_features = 6

Watuuudnaaesananalinaaay training dataset fU test dataset 1712z 15 AN

accuracy WinfiU AB 75.83% WAL 71.88% AINA1AU 1mel confusion matrix WaE normalized

confusion matrix m@gmﬁﬁmmaanmiﬁmn test set a7WTHO LL’&ﬂ\ﬂﬁéﬁﬂ’]Wﬂi‘tﬂ’ﬂU 13

o & a ' < ] 1 ° &
AMNUAANEAINEAZITUFd AN accuracy Uu test dataset 1aIULLINAAIU (71.88%)

a ' ' dl | 74 o -=: ar o ¥ d' 2 =3 v ] o J
@:Nﬂ’]&l’mﬂ'}nﬁ’TVliﬂ‘i']ﬂLLUU’Q’]@@\WIWWH’]IHMQ?I@VILL@’JLﬂﬂu’ﬂﬁl (71.79%) WALLILISTA BN UL
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Liamnd1AaAn n_estimators = 100 UN18D9 419U decision tree TUNLILIANaHRENT 1WA

1 feature Tunisinuretieandn wildan Accuracy IndAeariu

Confusion matrix, without normaltization

-1260

£

29

- £00

True [a_bei

400

sf w0 230 197 "

Predicted label

Normalizedt confusion matrix

-5

0.4

True labél

£

Lol

‘Predicted label

nwisznau 13 Confusion matrix waz Normalized confusion matrix annmaila Yield grade

prediction using Random Forest with Forward Feature Selection and Hyper-parameter

tuning
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4.3 Gradient Boosting Tree based yield grade prediction

Tudetisasinguan e uudiaainisinuelaalfimaiia Gradient Boosting
Tree Classifier 181U XGBoost {ifeiurtAfauLls YieldGrade Tnf3dediniaue
LUUANARINITRIUIUANE ] WUy Tudnsusidieaiunisa51auuudnaeesnisinuialaa 14
Random Forest Classifier lutiadia 4.2 uisdsinnaufiaudaudanugniiesluniminuig gq

TNHUAZDYATBIUF B ULLANABIA NN TRt U e i det ey 4.3.1 —4.3.3
4.3.1 Gradient Boosting Tree Classifier with default parameters

o © H o o J o 1 - "
uUUQﬁ@ﬂQﬂW?WWuﬂﬂﬁuﬁLﬂuﬂluﬁﬂ%@u LTINTUUAAINITINLABTTDY Gradient
Boosting Tree Classifier ({uan default #nuualiuulausit XGBoost (XGBClassifier) 4azis

14 feature ne7H lugadays TeazREATIBIANITRABTFAN ] amnsauanelFasil

base score=0.5 colsample bylevel=1 - colsample bytree=1
gamma=0 learning rate=0.1 max_delta step=0
max_depth=3 min_child weight=1 n_estimators=100
missing=None objective='binary:logistic' | scale pos_weight=1
seed=0 scale_pos_weight=1 subsample=1

AT INLIHAANWEAN Accuracy 1 Train Set A1 72.74% was A1 Accuracy LU Test
Set A1 71.07% HB9AINANNLANATIIR9AT Accuracy LU Train Set was Test set AAaudng
e wuudataassanaaasldifiailngul overfiting at1vidulunsiinaasuuua1aas Random

Forest Classifier #14A1 default parameter luvinda 4.2.1

4.3.2 Gradient Boosting Tree Classifier with separate parameters tuning

b4 dv o

wutsnaeentinwentsueluiadelt inardfuAiwisfiimeiuan qreanaila

Gradient Boosting Tree Classifier sasa 1y

n_estimators

max_depth

learning_rate

min_child_weight
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Taats1 1438 Raadunsiin 14 1 mATia Random Forest Tuiindia 4.2.2 TuRanaaa

dFuulaaudwmilineiiacsa wdaianismsunuudtaesuazdanadaiaaugnéiaslunig

iuneaasuuudnaedlaslimaiia K-fold cross-validation (K=5) ufaisazidanAnanganaes
usiaznnTlee ANl A1 cross-validation score HANNgA

o ar 0 U “n & 1 o IO vd’l
ﬂWM?UﬁQQﬂﬂGﬂWWﬁ?WNLﬁ@?uﬂﬁzmQﬁﬂqﬂﬁiﬁuﬂﬁﬂﬂmﬁiﬂuﬂﬂﬁiﬁmdu

n_estimators 100-1000 a8l step sz 100 (viTe 100, 200, 300, 400, ...,1000)
max_depth 2,4,6,8,10
learning_rate 0.1,0.2,0.3,04, 0.5

min_child_weight 1,2,3,4,5

2
¥ as

duslaeradl@n (code snippet) AMUTLAIRRIUILLLIANaaTla NN TaLana LHmail

# n_estimators
RangeNo = 100*np.linspace(1.0, 10.0, 10, dtype = integer)
DataScore = []

for C in RangeNo:
DataScore.append(cross_val score(xgb.XGBClassifier(n estimators=C)
,X,z, cv=5, scoring='accuracy'))

DataScore = np.array(DataScore)

mean = np.mean(DataScore, 1)

std = np.std(DataScore, 1)

plt.gcal()

plt.plot (RangeNo,mean, 'o-",color="#117733")

plt.fill between (RangeNo,mean~std,mean+std,color="'#AAFFCC')
plt.ylabkel ('Score')

plt.xlabel('n estimators')

plt.show()

# learning rate
RangeNo = np.linspace(0.1, 0.5, 5)
DataScore2 = []
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for C in RangeNo:

DataScore2.append(cross_val_score(xgb.XGBClassifier(learning rate=
C),X,z,cv=5,scoring="'accuracy'))

DataScore2 = np.array(DataScore?2)

mean2 = np.mean(DataScore2,1)

std2 = np.std(DataScore2,1)

plt.gca()

plt.plot (RangeNo,mean2, 'o-",color="#117733")

plt.fill between (RangeNo,mean2-std2,mean2+std2,color="#AAFFCC")
plt.ylabel {'Score')

plt.xlabel('learning_rate')

plt.show()

# max depth
RangeNo = np.linspace(2.0, 10.0, 5, dtype = integer)
DataScore3 = []

for C in RangeNo:
DataScore3.append(cross_val score(xgb.XGBClassifier (max depth=C),

X,z,cv=5,scoring="accuracy'))
khanae3 = np.array(DataScore3)
mean3 = np.mean{DataScore3, 1)
std3 = np.std(DataScore3, 1)
plt.gca()
plt.plot (RangeNo,mean3, 'o-',color="#117733")
plt.fill between (RangeNo,mean3-std3,mean3+std3, color="#AAFFCC')
plt.ylabel ('Score')
plt.xlabel('max_depth')
plt.show ()

# min child weight
RangeNo = np.linspace(1.0, 5.0, 5, dtype = integer)
DataScored4d = []

for C in RangeNo:
DataScore3.append{cross_val score{xgb.XGBClassifier (min_child_weight =
C),X,z,cv=5,scoring="accuracy'))

khanae4 = np.array(DataScored)
mean4 = np.mean (DataScored,l)
std4 = np.std(DataScored, 1)
plt.gca()
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plt.plot (RangeNo,mean3, 'o-',color="#117733")

plt.fill between(RangeNo,meand4-std4,meand+std4,color="#AAFFCC")
plt.ylabel ('Score')

plt.xlabel('min child_weight')

plt.show()

HAAWETAIAN cross validation score 194ULLAN AR AL FUAYIaINA T TS
n_estimators, learning_rate, max_depth A< min_child_weight vHuA s T RIHITOUAA
TNUATIDY AR cross validation score (mean score WAz standard deviation score) ARILANE
WL aFlHiAIA1719 12, 13, 14 uaz 15 AaNAdULaza NITouansluglaasnsveas
ndsenau 14 'aqn%@gaﬁqndﬂqmwudﬂmmmwwmﬁmefﬁ'ﬁﬂﬁm cross validation score

J & ar ‘J’
ANNINGAUAAS 1A

- n_estimators = 200
- learning_rate = 0.2
-  max_depth =4

- min_child_weight=2

iHiavinnismsuuuudiassanalng laemiinesudasffidunLfnauaziiie
nagaLLULSIaa9TnInluaid (3wudnan Accuracy UU Train Set NA1 72.23% WAz AN
Accuracy U1 Test Set HA1 70.91% HeuFaumReualiiu el Accuracy UU Test set 784
LUL419897 14 A1 default parameter 184 latis13 XGBoost (71.07%) azifiulddinisinsu
uuusraaen1rdiun s lweifasiaas linaaniAl accuracy #itlanna

v
L |

. ' & &
Aautiasraalin (code snippet) innauludautiannnronanalimnei

import xgboost as xgb

xgbl = xgb.XGBClassifier (learning rate=0.2,n estimators=200,
max_depth=4, min child weight=2 )

xgbl.fit(train_selFeat, y train) .

print ("Train Accuracy: %.2£%%" $
(accuracy_ score(xgbl.predict(train selFeat), y train)* 100.0))

print ("Test Accuracy: %.2f%%" %
(accuracy_score(xgbl.predict(test selFeat), y test) * 100.0))
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ATIY 12 TIERZIBEMAY mean score WAT standard deviation score 184 n_estimators a4

Gradient Boosting Tree

n_estimators mean std
100 0.71158 0.00458
200 0.71512 0.00452
300 0.71113 0.00552
400 0.70713 0.00468
500 0.70611 0.00697
600 0.70303 0.00810
700 0.70086 0.00728
800 0.69858 0.00484
900 0.69607 0.00358
1000 0.69549 0.00374

AT 13 TNERZRUAAN mean score WA standard deviation score 289 max_depth 284

Gradient Boosting Tree

max_depth mean std
2 0.71398 0.00563
4 0.71455 0.0052
6 0.70964 0.00742
8 0.70314 0.01045
10 0.69572 0.00827
12 0.68968 0.00691
14 0.69047 0.00704
16 0.68819 0.00375
18 0.68865 0.00453
20 0.68831 0.00397




64

A3 14 LWARNIIEAZIBEAAT mean score WAT standard deviation score 284 learning_rate

184 Gradient Boosting. Tree.

learning_rate mean std
0.1 0.71158 0.00458
0.2 0.71318 0.00444
0.3 0.70930 0.0053
0.4 0.70473 0.00588
0.5 0.70131 0.00318

ANTIN 15 WAANTNEIAZIRLAAT mean score WAZ standard deviation score 184 min_child_weight

1484 Gradient Boosting Tree

min_child_weight mean std
1 0.71158 0.00458
2 0.71272 0.00606
3 0.71227 ‘ 0.00493
4 0.71215 0.00469
5 0.71238 0.00609
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4.3.3 Gradient Boosting Tree Classifier with hyper-parameter tuning

wuuanaesnisnauianiaueluiadafas limaiialunisdfunwisliwmes (Hyper-

parameter tuning) WU Grid search tngqalun1swiARnunzan lun1TImsuLLLA aadLNean

[l
ool o

Teyuninifia overfitting Wiwdgaiuaaniaualuida 4.2.3 duiLnaila Random Forest

wAlA Grid search HazdfudAInatfmeising - uanafanfauiuuioiininnu

wuUAtaatnazdananiaNgnFiadlun1iiutsgeuuusaeslanalinaila K-fold cross-
o ¢ em _a . o edad  do as | o

validation (K = 5) Tnedane3NNAsIaanIA1eA NI Hnenanganvinlii A1 cross-validation

score ﬁﬁ"m’mqm

AvFunnafwmefuazdisaesAamislieaiaaunaila Gradient Boosting NazRansaun

v
o =

Tudumau Grid Search @1:1150UARAS LFAIL

n_estimators 100-500 Tm_l step 17';@: 100 (Mdi‘ﬂ 100, 200, 300, 400)
max_depth 2-10 Taes step V;ﬂ:‘, 2 (Vita 2,4,6,8)

learning_rate 0.1-0.4 Tnel step Miaz 0.1 (W3 0.1, 0.2, 0.3, 0.4)
min_child_weight 2-10 Toe step 7;@: 2 (‘Vﬁﬂ 2,4,6,8)

L
o

dousinagesl@An (code snippet) AMUFLNTRRIRALLLAN G TaN NN TOLaRe LAATTL

from sklearn.model selection import GridSearchCV
parameters = {'max_depth':np.arange(2,10,2),
'n_estimators': np.arange(100,500,100),
'min_child weight': np.arange(2,10,2),
'learning rate': np.arange(0.1,0.4,0.1)}
xgbl = xgb.XGBClassifier ()
clf grid = GridSearchCV({xgbl, parameters,scoring='accuracy', cv=5)
clf grid.fit(train_ selFeat,y train)
print ('The parameters combination that would give best accuracy is : ')

print(clf grid.best params )
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print ('The best accuracy achieved after parameter tuning via grid
search is : ', clf grid.best score )

print ("Use Random Forests Classifer and Gridsearch")
clf grid = clf grid.fit(train_selFeat, y train)

print ("Accuracy grid search Train: %.2f%%" %
(accuracy score(clf grid.predict(train selFeat),
y_train)*100.0))

print ("Accuracy grid search Test: %$.2£%%" %
(accuracy_score(clf_grid.predict(test_selFeat), y_test)*100.0))

o 'y

naswsradn sl iuauuuudnaadlaeld Grid search uaz Cross validation azin19is14

Al
o =
ULILRTADIN

2
o ol

%17 238

#A1 cross valdation score 8¥n4a TneIANB9199W 1 AABTIBILLILAN1ABIAINATD

- n_estimators = 100
- learning_rate = 0.1
-  max_depth=4

- min_child_weight =4

TneiAn cross valdation score iAMINgR (ANEUlHa NLaAVTTNE "best_score ™

TAIUULRNABY) A 71.54% uazl Uatiuuudanaassinatalinaaay training dataset fu test

dataset 11z 1§A accuracy WL 74.28% uaz 71.71% Anuadu Teaifiuléidadn accuracy

LU test dataset VRILLLANABNT (71.71%) azilArurnndaafilfainuuudnaasnwemunlu

]
2 =

Fodiah 4.3.1ua24.3.2 T9ldA1 accuracy WU 71.07% WAz 70.91% AINAAL

! v v
o o

{mgl Confusion matrix VEYHAANWENITNIUIELN TALBIULILSNIARAINWAUITUTIUY Test

dataset wanslisianwilszney 15



Confusion matrix, without riormalization

1200,

N

30

Trué label

- atie

PE U [ 229 198

Predicted iabel

_Normalized confusion matrix

0.00.

65

0.02 o

o

Koz

&, 3
H1

Predicted label

nwisznau 15 Confusion matrix way Normalized confusion matrix -anmatia Gradient

. a ‘51 o .
boosting tree lHaN1 Hyper-parameter tunning
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u@ﬂmni{maqmimﬁiﬁmmmmmméqﬁ’mmmu,m'@:: feature Al AaULLS 8B
(feature importances) lae 1fuamv3iiaf "feature importances " UASULLANARY (1A
XGBoostClassifer) AUt XGBoost Tnafifindn feature importance 224 feature 1m fail
ATNINAZUAMANIN feature ﬁu@:ﬁmmé'}ﬁ’mﬁiﬂmiﬁﬁmmmLmuﬁmm IneIaans AN feature
importance 284 feature 54 °] resuLudreesiwaunluindet] anrouanddsanmsznay
16 Feaziiiulédn TargetGrade az\iu feature ﬁﬁﬂmuﬁ’lﬁ’fyu’mqm (A1 importance =

0.208476)

dautiaaaaalAn (code snippet) MNIN1TATUITUAN feature importance 3414 1a1i747

;4
ar o

pandas ung2elun1sLszutana a1uTnuand linail

import pandas as pd

feature_importances = pd.DataFrame (xgbl.feature_ importances ,
index = Train[Features].columns,
columns=['importance']) .sort values('importance',
ascending=False)

ns 1 wanIA" Feature importances 1asinalin Gradiant Boosting Tree

TargetGrade : ~1 0.20846
YieldOldGrade ; ) 0.18546
ContractsArea } 0.17012

Distance 1} 0.09855

Area_Remain 1 0.0710D

Rain_Vol [———"""7"7773 0.05453
FarmerContractGrade [T———3 0.03323
Class_Cane [C——7) 0.02869
TargetOldGrade [T""7] 0.02556
GrooveWide [T/ 0.02244
Fertilizer [T233 0.01903
EpidemicType [T 0.01846
WaterType ::l 0.01761
Type_Cane I3 0.01590
TypeSoil 3 0.01477
FertilizerType [ 0.00909
ActionWaterType I3 0.00710

0.00 0.10 0.20 0.30

nanUsznau 16 wansAn feature importances 1aNWARE features 284 Gradient Boosting Tree
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UNN 5

ANSWRIUNSZUUNNTTUNUSH iR an AR aas

Ji/a as = = o ] a LY .
Tuunil AN BArAT U TISAZIAYATAITEULNITN WIS ANT N U BN ARN AR A D 8l (Yield

. . d’ as . as n‘ 1 % o 9 -=1 Qe as 2 & Adl
value prediction) F4dmiutloyuiuuy Regression savina1auuadalutiadien 3.3 faduliiaen
Wanuszuutaal¥dane3iu Random Forest Regression Ngnwmuntiulausid Scikit-Learn

uazlidane3nu Gradient Boosting Tree Regression 284181375 XGBoost
g

° < [ [ ° a .
5.1 mimmﬂﬂ"l%’ﬁ]uu's'swmgﬂuﬁ'msumsmmﬂﬂ?mmmmmamamé’aﬂ (Baseline for
Yield Value Prediction)

P £ 3 o ° | [ 4 o = ar d”
ﬂ’]’il,lﬁ‘ilfuL‘V]F;ILIﬂ’J'INQﬂﬁl’stLuﬂqTVI'WH’]EI?J'ENL‘I/Iﬂuﬂﬂ’]‘i‘Vl’]u’]ﬂVlllﬂQﬂWﬁNuWeLu\ﬂu'mﬂu

o

fAduasinlfFeuiiaudvdaiudiaugniiesniminuienldiduussingau (Baseline)

o 1 <l ar as &da: ¥ o b 74 o Y o : Aﬂl 2/ ar
AU 2 67 WuReduALIE N LG uta i luide 4.1 Tmﬂma‘mumwhLﬂum?wmgﬁu

124

=e

. a?’ Y v v ) =l U -d; N . 4!
(Baseline) M4 2 LLuuu@:'lu”lm“lmmﬂumma‘uﬂugﬁmumm (non machine learning) T4ATNTD

ar

rTRBEIGTES

=

(1) nsnunsuananiag laruanannldantnisuanneuntinlundaadansu tnasa
Foa o Y = Py ' .
@’mug’m‘f;l‘ﬂ'aﬂ’mmiﬁmiﬂnfl’l Baseline-1

@
[ 124

(2) nMsnuneuananaasdiedirazeslnuidunsdifng lnasaainfigidaaesig

talme@anin Baseline-2

< ' N 2 v - 3 1 d‘ } % o
wrananlnglanizisazlifayaluilas vieldoid iludrnliainnisinunsaey

Baseline-1 uaziracldfayaluilas vieldrarget iludrfilfiaannisinuiaees Baseline-2

v
o < e

< o 2 = . 2 | << ]
tesanluideftduiauinuy Regression trazldfiainnuansdam1A1u

'

ARIALARDY (Error) T¥1419A1439999 Yield (actual yield value) fuA1dvinunelfiaes Yield

-3
(% (% =

(predicted vield value) Tslfatunalludqluinde 2.3.2 fast1aawrnddnniand wiw RMSE,

MAE, MAPE uaz R*flusiu anunsauasedusiosaasiin (code snippet) flilun1saiuanian

¥
=

RMSE 184 Baseline-1 Wax Baseline-2 l#a4
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print ("Baseline 1")
print ("rmse Baseline Yield - YieldOld: $%.2f" %
np.sqrt (mean_squared_error(Data['Yield'], Data['YieldOld'])))
print ("Baseline_ 2'")
print ("rmse BaselLine Target - Yield: %.2f" %

np.sqrt(mean_squared_error(Data['Yield'], Data['YieldTarget']l)))

AT INLINHAANEAT RMSE 209019171 UN8 ALTHN U4 ANAREa81 989 Baseline-1

uax Baseline-2 LLAWATUILIU Test dataset aRNA WAL 5.02 uaz 2.60 siw/ld aaudtsu

5.2 Random forest based yield value prediction

uAFe lugdauilld Random Forest Regressor tWanunaA1liununandandas Tns

3

fAdalftiausuuusnaaanIsiIeuant < uu udaianisfFeuieuAianaaIaAdaL

(Error) TUn11%M1une T9reazidanzeusasiuusnaasannraesune luvindadan 5.2.1-5.2.4
5.2.1 Random Forest Regression with default parameters

LULAYABIN1 TR UNE N aUa W9l 19122 UUA AN TINLABSUBY Random

o

Forest Regressor tJuA default Anuualiuulausid ScikitLearn uazisnld feature nn T

v
o <

lugpdaya Meaz@uaTedAINITIlwaiEg < a1unsaudna sl

bootstrap=True, criterion="mse', max depth=None,max_ features='auto',
max_leaf nodes=None, min_impurity split=le-07, min_samples_leaf=1,
min_samples_split=2, min weight fraction leaf=0.0, n_estimators=10, n
n_jobs=1, oob score=False, random state=None, verbose=0,
warm start=False

{agsmmudinadwsrasuuuanaasil azlfiA1 RMSE U Training dataset uay Test
dataset @@ 1.03 uaz 2.47 fiw/l3 mindsu wazliAn MAE A 1.713 w13 uaz MAPE Aa

33.28% Las HA1 R? Aa 0.61 TagAadsanatiluAnlfainniimagaeuyy Test dataset

\Hea3a1nA1 RMSE 1y Training dataset AAINI1A1 RMSE Ly Test dataset

P as

. b3 o ar 1 =S = - .ﬂ! & © add‘ ar ar
ABUTINHNIN LLUU’Q’]@’EQ@Gﬂ@W’JQQLﬂﬂﬁI‘Qﬂ’] overfitting "INN'J"iilllﬂqu’&u'ﬂ')ﬁquqﬂﬂ']?ﬂU

a

Toyun overfitting Wlunswmuiuwuustaasluvadiadaly
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5.2.2 Random Forest Regression with manual parameters tuning

wuudnasenisinneiiiaueluindiet] asinisUiudwamimeiudn 7 rednAiln
Random Forest Regression 18un n_estimators, max_depth WAL min_samples_leaf L‘Wlﬂ
weneAazamtlyw overfitting firndu Trelimaseaasuamisfinesmantiludiils
mnn’n‘ﬂ{uwnﬁﬁt,mi‘mmLmu'ﬁmmﬁiﬁmnmiﬁﬁ Hyper-parameter tuning 284 Random

Forest Classifier nl&asunelilusinda 4.2.3 FaAwiraimassiananasiasasalll

- n_estimators = 300
- min_samples_leaf = 14

-  max_depth =10

b 24
o

Aqusiesueslfin (code snippet) AMFLANTWAILILLILIA1ABITAT NI TaUAA LA AT

from sklearn.ensemble import RandomPForestRegressor

rf = RandomForestRegressor(n_estimators = 300,
min_ samples leaf = 14,
maxXx_depth = 10)

rf.fit(train_selFeat, y_train)

print ("rmse train: : %.2f" %

np.sgrt(mean_squared_error(y train,
rf.predict(train_selFeat))))

print ("rmse test: : $.2f" %
np.sqrt (mean_ squared error(y test, rf.predict(test_selFeat))))

print ("MAE: : %.2f" % mean_absolute error(y_test,
rf.predict(test selFeat)))

print ("MAPE: : %.2f" % mean_absolute percentage_error(y_test,
rf.predict(test selFeat)))

print ("Variance score: %.2f" % r2 score(y_test,
rf.predict(test selFeat)))

NAAWEN1INUNETRIuLLsaadTl A ldA1 RMSE ilanagauyuy training dataset was
test dataset WAL 2.09 uag 2.20 sw/ls muansu uazliAn MAE windu 1.61 siw/ls uaz MAPE
WiNiu 32.25% TaafiAn R? indu 0.660 (A1 MAE, MAPE uas R aenaraiiluaritldiainnas

NARALULU Test dataset

ar1fiulfd1A1 RMSE 994 Train dataset WA Test dataset HANINALALIAULAZAN

o d’/ = 1 W llezﬁ/ o allv u./QJAﬂI
RMSE1Jutestda&metm@unUQﬂ@a$u@:uﬂﬁuﬂﬂnQﬁﬂﬁwim@1nuuuqqaaawwmnxﬂuuqm@m
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wda (A1 RMSE windu 2.47 sw/ld) wassdinisdfudiwnsfimaidsnatnganisadoaaniloyun
overfitting 1A lussiuuiia
5.2.3 Random Forest Regression with Hyper-parameter tuning

o © a: © ar W d’/ 20 - ar - o
wuuAIaasn Tinueniaualwibdell inarldmatialunislfunisiwad (Hyper-
. . ] 1 dl 2 e o dl
parameter tuning) W11 Grid search wrdaglun1rviAIMuNZzanId U LLLA1a Y IWDAR
iy overfitting @vinatia Grid search HazfuA T NiRasg  naresandeniu ufanid
NITMIULLURNaaduazdaNaA A NgnFiadlun gt tuudtaasina 1 malia K-fold
cross-validation (K = 5) WA18anEINNAZIABNTATBIAWIT RN ANgANN11H A cross-
. . P = . o et
validation score HANIN4A Tnelunstliaed Random Forest Regression tinazniuualildan

Negative Mean Squared Error 1{1UA1 Score 48401311 Cross Validation {AgiN13N191U4AN

AasuNt s uLLgINIToni lalaaEan1EWaidu GridSearchCV 1a¢lausiT Scikit-Learn

AuFunisiimaireanailn Random Forest Regression azfansaunludumay Grid

Search AazwmilauiuuLuaaaeAinmudmiuloymi Classification #lfasuialdluinda 4.2.3

Tupetlsznaumaanisilmas n_estimators, max_depth uaz min_samples_leaf Inei o424

124
& 2 o

ATWTRRDTUARTAINININITAUMNA NN TO LR ATl

n_estimators 100, 200, 300, 400, 500, 600, 700, 800, 900

max_depth 5,10, 15

min_samples_leaf 10, 12, 14, 16, 18

b2
ar

dautaaaaalfia (code snippet) dAmiLn1IiRLLLAN A TaNTORAAS TRATTL

from sklearn.model selection import GridSearchCV

parameters = {'max_depth':np.arange(5,20,5),
'n_estimators': np.arange{100,1000,100),
'min_samples_leaf': np.arange(10,20,2)}

clf rf = RandomForestRegressor ()
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clf grid = GridSearchCV{(clf rf, parameters,
scoring='neg mean_squared error', cv=5)

clf grid.fit(train_selFeat,y_train)

clf grid.predict(test_selFeat)

print ("Best: 3%f using %s" % (grid.best_score_, grid.best_params ))
print ("rmse train: : %.2f" 3%

np.sqgrt (mean_squared error(y_train,
grid.predict (train_selFeat))))

print ("rmse test: : %.2f" %

np.sqrt (mean_squared_error(y test,
grid.predict (test selFeat))))

print ("MAE: : $.2f" %
mean absolute_error(y_ test, clf grid.predict(test_selFeat)))

print ("MAPE: : %.2f" % mean_ absolute percentage_error(y test,
clf grid.predict(test selFeat)))
print ("Variance score: %.2f" %

r2_score(y_test, clf grid.predict(test_selFeat)))

ar

Hadnsa8d4n17UFuuLLLSaedlngld Grid search uaz Cross validation aznliiLs1

1TALLULR1a290 N AN cross valdation score HINGm HB9RNLIIRYUA Negative Mean Squared
Error {luA1 Score 283n19M1 Cross validation A9dULLLANa837 LAz RA9R8799 Mean
Squared Error luusias fold Ntlasngs InuA129319IWN01H0 5 199U UUR1GBIAINENT LARY

[ %

d!/
N

-  max_depth =10
- n_estimators = 200

- min_samples_leaf = 20

Wanuuusaassananaldnmaaey training dataset 71 test dataset 1313 15N
RMSE W11 2.15 uas 2.18 siu/ld muansu uazléian MAE windu 1.61 61/19 wae MAPE
Winil 32.24% TeaiAn R? winffu 0.70 (A1 MAE, MAPE ua R*anatailuatinlfainnisnagan

UU Test dataset)

v o ar

=1 ulfd1A1 RMSE 924 Train dataset WA Test dataset HAIn& ALY LAz A
RMSE U1 test dataset 289UuULA1a84 (A1 RMSE indy 2.18 fiw/l3) azliAdeandnaila
AINBULANIA I N WU Tuada 5.2.1 (A1 RMSE tvinfu 2.47 siu/13) wamednnasdsu

At limailaald Hyper-parameter tuning fanana@aunsadiaaniloyun overfitting 14
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c?’aﬂl <l o o ci [ o ' ° dvd
u@ﬂ’ﬂ’]ﬂutu@L‘IE‘EI‘LIL'VIEI'LJﬂ'lJLLU_U@']@@\WIWWH’ﬂHW’J“H@ 5.2.2 1T7RZWUIULLRIINBANUN AN

udugiNgn 1HaeanA1 RMSE And uazan RE gandn

e o } %4 ar .3 o 1 1 b %4 = ar U ¥ = ddl

fRsulAuananadansnisiiunelugresgresdrfiayasie (unu x) fudArfiayasian
o A . ar 1
Auelf (LU y) lanadauLu Train dataset WAz Test dataset AINIWUTENaL 17 T9AzUAAS

Y @ <8 v o e = oy = o a
11)]Lﬁuﬂ\?ﬂq?ﬂizqqﬂ"ﬂ’ﬂ\iﬂ']"ll’f]Nﬂ‘VW]']u"lﬂLWﬂUﬂUL@umT\? X=y WLﬂuHW?WWuﬂﬂluﬂmuﬂﬁl

U

(perfect prediction) NN1snunagniiesunalifArrnuaaianaau

LenA Tl A1uniA1 Feature importances 1R9ULLAN a e WL el ta
HARWSAN feature importance 184 feature 514 | AnunTnuaAA AN W TzNaL 18 Seazfiuld
41 YieldTarget az1flu feature Viﬁmwﬁﬁﬁcymnqm A9t A1 importance=0.71226 WA Y
FarmerContractGrade azA&1Atyiiuasusasadlddiaadn importance=0.20320 éammmé’imﬁu

wuLA1aa99ld Random Forest dwiutToyvnnisinunainsaaanaanldeiunellluinte 4.2.3

o

nwisznau 17 nmuansguesanfiayasia (unu x) uazArfiayanvinuielsd (wnuy) 284 Train

dataset uwaz Test dataset a7ninAllA Random Forest Regression with Hyper-parameter

Tuning
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YieldTarget E i . - ; - 0.71226

FarmerContractGrade E 0.20320
Area_Remain 3 0.02083 '
ContractsArea I3 0.01948

YieldOld 11 0.0143(C
Rain_Vol B 0.00906
Distance 8 0.00819;
Fertilizer 0.00322
Class_Cane 0.00268
GrooveWide 0.00227
WaterType ' 0.00193
EpidemicType 0.00086
Type_Cane 0.00059
ActionWaterType | 0.00044
FertilizerType 0.00042
TypeSoil 0.00029

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80

niltenau 18 AN feature importance 189ULLLAY289 Random Forest Regression with Hyper-

parameter tuning

5.2.4 Random Forest Regression with Dummy Features

‘Luﬁﬁi@i‘fwwzmmuuﬁﬁ’mmnﬁiﬁﬁmﬂimﬂnﬁnﬂﬁ'ﬂu%sﬂahmumm feature il
ilu Category 1 Lﬂuﬁ@H@ﬁLﬂu Dummy feature #9838 one-hot-encoding wazldA1wnrines
AlFannI 110 Hyper-parameter tuning lutiadia 5.2.3 ivafiazAnsdnAnlszaniualunig
Funeszudnandin il uaznsdlild Dummy feature dflnasinafiuagnals

AINEANTNAREY 1Al NAAWEAN RMSE ilanagel train dataset A% test dataset
Aa 2.15 uaz 2.18 s/l mudAL uazlsiAn MAE = 1.61 siw/ls waz MAPE = 32.27% TaaiiAn
R® = 0.70 (A1 MAE, MAPE uaz R® sananaifhudniildainnnmaaauun Test dataset)

deuBauiounadniaasdndanadaiunadnsilgideld 1514 Dummy feature luadie
5.2.3 (RMSE = 2.18 siw/13, MAE = 1.61 fw/l3, MAPE = 32.24% uaz@n R® = 0.70) azuiuléidn
Ansing 1 fArln& dsaiu aniiusn MAPE RAiadwdnties uaneinnngld dummy feature
}9633 one-hot-encoding 1aviiayagail IinanilinmiuATUY (A1 RMSE anaq) 3

as a " H 1 ar 1 ! -] o o J
aanndaviuuwaAanna 15 luiade 3.3.3 irgnvasdaysfitinunldlucuddaiiazil feature
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dauluaidunuy Category Razdsualiinnsiiunsdnanandessalidadunimiiuieids

1Futuanaldualuinnanin

5.3 Gradient boosting tree based yield value prediction

lurfetirninaueniswamn uuudiaasnimnunadnBunnnanangenlaslimaia
Gradient Boosting Tree Regression 184laus73 XGBoost tiaRunadmuLls Yield Tnaiidn
HinauauuLa1aa9nITiIuIEnans < oy WAnrusReaiLnITa519ULLA8 89N TRUNY
Tnail% Random Forest Regressor Tuiiadia 5.2 u&aasiinisufauiisudiaaiugniiaslunis

MU T9TeasiBanraduAasiuLeaasa NI Tnasune luindetion 5.3.1 —5.3.4
5.3.1 Gradient Boosting Tree Regression with default parameters

LUUA1IAaInN ITRAUrENdIdualuidell 1R sn T uuAAINITINIRBTI8Y Gradient

Boosting Tree Regressor tiuA1 default ninuualiuulausii XGBoost (XGBRegressor) WLaz

o =

19114 feature ynsani lugadeys MesvidanresA I imaisg  amarouanlinad

base_score=0.5, colsample bylevel=l, colsample bytree=1, gamma=0,
learning rate=0.1, max_delta_step=0, max_depth=3, min_child weight=1,
missing=None, n_estimators=100, nthread=-1, objective='reg:1linear’,

reg_alpha=0, reg lambda=1, scale_pos weight=1l, seed=0, silent=True,
subsample=1

' o & o =4 [y .
TALLITWLITHARWETDIUL LA a8l azlfdA1 RMSE Ly Training dataset WAz Test
dataset A 2.10 uaz 2.35 sw/ld AuAAULaZlAA1T MAE Aa 1.61 siw/lf uaz MAPE Aa 33.82

%uariAl R A9 0.66 Inaiaisananailuanlfiainnimagaauuy Test dataset

a1n A1 RMSE U Training dataset Wae Test dataset A9N@12 LITNLINAITIa9 1Y
wanAeiunan aglidiiaifoyun overfiting ety wunAnaesnld Random Forest Regression

AmuuuudtasslaaldiAn default parameters léunaualilluiada 5.1.1
5.3.2 Gradient Boosting Tree Regression with manual set parameters

o o H o ar % J o ar 1 -y e o -
wuus asen Mnustiaualuiaiel asinnirdfuswisiiimaiuan o aeunaiia
Gradient Boosting Tree (XGBoost) T&uwn n_estimators, max_depth, learning_rate W8 <
min_child_weight tiagd1lss@ninalunisinuisiinisulasuudasadnels Tnasléinaaas

-::ll ! « fld’/ |dly as = & o a;!/ °
Lﬂ@ﬂuﬂﬂWﬁiWNLmﬂ?UWVW&ﬂHﬂWWiﬁQWﬂﬂWTﬂTUWWTHHﬂﬂ?TﬂQuUU@W@@@Wiﬂ@WﬂﬂWTWW
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Hyper-parameter tuning 984 Gradient Boosting Tree Classifier Rlfiatunsliluvindia 4.3.3 34

' o < a1 e )y e J
ﬂWWW?WNLﬂ@?ﬂdﬂﬂWQ@ZNﬂqﬁqm®1ﬂu

n_estimators = 100

- learning_rate = 0.1

-  max_depth=4

- min_child_weight = 4

124
¥ ar

) 1% . o o o o =
dautipuaedlAn (code snippet) AMMFUNITWAUILLLANRaIHANITORARS A FITE

import xgboost as xgb
xgbl = xgb.XGBRegressor (max_depth = 4, n _estimators=100,
l learning_rate = 0.1, min_child weight = 4)
xgbl.fit(train selFeat, y_train)
print ("rmse train: : %$.2f" %

np.sqrt (mean_squared_error(y_train,
xgbl.predict (train_selFeat))))

o
°

print ("rmse test: : &%.2f"

np.sqrt(mean_squared_error(y_test,
xgbl.predict (test selFeat))))

print ("MAE: : %.2f" % mean_absolute error(y test,
xgbl.predict (train_selFeat)))

print ("MAPE: : %.2f" % mean_absolute percentage error(y test,
xgbl.predict(train selFeat)))

print ("Variance score: %.2f" % r2 score({y test,
clf grid.predict(test_selFeat)))

o s o © d’l 2 1 &' e
NARWANITRIUNETAIULLANAaT 1AAY RMSE WanagaLui training dataset WAz test
dataset WU 2.01 waz 2.20 sw/ld AudtsuuazlsiAl MAE windu 1.60 6u/ls uaz MAPE
WinfL 32.03% TaaiAn R (Nl 0.70 (A1 MAE, MAPE uaz RPsanaatiuanlsiainnasg

NARDLILIY Test dataset)

AMNUAANS LI LA91A7 RMSE way A1 MAPE 11 test dataset 184 WLILIA1aa4il HAN
Hasnd1Aan ldannuuudnaesiwmunluriada 5.3.1 (A1 RMSE =2.35 siw/l3, A1 MAPE=33.82%)

wAAINNITLFUATWI T R Aanat8 NN Tadqs I LA AR TN wns A udug NN
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5.3.3 Gradient Boosting Tree Regression with hyper-parameter tuning

o o i o s J 2 = [ = &
uuudfaasniImiiwnentnaualuideldl imazlimaialunisdfunistwmad (Hyper-
parameter tuning) WUU Grid search w1t lun1Tun ANz AN 89 LLILANa 89 Gradient

Boosting Tree Regression tdutaaanulunstisasuuuaians Random Forest Regression 1u

o

1inda 5.2.3

nanalagtanizisazldimaila Grid search $aufL K-Fold Cross Validation (K=5) Tas

(]
relaldl

N7 1% Wefdu Gridsearchcv 1831lausis Scikit Learn iaazdfuninislimeinangnans

WULRIABIULL XGBRegressor T841ALITTT XGBoost

AMUFUn1T1NLAaTI89INATiA Gradient Boosting Tree Regression Naziiansunly

. ' ' a e o o o
ﬂuﬂ@u(SnciseaﬂﬂWu@:ﬁQﬂﬂﬂdﬂqWW?WNLﬂ@iuﬂﬂxﬂQﬁWﬁﬂﬁiﬁuﬂﬁﬂﬁNqTﬂuﬂﬂdiﬁﬂdu

n_estimators 100, 200, 300, 400
max_depth 2,4,6,8
learning_rate 0.1,0.2,0.3,04
min_child_weight 2,3,4,56,7,8,9

} 24
or =l

dausiaaraalin (code snippet) AMFLNITWRILNKLLANR@Ta NN o uana LHFTl

parameters = {'max_depth':np.arange(2,10,2),
'n estimators’': np.arange(100,500,100),
'min child weight': np.arange(2,10,1),

'learning rate': np.arange(0.1,0.4,0.1)}
xgbl = xgb.XGBRegressor/()
grid = GridSearchCV(estimatorfxgbl,param_grid=parameters,cv=5)
grid.fit(train_selFeat, y train)
print ("Best: %f using %s" % (grid.best score_, grid.best params_))
print ("rmse train: : %$.2f" np.sqrt(mean_squared_error{y_ train,

grid.predict(train_selFeat)}))

print ("rmse test: : %.2f" % np.sgrt(mean_ squared error(y test,
grid.predict(test_selFeat),)))
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print ("MAE: : %.2f" % mean_ absolute_error(y_test,
grid.predict(train_selFeat)))

print ("MAPE: : %.2f" % mean_absolute_percentage_error(y test,
grid.predict(train selFeat)))

print ("Variance score: %.2f" % r2 score(y test,
clf grid.predict(test_selFeat)))

o &

HaawsI99n1sUFUquIULA1aeing 1% Grid search wax Cross validation az#n 114

LULIRIRASN N AN BN BINITIHLIAD 189 LLLS a8 sasalU

-  max_depth=5
- n_estimators=100
- learning_rate=0.1

- min_child_weight=3

Weadiuuudataesssnanalinaaay training dataset 11U test dataset 137142 15 AN
RMSE iU 1.87 uaz 2.19 siw/l3 muasy wazlaan MAE Wiy 1.60 siw/ls was MAPE
WINAY 31.91% TaailAn R? WAL 0.70 (A1 MAE, MAPE uaz R2sananafluailéannnng

NAERLULIU Test dataset)

d: - ar o .=; o o v 1 ° al!’el
WenlBauisuiuuuudisesivmun luiadia 5.3.1 11azwudiuuudnaesiiiinou
wlugnngn e’ nA1 RMSE fng1 uazAn R 4endn (RMSE was R*aasunuanaaslurinde
5.3.1 Wiy 2.35 6u/1f waz0.66 muatA) uansdinisdfuAInis e sinald Hyper-
. 1 ° b2 o = 1 o dy (5% P [ o dl
parameter tuning azgafiliuuvdaasiA R LNNgININTY wifinuFaufsuiuuuuineesi

Wun luida 5.3.2 AHLHLEI 1849 ABLL LA A9 I uans1eiumangn

P ar

aly 9 © a & d; o -l ar Ql dl v o o
wananil {Adeldinananadnilsznenauy 7 ludnsacmaaiudadn biaualurinde
3 & v ar 2 o & ° ' (-4 = o (-4 G
5.2.3 nanAefide i uansuasnsnimitunaluglaesgdrasan fayaata (wnu x) MuAdeyasass
Muneld (Lnu y) lanagauuy Train dataset Was Test dataset 9N WU TznaL 19 Taay
wanaliiudanirnszanaresdrfeyaninuisiauiubuns x=y idunisinuslugauai

(perfect prediction) N rinuneniissuna liflAraupaaateu

& usoe : , . . w5

wananil 1 lfA1uIUAN Feature importances 1894ULA a9 WRUN luidail Tne
HAAWEA feature importance U84 feature FN4 7] aunTauand lisan wlsznau 20 Seazuiuls
uuusaaenld Gradient Boosting Tree &1L Regression A2ia1Ua1 Feature AHAN

importance g4 °] 8gXINN9INTMUIBIULLAI9897 Random Forest Aldadunalilluada 5.2.3
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Tnel Feature AflANga3 anduuan 16un YieldTarget, YieldOld uaz ContractArea 4iidn feature
' ar o as dl v ar o A &
importance M1NU 0.18236, 0.14466 LaT 0.14382 A1uaAl FIRAAARDINLULLA 188N 1

Gradient Boosting Tree daufutlyvnmainunainsanauadnntfasuneldlwindia 4.3.3

Train set

nwdsznau 19 NN uaANABIAaLARTY (WN1 X) UAT %mﬂaﬁﬁﬁmﬂiﬁ (WU y) a8
Training dataset Uax Test dataset AMnwALlA Gradient Boosting Tree Regression

with hyper-parameter tuning
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{

YieldTarget n) 0.18236
YieldOld

ContractsArea

1 0.14660
3 0.14382
3 0.14144
‘) 0.12833

)
;
E i
}

Distance

SN [ W I VI R

Area_Remain
Rain_Vol 0.08025
FarmerContractGrade "'—i__l‘ 0.04331
Class_Cane 0.03298
GrooveWide = 0.01629
Fertilizer I——=3 0.01589
WaterType 31 0.01470
EpidemicType [——3 0.01470
Type_Cane [— (.01391
TypeSoil =1 0.01033
FertilizerType 33 0.00834
ActionWaterType I3 0.00675

000 002 004 006 008 010 012 014 016 018 0.20

nnisznau 20 Feature importances annWwAllA Gradient Boosting Tree Regression with

hyper-parameter tuning

5.3.4 Gradient Bbosting Tree Regression with Dummy Features

Tudiail irmmaaasgsvuundansasludnerusimaaiudsnlfunaualuiada 5.1.4
' d o o A (% clcl =
naaAaLTAznIuLuUAIatan1Iuainanisilasuiiayaludoures feature NRTHAY
Category liiludiayaitlu Dummy feature #2838 one-hot-encoding waz MAwAsHma sl
o ar 4 al [ 1 s oo o
AINN19N1 Hyper-parameter tuning luiadia 5.3.3 ehazdnmdiadssdninaluniminune
' P Y aalgy Vo ' o '
rudnantlin il uaen il Dummy feature dnflnasnaiuatingls
AMNUANIINAFBILT IHRAAWEAT RMSE 1illanaaall train dataset UAz test dataset A
1.87 uaz 2.20 My/ls muanduuazlFiAn MAE = 1.59 fw/ls uas MAPE = 31.95% Tasiiian R? =
0.70 (A1 MAE, MAPE uas R sananqiudnlfannnismagsauyuu Test dataset)
WaulFauRaunadansaesAdanaiunadniyniéua i Dummy feature luvindia
5.3.3 (RMSE = 2.19 /13, MAE = 1.60 siw/l$, MAPE = 31.91% uaz A1 R? = 0.70) aziiiwléian
' ] = ¥ o ] [ b % ac] . 4
ANFINN 7] A lndAeiy uanedinisl dummy feature HaeidE one-hot-encoding VNVBH AT A

J ] o o & 1 1 as A 1 o
1 ladfuannldinisvinuneddu (A1 RMSE anad) iduidandudinaginngq13luatie 5.3.3
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UNN 6

dgnanuddauazdarduaus

snBdsihinaueni e Buiunananies Teafienndudygun 2 wuy 1Eun
Tywanisiiutensananandaaradwsiaziilag (Yield grade prediction) ?d'ﬁmﬂuﬂnvmmuu
Classification waziftyvinisiiuisdiliuiunanangasluvinasuselizasurazullag (Yield
value prediction) CREr iuToyunuuy Regression Taa lun1sWMLITZULNN TR U UWAR S WL
fadelfidenlmaiianadeufaeiidas (Machine leamning) 41uau 2 3% Aa mATin Random
Forest WazwAflA Gradient Boosting Tree u&amiin iR auifiauuanisiiua il sauva
uBenieunai liudn Baseline *‘7;Lﬂumiﬁ'\um‘imﬂiﬂ‘lﬁﬁmﬂﬁmnﬂsﬁﬂu’jm@uﬂ%q AU
2 wwuldud (1) Baseline-1 faunisinunanandninglid uananiilEaeaniinisudaiew
wiinTuud suReaiy uas (2) Baseline-2 aziilunisinunanandnaasdiodnrareslraiuiidy

R
NTUANIT

luunil {iduazeiuisagnanisdduean TRRILITTLILNI TR IUI BN TATa9LFUN 0
@88 (Yield grade prediction) lusiadiatiaa? 6.1 uararaduraagluanisiqdagedszuunis
NueANFNIUNaNARSa (Yield value prediction) Tuiadesdas 6.2 uazazaflsefaqnu

Tyuuazdaauauus luiatenh 6.3

6.1 dgaauasszuumsyinunainsarasZunnaas (Yield grade prediction)

14
ar o

A ludulfise liwmudandiiatauunstaasnisinuiafuansnaiudtuau 3
' o
wuy sannTnagU issd

(1) Random Forest with hyper-parameter tuning

AanaINNUTaLLLA1a89n1TR 1 UaN I E MATlA Random Forest Classification was 14
tnAailA Hyper-parameter tuning WUU Grid search %14 ufanFuLnAaila K-Fold Cross
. . d: @ v =Y r¢=lI ° o a;d b7 o -a}
Validation LW@THimqmqumummwu’l'lﬂzjLLUU’%'}@@W}Nm’mqﬂmmlumwnmamnwzgm

=l o o d” o= 1 ar % =:
?’]Elﬂ:L@EIﬂﬂl'ﬂ\‘lLLUU@W@@Q?’]’]TV]']H']EILLUUH@ﬁUWﬂ'B%IH‘M’)‘II'ﬂV] 4.2.3
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(2) Random Forest with forward feature selection and hyper-parameter tuning

faneriuviiausuataaInIsniunelimatia Random Forest Classification uaz14
waila Forward Feature Selection tvaliiléignaas Feature Nun1zansan17a319uLLA1099

dl o :: I = " « Q; ° ! o =
Nan uasaniuazldwmailan Hyper-parameter tuning WUy Grid search i usaniumaiia

' [l
& ar

K-Fold Cross Validation ialifléigaaasnisimeiniiedszansiudaysniiianns Feature A

= ') o o a;d b7 ° d. o )
L@ﬂﬂNWLLﬂ'JU’]‘hJéLL'LI‘IJ“!’]@@\‘]VINﬂ')"lugﬂfﬂ@\‘iluﬂ"li‘ﬂ']u']ﬂN’mVlﬂm TIEHUACLBUAUBI LLLILUINR DY

q

nnunsnuuilatunaetluiniien 4.2.4
(3) Gradient Boosting Tree with hyper-parameter tuning

danadnuiTauuuataasni1tinuien ldmalia Gradient Boosting Tree Classification
Taan1s1Emaia Hyper-parameter tuning WUL Grid search A9 1UsaNiLIMAilA K-Fold
Cross Validation t#aliflfgaraswisfiwmaintn ldduuudtaasniliaaugniiesluniinune

NNNgA TEaTIBEATaIULILANaBIN B LU LReEuneag luiadied 4.3.3

nrdssiiunananusiudglunimituisaz MsaTiahefANgnsias (Accuracy) lu

© d’ ar &t o 2/ .
ATNIUNEINTA TINAANWEAT Accuracy Tunatiiunediayalu Test dataset 184 Baseline-1,
Baseline-2 WALMNAINULLAaa3E 195U arunsnagllfsinignei 16 uaznadnsluglaes

Confusion Metrix @ unsnaguifisennsed 17 te 21

A1 16 @71A1 accuracy 184 baseline UATTIBILULANABINITINUIEULILIAN 7]

Method Accuracy
Baseline-1 51.52%
Baseline-2 65.50%
Random Forest with hyper-parameter tuning 71.79%
Random Forest with forward feature selection and 71.88%
hyper-parameter tuning
Gradient Boosting Tree with hyper-parameter tuning 71.71%
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AMEANINARDUIIWLINULLAABINTRUNBATIWRILNTUAS 3 WUl iAn Accuracy
Urznnns 72% 3 9iiAganda Baseline-1uaz Baseline-2 39 1fisnaguiddnuunudnaeanis
AnelaglfmailaniBeufaeasedisimmniu Saugnisswsiudinianisinnalag
AsUssnnunanAnTeediad199920419997U (U Baseline-2 34311 accuracy Urrunm

65.5%) TAguUUSaadn 1 INUIEAT WU UAETANgnéiasnddszunl 6.5%

#1174 17 Confusion matrix 984 Baseline-1

Predicted Class
Actual class
Grade 1 Grade 2 Grade 3
Grade 1 926 (0.541) 647 (0.378) 139 (0.081)
Grade 2 497 (0.310) 862 (0.536) 248 (0.154)
Grade 3 75 (0.172) 225 (0.515) 137 {0.313)
71974 18 Confusion matrix 484 Baseline-2
Predicted Class
Actual class
Grade 1 Grade 2 Grade 3
Grade 1 885 (0.517) 825 (0.482) 2(0.001)
Grade 2 403 (0.251) 1182 (0.736) 21 (0.013)
Grade 3 10 (0.023) 230 (0.526) 197 (0.451)

A1TN 19 Confusion matrix 189UULA1889 Random Forest with hyper-parameter tuning

Predicted Class
Actual class
Grade 1 Grade 2 Grade 3
Grade 1 1307 (0.764) 403 (0.235) 2 (0.001)
Grade 2 394 (0.245) 1184(0.737) 29 (0.018)
Grade 3 12 (0.027) 229 (0.524) 196 (0.449)




M1 20 Confusion matrix BILLLANABS

hyper-parameter tuning
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Random Forest with forward feature selection and

Predicted Class
Actual class
Grade 1 Grade 2 Grade 3
Grade 1 1303 (0.761) 407 (0.238) 2 (0.001)
Grade 2 388 (0.241) 1190 (0.741) 29 (0.018)
Grade 3 10 (0.023) 230(0.526) 197 (0.451)

R34 21 Confusion matrix TENLULAAAS Gradient Boosting Tree with hyper-parameter tuning

Predicted Class
Actual class
Grade 1 Grade 2 Grade 3
Grade 1 1301 (0.760) 409 (0.239) 2 (0.001)
Grade 2 394 (0.245) 1183 (0.736) 30 (0.019)
Grade 3 10 (0.023) 229(0.524) 198 (0.453)

NEITNN 19 719 21 AUAAL confusion matrix TBUNATANITAIMUIBLLLAIN | 1TTWLIN

©° ) .:: ar a" n’: o 9 % dl 1 $ % 1
WLILANABINITRIUIENLTIWENUNT LAY 3 wuy usdeyaassudasdasiierlunia 3 1614
ududn Teailan accuracy Uszanou 45% winii usdiaianToun confusion matrix 124 Baseline-
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AT 22 WAMY Feature importance 284 Random Forest Was Gradient boosting tree @71

Classification

Feature importance value

Mean Validation Score

Feature name Random Gradient (with forward feature

Forest Boosting Tree selection)

TargetGrade 0.60273 (Rank 1) 0.20846 (Rank 1) 0.66374
FarmerContractGrade | 0.22070 (Rank 2) 0.03323 (Rank 7) 0.69577
ContractsArea 0.05302 (Rank 3) 0.17012 (Rank 3) 0.70264
Area_Remain 0.03336 (Rank 4) 0.07100 (Rank 5) 0.70208
Distance 0.02211 (Rank 5) 0.09855 (Rank 4) 0.69649
Rain_Vol 0.019351 (Rank 6) 0.05453 (Rank 6) 0.69864
YieldOldGrade 0.01931 (Rank 7) 0.18546 (Rank 2) 0.70232
Fertilizer 0.007022 (Rank8) 0.01903 0.70367
WaterType 0.005858 (Rank 9) 0.01761 0.70511
Class_Cane 0.003528 (Rank 10) | 0.02869 (Rank 8) 0.70503
TargetOldGrade 0.00341 0.02556 (Rank 9) 0.70511
GrooveWide 0.00285 0.02244 (Rank 10) 0.70591
EpidemicType 0.00194 0.01846 0.70487
Type_Cane 0.00144 0.0159 0.70495
ActionWaterType 0.00139 0.0071 0.70487
FertilizerType 0.00134 0.00908 0.70511
TypeSoil 0.00065 0.01477 0.70407
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6.2 agduarasszuunsvitungAlEununan@anaas (Yield value prediction)
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(2) Gradiant Boosting Tree (XGBoost) with hypér—parameter tuning
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A15719 23 a3UA1 RMSE, MAPE, R? 984 baseline WazLUUA1809n RN e ldwmmunduluy

U
Regression Method RMSE (au/l5) | MAPE (%) R?
Baseline-1 5.02 49.09 0.33
Baseline-2 2.60 39.68 0.62
Linear Regression 3.01 39.22 0.44
Random Forest with
2.18 32.24 0.70
hyper-parameter tuning
Gradiant Boosting Tree (XGBoost)
2.19 _ 31.91 0.70

with hyper-parameter tuning

[ 7
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Regression

Feature name

Feature importance value

Random Forest

Gradient Boosting Tree

YieldTarget

0.71226 (Rank 1)

0.18236 (Rank 1)

FarmerContractGrade

0.20320 (Rank 2)

0.04331 (Rank 7)

Area Remain

0.02083 (Rank 3)

0.12833 (Rank 5)

ContractsArea

0.01949 (Rank 4)

0.14382 (Rank 3)

YieldOld

0.01430 (Rank 5)

0.14660 (Rank 2)

Rain_Vol

0.00906 (Rank 6)

0.08025 (Rank 6 )

Distance

0.00819 (Rank 7)

0.14144 (Rank 4)

Fertilizer

0.00322 (Rank 8)

0.015892 (Rank 10)

Class_Cane

0.00268 (Rank 9)

0.032976 (Rank 8)

GrooveWide

0.00227 (Rank 10)

0.016289 (Rank 9)

WaterType 0.00193 0.01471
EpidemicType 0.00086 0.01470
Type_Cane 0.00059 0.01391
ActionWaterType 0.00044 0.00675
FertilizerType 0.00042 0.00834
TypeSoil 0.00029 0.01033
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