@ Journal of Agricultural Machinery ;
Homepage: https://jame.um.ac.ir

ISR kg ot &'%(Allkréj;;
Research Article
Vol. 12, No. 4, 2022, p. 543-558
EY

A Data-driven Model for Predicting the Yield of Recoverable Sugar from
Sugarcane
F. Nadernezhad®, D. M. Imani? @, M. R. Rasouli®

1- MSc Student, Productivity Management Department, School of Industrial Engineering, Iran University of Science and
Technology, Tehran, Iran

2- Assistant Professor, Productivity Management Department, School of Industrial Engineering, Iran University of Science and
Technology, Tehran, Iran

3- Assistant Professor, System and e-Commerce Engineering Department, School of Industrial Engineering, Iran University of
Science and Technology, Tehran, Iran

(*- Corresponding Author Email: Imanim@iust.ac.ir)

https://doi.org/10.22067/jam.2021.69805.1034

Received: 12-04-2021 How to cite this article:
Revised: 09-06-2021 Nadernezhad, F., Imani, D.M., & Rasouli, M.R. (2022). A Data-driven Model for Predicting
Accepted: 14-07-2021 the Yield of Recoverable Sugar from Sugarcane. Journal of Agricultural Machinery, 12(4),

Available Online: 14-07-2021  543-558. (in Persian with English abstract). https://doi.org/10.22067/jam.2021.69805.1034

Introduction

Sugarcane is a strategic agricultural product and increasing productivity and self-sufficiency in its production
is of special importance. The most important product of sugarcane is sugar. Various factors like climatic and
management conditions affect the yield of sugarcane and recoverable sugar. Crop yield forecasting is one of the
most important topics in precision agriculture, which is used to estimate yield, match product supply with
demand and manage product to increase productivity. The purpose of this study is to predict and model the
factors affecting sugar extracted from sugarcane (recoverable sugar) in the farms of Amir-Kabir sugarcane agro-
industry Company of Khuzestan province using machine learning methods.

Materials and Methods

To conduct this study, data from the agro-industrial company Amir-Kabir in the province of Khuzestan from
2010 to 2017 were used. This data has 3223 records which include four sets of data: climate, soil, crop and farm
management. This data includes continuous and discrete variables. Discrete variables include production
management, soil type, farm, variety, age (cane class), the month of harvest and times irrigation. Continuous
variables include area, chemical fertilizer consumption, water consumption per hectare, total water consumption,
drain, crop season duration, yield (cane yield) soil EC, purity, time interval drying off to crop harvest,
precipitation, min and max temperature, min and max relative humidity, wind speed and evaporation. The
recoverable sugar variable is considered as the target variable and is divided into two classes, values greater than
or equal to 9 are in the optimal class and less than 9 are in the undesirable class. The other variables are
considered as predictor variables. For modeling using the Holdout method the data were randomly divided into
two independent sets, a training set and a test set. 70% of the data which includes 2256 records were used for
training and 30% of the data which includes 967 records were used for testing. The modeling of this study was
performed with the Python programming language version 3.8.6 in the Jupyter notebook environment. Random
Forest, Adaboost, XGBoost and SVM (support vector machine) algorithms were used for modeling.

Results and Discussion

To evaluate the models, metrics of accuracy, precision, recall, f1 score and k-fold cross validation were used.
The XGBoost model with 94.8% accuracy on the training set and the Adaboost model with 92.4% accuracy on
the test set, are the best models. Based on precision and recall metrics Adaboost model with 87% precision and
SVM model with 87% recall have better performance than the other models. Based on Repeated 10-fold
stratified cross validation using two repeats the SVM model with 92.3% accuracy is the best model. The
variables of purity, time interval drying off to crop harvest and crop season duration are the most important
variables in predicting the recoverable sugar.
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Conclusion

In this study a new approach based on machine learning methods for predicting recoverable sugar from
sugarcane was presented. The most important innovation of this study is the simultaneous consideration of
management and climatic factors, along with other factors such as soil and crop characteristics for modeling and
classification the recoverable sugar percentage from sugarcane. The results show that the performance of all
models is acceptable and machine learning methods and ensemble learning algorithms can be used to predict
crop yield. The results of this study and the analysis of the rules obtained from the set of decision trees made in
the random forest model can be used for managers of different agro-industries in determining appropriate
strategies and preparing the conditions to achieve optimal production.

For future research as well as policy making and decision making Amir-Kabir sugarcane agro-industry
Company the following suggestions are offered: more samples can be used to obtain more reliable results. Also
can be used Deep learning methods, time series analysis and image processing. Use of IOT equipment to collect
and real-time processing data on Amir-Kabir sugarcane agro-industry farms.
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Table 2- Description categorical variables used for this study

3, y¥io oL
Row Variable name

P Y
Variable description

Mg o e
Production management

1,2

sandy loam p¢ caw Sandy clay loam g9 JS i

silty clay S o cSilty loam po) s

) S sl
Soil type
3 s e
Farm
4 Jyaze )l
Variety
(Jpaze oYS) oS (0
Age (Cane class)
6 C.w:lb).v cLo
Month of harvest
7 bl @lads slass

Times irrigation

silty loamepy) il silty clay loam pof IS il

loam 54 clay loam ¢4 IS
loam-clay loam ¢¢ 15—

ac)30 480

CP48-103, CP57-614, CP69-1062, CP73-21

IRC0010, IRC0014,IRC9901, IRC9902, IRC9906, MIX, SP70-1143, Tahghighati

PC,R1,R2,R3,R4,R5,R6,R7,R8,R9,R10

Kt ¢ yoky (g0 ‘)5] ‘Ou o Cadidendy (109,

April, may, October, November, December, January, February, March

oy 35 511

Purity

bin temperature

Min relative humidity
Max relative humidity
Max temperature

Age

water consumption per hectar
Total water consumption
Chemical fertilizer

EC soil

production

Mrea

Crain

Soil typs

Evaparation

vighd(tch)

Month of harvest

Times irmigation

Time interval of drying off to crop harvast
Wind speed

\anety

Crop season duration
Precipitation

&
a

Features correlation with dependent variable

=]
=1

02 04
Pearson Correlation

08 0.8

(sl S5 20)3) ataly it b S sl it (i (Sison =) JSU

Fig.1. Features correlation with dependent variable (recoverable sugar)
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S 1y el Kb lie b (e (Suwads (5 i

1- Pearson
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Table 3- Description continuous variables used for this study

3, ke o 2l e oy R
Number Variable name Unit Variable description Average
1 ol ha $3929 e 22.41
Area Input variable
e 355 (83959 yike
2 Chemical f "f’l‘m i kg ha Input variable 354
emical fertilizer consumption .
P D9 e pll dlsyo ¥ (b oS g)l5e (sl (S 395 S Ol
3 )l:;S\a, » “.Ji d)“"“" m3 ha-l 89,9 yke 1404
Water consumption per hectare Input variable
. s (§29)9 yike
4 rase ) mha’ Input variable 31902
Total water consumption S 5 Ol e 8 sy B e
c o0 JS mehat 3929 e 15320
Drain Input variable
6 u"])). J.\a.é Jg]o day (899 pe 391
Crop season duration Input variable
29y9 pie
7 > ton ha* Input variable 71.7
Yield Catlsyy B ol aa cubloy St e
8 Sk u_%),ﬂl WIJ“Q’ ds m-l 53959 )“":“ 4.96
Soil EC Input variable
9 Caps u’?b Ao yd % $2909 )'3"""’ 87.20
Purity Input variable
10 (ol 55) 023 hat 53 % S seite 10.22
Recoverable sugar Target variable
Time interval of drying off to crop harvest Input variable
12 te> o C S99 e 23.78
Min temperature Input variable
13 o> S c S99 3% 42.65
Max temperature Input variable
14 L;‘ﬁ)l'-’ mm (52959 ple
Mean precipitation Input variable
15 s gy il % 2909 e 18.50
Min relative humidity Input variable
16 o ogb) Sk % 299 50 57.64
Max relative humidity Input variable
17 Sk sy mst (39,9 piie 5
Wind speed Input variable
18 7 mm $929 e 12.98

Evaporation

Input variable

Sl N olwe yiius polds a5 iy (pl 4 Cunl 0l
P S omly palde 5 wollae (IS 5> (Jlasial ;S 0y
S5 )1)8 Cgllaal WuMS
ool (il e sl oolinul 3j50 (glo yuiie & ol & g L
Slaoke) @olite (la wlis oS pl 5l (6puSsls (gl il Slusy

\d}uw cemlie slaojl 4 (o3 Lgtmuf}‘ﬁ Jas
4 dn g b Jlastil (Kb jusie imgs ol 50 Dgu oo 04sel
(V) wsllaels g (+) wgdlae pUSY asy addllas 590 S 55 03

1- Discretization



DOV i 3 Jlasn! 1S 8 5SSl Lo it (159 43150018 S &11 oy o g 015550

oaly 1 (glacgasms b prouad Ci 0y a5 Wil o paenad L5
sl (gl SSs) @ISl L syl paiges o) 4 oS
adsye ym sy ya Sl ol Dgb e 03l bigel Silonis
= g 038 QL] (Bolal jgoh by Shy Sl slasgecmen )
St kg onrite | e xSt glite (slaylins ol
Dy oo bl b She 5l (Solal degese 4 3l beodly S8
(Y) adaly Lolol 1y D asgasmo 3 1y badiges ol aocis
WS o duwle
Gini(D) =1 - XL, p/ (v)
NS 1) D dcgesme p dges SO sl Jas! py ol o oS
(i Bl e ol ke g (Shig g el g aedee 0L G
Lol SSE gl g wmd oo o ) (i ledlbl (Shy ¢
9ol o3l elbdiges w i ¢l (Han et al., 2019) 34 o
Lo (ol dod g 9 2900 LSl €803 i iy 1)
plonl sl Seden b &l Jow 3,509, b 65 l) 9 008 plal

(Everingham et al., 355 0 pMel olos us i g 20 oo
2016)

e
O 4 sl (29)5 (6550 SSIST I (S Sty

045150k Chx s S udiwd (ol (ge 8 (sl Al wd LS o
iemel glmodls 3 Jao o calo b5 ol S sl (igms
dl—&’u:"ﬁ) d)’t:-)_s &uu.wy » 6515 » )9‘»@ rbl?o] NS C)’L.o]
U god diblo Jiuwe jobody b Je ¢ dolas JSin iile " Si

. c a Togos s .

330 winys SN ol gl g o a5l Jlgio sty oSy
030> dewgi ((29993) (gl sl ganail (gl oS Cunl Kiguos
5l_;. b_wy as 039 U_D.».Ja.» &w.wy YL C;wy‘.)] Lol 0
" i yoS Lo Ky gl @Bly 53 05 gl ol Sply g gy
S350 el ;o S, K00 ol pon 0 Slas ol@)) (gl &5 cul
o dode dde e a0 (cdbdtied )Nl Cpl 50 e e ol
D)5 o melais (S8 Unlye yd osds gandib bl sladiges slus
s oo d8LS| Cimds odiand 5 593 yb 4D Cawgaldl v ol )

4- Bootstrap

5- Gini index

6- Boosting

7- Weak learner

8- Bagging

9- Adaptive boosting
10- Freund & Schapire
11- Meta-algorithm

ildley o Sigd g5l Loy 4l 85 0 )y Jelow anl )b 4
Sy odb Lo Sho als ay Sl yje U dgd oo (o ool
o=l g0 o) dg s Laadly (g5l Loy (slys (30 xie sl i,
ol sl 03 o3lital | S lem e 3l Jley gy S g
Ll adsl sloosls g9y p2 1) (s s S loJle s )
Golie au x; Al A S il Hlade S (hgy ol 2 S o
cslSS (V) adayly L [NeWp i, Newpgx] (0394500 )0 x siilo

(Han, Kamber, & Pei, 2019) 544 o

Xi—Xmin

x = " (NeWyq — Newyi) + Newpi, (V)
Xmax~Xmin

990 Jlide ()5S 9 ke 5S4 Xinin 9 Ximax S
Cuwl i 039000 NeWpin 9 NeWpgy o 55 3)50 (Shg iy
by ga [0,0] o L) 55 5

Dredle 5 Sl Lo oS0

Oile 6500wyl Hlea 1 Gimgd cpl (il e ol
5 Liwom (sl yuiio Wigd o (Bymo dold] 3 aS Cawl 0l odlatwl
S 5 Jlasiwl SCb gl oad s (gl M o i
Cowl 03 03lasw]

Olaricly la gy Gadile

45 Cuwl 09993 ddiwd S SB jebay luidy by opile
aged slmodly (gabail (gl oSl aio pl L b S
Ol ) i gl o Gedle sl CublB 3jlo
Sl by (S slad 4 (Lol glo Shg slad has gdbwga
Moy cpmsle ol Lial5ol ol poboay S dds 5 oslial b 5V
B 0 S o odlaiwl ad mloy 6080k (ol by
Sl sl B8 Sl ety oy (edle (dad g 3l
g 48 08 o oolial YU sl b (Siug (sl 53 Waosls 3,8
(Liakos et al., 2018; Palanivel s 03y )5 a5lg5 o Jas
.& Surianarayanan, 2019)
rsédhai LN

48 L (29,5 650k lapn s 5 (ol (sl S
Cjo Higd o3l (gew)S) 9 sanadb JSluo sl W5 o
Ao 5 (Jad e Laily) Slg5 o a5 sl ol (Bolad IS S
Slosliiwl Ly feuwly yusite g 0aliS (ol (sl yiite oy |y (o515
3 s (ol S Je S oy 295 £S3 3,505,

1- Min-Max
2- Kernel trick
3- Random forest
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s oo s 1) onds ookl (gladsmiaw (F) U (V) Laslg, Cuwl o

_ TP+TN
T P+N (v
cdy= —& ()
TP+FP
. ed] 8 = TP
Colus (Sl = 2 )
F1 jla.| = 22PrecistonsRecall )
Precision+Recall

Cogo WS )5 adiged JS slaws s ias N g P YL Laylgy 5o
a0yl e Mol ) C(TP) Gt s 38 o o)Ll o
Ludiwd wgd g Aitwd Cuteo wMS (3 a8 o)l Sladigel dlaw
oMol oyl ST ite Caoyd sl 0355 camed y1 (i)
by 5 diiwa bl S 0 &S 5l Lladigel dlisd 4 oLl
JFP) e s ydl sl 35 ghin Gz (Sos)> &y iy
Coydb s Lol Wyl J1)8 i WwMST )3 oS st oladiges dlass
wlpdises Do s ci(FN) i G ydl L lod g3 Cute sy
e o p Gyl & Lol W55l )8 Cuse ST 53 a8 A
€83 (sladomin oo oo ) Jao (IS 2L Cono jlne uiledy
Ly e 0wl (ga alwd jd (glodyinS Gypody Cuwlus o
dgbi e 488 LS 53 (> domiw S lgieds CBS domi
oS LBly g K90 )Tz p Cute oS adiges I (500 3)
el Cpolas ami S Jls 318 s g (Sl it lag]
G dwd Swyd 4 45 Cogo (S ladises | (sduoyd)
OSlee FL kel domis sl il Gl domin b g (2555 oo
039 Ol Jgesb 13 ol g 31,6 5 e x93 Sigala
(Hanetal,, cowlodi ol javass Jlealyd g cds 4 Sl
DS o iy (8l 00 adle sl Jae s & Jeas 2019)
F1 5Ll g Comlus «dd sladoiuw a2 0 ol 1) Jlasuwl
9 (98] dsgede (gl Comio dxi g otalo] degeone gl
Al o 2oyd ol Jgis polie sl o e dalos]

6- True positive

7- True negative
8- False positive
9- False negative
10- Harmonic

(70+) (35las bt j| CoudlS baid b sodtws dlsyo pa )
(Freund and Schapire, 1997) sl i

St g3 laal S
a8 cul itle 553k slawinyg 5l (S | g ool
ot Jhe o900 )B4 g S) 9 bl lus
Vgaxe 45 48 o sbxy) iy (sloos 5ol 5| omg S B 5
el igy 1Sed Wl (£l Jde i panad 555 o 1S3l
Sy alde oi)oS cpl adl oo (lals yo JS5 4 Sty
3 &l .l Sglite 1L ol claais I Ll Wil o ks
Silwding dline S plgisds ((ugh) Siitwg dina (29 o
29 g0 )5 o )3 (600 @b Aoy ya 53 (D9 o0 ke
Tt g ) oyl o) cpl ailion ol (siloaingg am
31 (XGB00st) " ¢ S1us 3bal,S gl o ysS Al 0313 dnusgs
Al (29,5 Glapi el g (gl (L3S (slapi s atws
g8 98 o3lisl (AABb g (190 )5y Bluws (sl Kl 0 &
;o) pl b duslio 0 YU jlaw cejw Jdo 4 XGBoost
Sl Cgeoo sl )15 & (95 o Sdas g Stistug (L1S

.(Brownlee, 2020)

$oludss

9 VAS s (gl (pmgidelp b5 b s ool (sjlwdre
L ooy (g5l Jso (sly ol ods plosl Sppcng g basee 4o
5 B390] Jite dcgoa 93 & (Bikat oty Sylal ST
090l (sasgeme dy Bodld pow 93 Vaaxe .Nilodd paundi (siuloj]
D9 o 031> Lanass  islej] (sacgemme 4 osile b pow S g
lmodls dcgome g Jio cdlw (glp (5jg0] (slaodly acgazmo
(Han et al., 2019) >5-5 0 odlizul Jao olis)l slp sinlejl
Gl do 3 Yo g gl (ol odly 5l ooy Vo imgh opl 5
Ay e 139l Cwddy g mabas (gl blons odlatul sl
0 P e g 5 o g ) Lo iyg el yial bl
¥ Jod ol oa b oolar il Jlate oxiwlel oy o
3o Ui 1) Glialeylade olpen 4 0ad wla (sl yial bl

1- Gradient boosting

2- Breiman

3- Extreme gradient boosting
4- Holdout

5- Grid search
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Table 4- Tuned of algorithms hyperparameters

o 95! e (i liie] o joddy (g1aSnd (92 g (g b Lo ol p b ioudiid jlade
Algorithms Hyperparameters by cross-validated grid-search
Voo s 50 paenad (1350 ol 1 1550 oluw
The number of trees in the forest.
The maximum depth of the treev :cs 3 sos Sl
sl S p CE 5D Ges i

Random forest

AdaBoost

S Shs bal)S s
XGBoost

Olidy Jby ol

Y ..)yzéu_)wgydb)f)bf)\jd:ww);w.f'&yo;))ééw Jﬁ‘b
The minimum number of samples required to be at a leaf node
A g 4i8)S )15 )3 Wl s (3 )00 S92 gCam plXB 85 (ol Shog 5 (p Yt i Sy ST
The number of features to consider when looking for the best split
e S o 1S5 1y B0l Al a8 b Jde 3l sla e slass
The maximum number of estimators at which boosting is terminated

Y0 315 g2 (i) bnygd ol 5 653k (ie om (SilF A (o SIS ]) 593 8 53 Wiy 53 Wi 8 wrew 1653k €5

Learning rate shrinks the contribution of each classifier by learning_rate
¥O (Jdo (6500 @ladd dlass) UK 3 paenad i3 3 slasws tba Jio dlass
Number of boosting rounds
Y ics ) Ges ySls
WY 093 58 5 e (59 S8 s xS0k £
Learning rate
as dmodls gliad 13 L S gjlolis w1 5,8
Specifies the kernel type to be used in the algorithm

SvC V0 D9 oo 0303 Llodds (gandtwd sl &5 oloedld 4 &S (gldas > ylise wudas yiol )b 1€ de > ol )byole
Regularization parameter
o s b))l mbs =0 Joua
Table 5- Results of models evaluation
Jue V590l dSgezme v yilojl dsgeme Come Cdd Jlgdld F1 Ll
Model Accuracy train Accuracy test Precision Recall F1 score
Bl S5 937 923 85 68 75
RF
St 92.6 92.4 87 67 76
AdaBoost
ke ol o 94.8 92.1 81 72 76
XGBoost
i Loe
ol bz Owtle 925 92 65 87 74
SVC

del.’ioblbd&wug_&d”)gom aslo e @L.: LS oy
bzl 5>l (g0l (slmodld 5l Jiume g paess b8 ol
Cygody ddgl (slaodly g o odlaiwl K jioyl b ol jor &7 Polite
degede pj Sy Axdd b Nigd o mandl dsgedtenj K 4 (ol
2 9y S Ghjssl sl S UKL g (omiliel gl
pIsl ol jlil Glyieany (omwlisl K ol :0ke coles

g0

1- K-fold cross-validation

o i ol 1y 230 (5 0 Jpi oS pgoilen
Cewahdl Jao (650 @gla b g pady K05 jlws b Jio jLiel
Slo3p g e bajbae olul g wizen )l 6k 3,Ses
e 3ySlae ity oy oble 5 Cungldl slo e o 5y
9wl cla Jte F1 jlae olul 155 b s plo & cas
2 sladie 4 cund 52l ol b Sl Lal)S cosls
Lyl (6 i 5, Sles

Jaliie caiw el
aS 4Bl Jro 2l by, 5 (S blie (i el
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Table 6- Result of 10-fold cross-validation

Jse Cowo 3y las bl Bl ool
Model Accuracy Standard deviation
Bl S5 92.1 0.011
RF
c,w;yl.ﬂ
92.2 0.012
AdaBoost
Sl Lol oo
XGBoost 91.9 0.013
Ol Pz oile 923 0.013
SVC

I

as1 i l

i

AF AdaBoost ¥GBoost

b e blite e lisl glam jlages =T JSw0
Fig.2. Boxplot of CV scores of all classifiers over 10-fold stratified cross validation

True

Purity <=83.559
gini = 0.441
samples = 184
wvalue =[98, 201]
class = namatlob

A

Time interval of drying off to crop harvest <= 99.0
gini =0.5
samples =77
value = [61, 63]
class =namatlob

()

TR

svC

Min temperature <= 23.534
gini =0.425
samples =92

value = [111, 49]
class = matlob

()

()

[\

L;‘?DLA.’ LS.A>/'. oo 5 Ot{:;).) 4.@90700 )‘ ) D)L).AS oo ) “)b )‘ (?ADU& ‘.—‘H ‘&M’&
Fig.3. Part of decision tree No.1 from the Random Forest decision trees collection
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Table 7- Extraction rules from decision tree No.1, from the Random Forest decision trees collection

|-- Purity <= 84.556
| |-- Purity <= 83.559
| | |-- Crop season duration <= 308.500
| I | |-- class: 0.0
| | |-- Crop season duration > 308.500
| | | |-- water consumption per hectar <= 1397.852
| I | | |-- truncated branch of depth 3
| | | |-- water consumption per hectar > 1397.852
| I | | |-- truncated branch of depth 2
| |-- Purity > 83.559
| | |-- Time interval of drying off to crop harvest <
= 99.000
| | | | -- yield(tch) <= 74.989
| I | | |-- truncated branch of depth 2
| | | |-- yield(tch) > 74.989
| I | | |-- truncated branch of depth 2
| | |-- Time interval of drying off to crop harvest >
99.000
| | | | -- Max temperature <= 42.952
[ I 1 | |-- class: 1.0
| | | |-- Max temperature > 42.952
I | | I--class: 1.0

|-- Purity > 84.556
| |-- Crop season duration <= 494.500
| | |-- Min temperature <= 23.534
| | | |-- Crop season duration <= 376.500
| | | | |-- truncated branch of depth 4
| | | |-- Crop season duration > 376.500
| I | | |-- truncated branch of depth 4
| | |-- Min temperature > 23.534
| | | | -- Precipitation <= 0.376
I 1 1 | |-- class: 0.0
| | | | -- Precipitation > 0.376
| | | | |-- truncated branch of depth 4
| |-- Crop season duration > 494.500
| | |-- Min temperature <= 23.534
| | | |-- Total water consumption <= 30014.873
I 1 1 | |--class: 0.0
| | | |-- Total water consumption > 30014.873
| | | | |-- truncated branch of depth 3
| | |-- Min temperature > 23.534
| | | |-- Times irrigation <= 28.500
| | | | |-- truncated branch of depth 2
| | | |-- Times irrigation > 28.500
| I | |-- class: 0.0

Purity

Time intarval of drying off to crop harvest [N

Total water consumption ]
Month of harvest

Min temperature NN

‘Crop season duration

Age

Drain

Times irrigation

Chemical fertilizer

FArea

Frecipitation

water consumption per hectar

vielditch)

ariaty

Soil typa

Wind speed

Evaporation

blax relative humidity

bin relative humidity

Max temperature

EC =zoil

production

40 L] ED 100
relative importance

Cawgald] Jdo ;5 b yite ool —€ JSWS
Fig.4. Feature importance of 23 features using AdaBoost Classifier
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Y Ve b ooly oad (ganadb o Jolite oxiawyliel 1 Jlastuwl
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St it lm | e Bl ot litel gl 5 Joie

1- Stratified Cross-validation
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Purity

Crop season duration [N
Time intarval of drying off to crop harvest
hdin temperature
variaty [l
Age
vielditch)
Month of harvest |l

Times irrigation
Fracipitation
Total water consumgption
Wind spesd
EC =zoil
orain |
water consumption per hactar 1
Max temperature
Max relative humidity
Frea
bin relative humidity
Chemical fertilizer
Evapaoration
Soil typa
production

cew dw palycd gy ol 5lead gl (iled degese Y Jgis
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Fig.5. Feature importance of 23 features using Random Forest Classifier
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