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Abstract

Introduction: Sugarcane is cultivated on 135,000 hectares of agricultural land in Khuzestan Province. Some
farms operated by the Sugarcane and By-Products Development Company achieve an average yield of 125
tons per hectare annually, highlighting the region's strong potential for sugarcane cultivation. However, in
recent years, the yield per unit area has declined, necessitating extensive studies to investigate the causes of
this decrease and to develop strategies for improving crop performance. Sugarcane yield is influenced by
various factors, but it is challenging to simultaneously assess the impacts of management practices, water
availability, soil conditions, and climate in field studies. Therefore, modeling provides a viable solution. By
utilizing data mining and machine learning tools, we can analyze data to identify the factors affecting
sugarcane performance. This research aims to pinpoint the issues and estimate the performance of sugarcane
farms in Dehkhoda Agro-Industry using support vector machine and random forest algorithms.

Materials and Methods: Data and information were collected from the Sugarcane and By Products
Development Company and the Dehkhoda Sugarcane Agro-Industry Company for the crop years 2019-2023.
This included both statistical data and field measurements, resulting in a total of 2,032 records across four
categories: meteorological data, crop data, soil data, and farm management data. The study focused on
various variables analyzed using two algorithms: support vector machine and random forest. These variables
included crop variety, harvest month, nitrogen and phosphorus fertilizer application, plant age (first crop or
ratoon), irrigation frequency during the growing season, the ratio of sprayed area to total field area, soil
texture, soil electrical conductivity, water consumption per hectare, drainage rate, field management
practices, length of the growing season, field area, sugarcane yield, and climatic conditions. To evaluate
model accuracy, the study employed three indicators: root mean square error, average absolute error, and
correlation coefficient. Modeling was conducted using Python software version 3.12.4. In this study, 70% of
the data (1,626 samples) was designated for the training set, while the remaining 30% (406 samples) was
used for the testing set.

Results and Discussion: The scores of the support vector machine and random forest models, with
sugarcane yield as the target variable, were 84.5% and 85.6% on the testing datasets, respectively, and 86.9%
and 87.1% on the training datasets, respectively. In the experimental phase, the random forest model
demonstrated significant performance, achieving a correlation coefficient (R?) of 0.92, a mean absolute error
(MAE) of 0.34, and a root mean square error (RMSE) of 62.81. Various metrics and methods were employed
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to evaluate the models' accuracy, stability, and reliability in handling new data. The constructed models were
assessed using cross-validation, confusion matrices, performance characteristic curves, and sensitivity
accuracy curves. For sugarcane yield prediction, the hybrid classifier with soft voting achieved accuracies of
93% on training data and 89% on test data. The accuracy-frequency for the sugarcane yield prediction model
using the random forest was 96%, representing a significant achievement in this research. This high accuracy
indicates that the model effectively identified and modeled the complex, nonlinear patterns present in the
sugarcane data. Furthermore, it suggests that the selected input variables had strong predictive power. The
random forest output curve also demonstrates that the algorithm performed acceptably in predicting
sugarcane yield. The upward trend followed by the stabilization of the curve indicates that the model
converged well and reached its optimal point.

Conclusion: The results demonstrated significant success in using machine learning techniques to predict the
performance of sugarcane fields. The random forest model achieved 97% accuracy, confirmed by 10-layer
cross-validation, indicating its reliability as a tool for sugarcane plantation management. Complementary
results from the support vector machine algorithm further support these findings. The balanced data
distribution in the box plot, strong performance in the confusion matrix, and favorable ROC curve all suggest
that these models can significantly influence decision-making in sugarcane plantation management.
Additionally, these results indicate that employing the random forest technique in agriculture can enhance
productivity and improve resource management.

Keywords: Sugarcane, Support Vector Machine, Random Forest, Crop Yield Prediction.



v

\FeF Y a)Lo.i A JJ> (‘_ngjL&fde.Lﬁ 4.1») u’f«b} t.s"’“"""ﬁ"

L w3 2 las ]

Ol 13 9 coniilo i 191 3 odlatul b JCAS £5150 & Wos (posd 9 Sbao ke
(loackad JKis e § Culs o8 4 18390 4llle) (RF) Bolai K> 9 (SVM)

=Y . | .
S e 3 S0 5 el

O 31581 O o g oS5 (655558 dSCE1S ¢t sy v 03 5 6550518 O gl 15180 sl (i3IS (g il —)
Ol 515l O pa g o531 (55,5 5aS” 0SS (s gy kg 03,5 52015 =¥

oy Wl 4z S
g5 4 1y Ol g bl Siglas S oy 3 HUSD 513 170 (Sl CanS” AAEA ZAR VAR gt IR
ENy= S o Shos a0 g Sbadsle (g ol 3 o .ol oold welais! VBT L Gy
Ko 9 Olwily slo g &f&l.o w951 3l oalaiwl b l.,\m" S S 9 Culs K Sl & .
9 Sl drwgl O o slol G (DMl 9 Wodls (5591 e (Sl g .l (IOl ..
1,'Cu4
B 50 usdd Kl Cwio 9 Culs O 0 9 Olw)gs Sl mbo ity s »
0ol LaGsT (6 705151 § Bodld i (68T @z cyizzo g 1FAY— V£ sy SA o
. . . s s .. N i‘;éél«afﬁ?
0818 dcgasxo diwd Hlgr 3 A7 Cawl 0313 Yo TY  Loll ouls oolatul (sdodls .uk
SLaosls 9 & Ls (sLaosls (Jamamms (SLRoSIS ( molidlsd (Slrodls ol Sgaxo 3 plos (s

S8 b3yl selaiedy ooliwl D)g0 BB @Sl .wl ol LT 42 ) 30 Sy g
o gL Gl Hud Lawgie dlad Dl (pSle 4l Slas 1 fold oo
T b oolann! 3.12.4 dseis gl 1381e 5 31 (Silw Jow STy 881 (ot
o=l 0 S0 1 folge 45 18 Ol ;K & Sos gl e g abHle wyp
4519 ol ik 9 IS (6 kol ( i) 9 Sl 1l W sle A
9 Sl (B9 (o) Oldes ) Sile 9 B low 9 DBT (Jgamo
IS 9 O (S gmir (T 715 ¢ Jruomo SR T § ol Jolge uisld g
9 Olwily 510 3 pamible Joroo Jlaol 308 (SIS 93 . (K g 9 Sl (8948 S s odge #
degazmo 33 33 b kie Ulgic 4 S 3 Kot (B 8 53 b Sl Jir
Ao 33 A0/ 9ALI0 i 5y aloiT Sed1d (89 3 (bo3T 9 bigel o81d Email: n.monjezi@scu.ac.ir
A 50 30 0T Cawd 4 Ao 0 AV 9ATA i 4 gl (Sodld (595 g 9
CIAY il g (RP) (ot o o Ly SO i Joho 8 Khos 35 o loT
(RMSE) Uas Olsy o (5Slo 4y 5 9 +/7E 519 (MAE) Gllan Slas 1iSilo
L S 0 os w i Jowo Sy (Slasl $-d8 .09 d>gi BB NY/AY gl g
! OARITLE YU oo (pl T Cawd 4 o yd AT ol S 31 od ki
SLaodld 53 3990 (o pwé § ouuzmy ST 55 4 dlilyd S &5 Sl
45 A o QLS YL C80 (ol (pizmed .S (Sl Jow 9 (bl 1) ;i
YL (TS (e g D308 3 S (Sl ol Ol (63959 (S ke
J=K> Jon 99 38 (Silw Jomo gl wlaw! jo (Cpusxod (Ailod gy 518595 ¢



mailto:n.monjezi@scu.ac.ir

A

b S ol s Sas ad 5 Gbadle (s 5 )5

3 ylos Ol jmn yt IO 51 SL ke (9 yFwge Oty 10 3 cmile 9 (SOl
Wl OLE o § (039 58) (o2 loowis 3957 O 3a0 ¢ guamo 43 19 ¢ jid J guasmo

guj;w,\w,,;u\.@\awfawﬁ;.y@\f
St g 3 Skt 1y JE 3 g kit g 3
Ll S5 b s 0¥ e ) 53 e e Sl )l
Cel aS 5 s glaCianss dai glukd » IV obasssle
g oty p 5 it s 5SS Bl 0k
355 fS 5 7S OT by e b 5 ey bl s

a5 el dlien (gla b ST o St s Slas
G50 pdlfl 5 ST (DT e ke b Olejon gy Kl 4
(S3bddn gl S 3 s ke B 53 St oS
09) Sl s ol 61 ol

Iy Laosls dtl 5 oo cpdle (5,8 3L 5 535 03l gla 3
S Gl |y e 3, Shas 1 50 Jil s 5 Jdos
3 in 5 oo DL 2l el 5 gl T 550l
B LDl 4 10T s 5 Laess 4 gamms 51 Ol (gl S
S ) 3 ile (6,85 sl ) (V) ol 0
(o3 78 35S 08U (65588 N pammea s, Shes
Llazils

;&ﬁ&é\ﬁ(\\)wd)&n}ﬂi}f@}l{
03Ul 05 Ol (6 yaebs 5 Ol )15 5 pile Juke 31 00 i
3 ble (il Jde U5 ¢ oy 51 Coka i S
0153 Slas st 5 05 0k 5%k dobe 5" 0ty
s e des ST s Jolis) sl ga glaesls bl
313 L b el 03, (I3 S > Shes 5 i sb s 5
3 ket i 5315 (6 5683 gl 05 O (g pael o
Wl Ul Oty 13 5 piile Joke 4 S O i

L1y o s gt o b ot () 0 S 5 Ll
sl St s, Shae st 93 (5SS slagz, S
S 2, Ses o iy s a Gl ol 5o a5

1- Kavoosi-Givshad et al.
2- Support Vector Machine
3- Hafezi et al.

doio
Ol (551587 (gl 51 B Ji5m 1Y ¢ Kt 28

Sty Cia (YY) Sl o3l jolatl s o 4 |y Ol s
gt S5 B 5 Ol 6 Rk St 5 S
,L:iﬁ,\pwﬁégd}w)aou;f@t?éuﬁ
A 35 S 5 O ke 3l S 6l 8 Sl o
IS U5 4 S8 ol Gl (W) S e 5 S5 5
BEREPU- PRS- adzie 5 0l ! ol (g 5, 4laS L;LmTJaé
Ol 5 (ol oo 5 St 5 S5 050 5l (5
s gnamen LS 3 5 Y0 Sl 5 b 4 YL
S (gl Oy 0 Ol O gllae sloail Solis &7 305 o
b 5 S dnn 5 S 5 Slas S (Y8) el S
>}.?3L;...,\_.2@J.L\\‘/\~ ans ) Oew )y & Ol y3 il
AN S s o 5 sl gladl s Oyl 3 Sk
)3b\j,uﬁu(s;\)mj@ﬁvj,5\;6),;&)
ades 3l (g3d e J—iYJ‘l—i‘ﬁL&aﬂr{:ﬂ calsl 5359 u)lk.ack.w
S35 o dame S5 G ST Sl W5 4 a5 pe
30 YL (o5 S slapble 335 [ 4l ST
(IS 5 T 5508 55 5 0a)lS il 55, T (6) 55
8 5 S e 035 AT ke 53 8 sl 6 5
CL_.Nbl,)gﬁ;g;ﬂ&....,uﬁg\?)\,;ﬁk;u,,
A5 ol Jdly B 3,5 My S22l adl sladle & o
Sl S iz 203,503 5L 5 (Gahold 5 g2 (S 53 5 VYY)
S ape s s dla J )
55 ml modhs Cowlozg 2als OT JS W5, Js
33 St d g 3, Shas (Sike s Sotr Sl ol
5,8t e gl 5 (6 S Sl 5 iS
AL Wl 3 g s 5 ST S 3 il e
LSl 4l 5 S g0 s Shes 28l Jlo 5 81
153 s Sllan & 315 gt > Sas 3 5 5shate 4

5 Shas cpads ¢ ool Colutal 31 (SS ha g3, ol 53 el e

AL als u:*i‘)é\ 3



14

\FeF Y aJLo.i A .U;- (‘_gj)jl.,if‘j@.l& 4.1») u.obj t.s"’“"""ﬁ"

St 3 dher 1 e (5,8 5l Caltine slag s SISl
N JONP- A = R R Y SO J PR
Sl yer >, Sas by 1 (e 452 5 XGBOOSE
(o ey s oLl @l_:; ol ol asla il O yd
oyt s sladie I 5353 XGBOOSE Law 5 sukeTwsay
W IOV st eSSk

e llin s g, 0SS 510 0K 5 ol 5
ol Uy J g 3,8hee 2 i (812 cile (6,851
dbb‘;abul_m‘okw;‘)dhduhliad&Q‘)wdﬁf}k
A3 e S5 an 5 G 354 oyl ool outa
:&Mglj.:ﬁ:ﬂ&&ﬂé\j(ML)@&h
Lol Sy adle (6,8 5L Sl okl b Laosls o suamme
Q.uas\sjoT)Lg”Tcg?\}_?uQ}rﬂ;)JJ.a&.&
Bl 3l sl Ko oFFANS llas (sl Siln
35 Jos

e S J g s S ) I 5 5
(G ) 3 05 S oslitl Olixly s il 5 o g
50k s 1 pmble oslimul 5 ye (sLaodiS gl uaib
AL Iyl oy Aoy (s s SRS
ST 5 Jolut (glos ¢ S5k Ol e tile gla pel )l o3 5
13 0l gk A ool S PH e 5 by Sk 5
a3 o ) 1) i 33 3l Ao 3 ATIAY s S
ot Bl S 5 2S5 65 10 OKen 5 I

il (5,550 5 (3lats (sladie I (s pvamme 5 Shos

s andllas &S 1)) Cota b Sladios andllas oyl ks S 5lited

Colwand Jda Sleslenl U gl 5

5- Panigrahi et al.

6- Fegade and Pawar
7- Batool et al.

8- AquaCrop

o sl sy )l
el e (S5 (sla s 5 dowta o Olosle Ul STST
(i 0% el (683 O £ 02,80 o8 s Ol s
e gy 3t Joo ty S S (slaesls 3 eslizal Lo
S

5T (S s oS Slasniio i (6 5 5o (sla Jole
Jsb 55 BT Slelu 5, Kibe 5 o)l a5 ST ST
3 8 oslial dlo i Sloj alie 55 5 J guaes Aiy 00
Hoslitl 487 Cl OT 31 (Sl (G 3l outeT s
ol e > St 5 5y o ST S clo ) S
el 0313 ol B o guma j o ]y 2 i o8

Ly Y gz > Shes gt (10) 0, Ken 5 Olrlale
Slacs )3) ble 6,80 Loz PPN
S g 5 Oty o 0o § ¢ ol R 5,8 e
N guams 033 iy (8l 15 g0 45 Lals 4151 (0bsl 5
35 o3l Aia 53 aiS g gabr (Gl )3 0dd A 5 des
&‘_«."-J)O}:&';)‘O)L&Lﬂ\)}}ﬁ&lﬂd#dﬁ)})‘ﬁcw@u
ot (49 85 0 720 Ly d e S 55 (o
5 St Oy s 0 55 8 J 3008
313 ol (JAY) 283 o a1y  aes

3 Shee i s 3OV 0L 5 Kl S
o=l 03 S S eslitud cpile (6,8 5L (ladite I J guass
Cdls by Sl sele 6,53k o by Sl s
3590 53 Sl JE 5 15n 5 T (losls alasl U guaes
Jges 3152 T laesls b oslized W 5 g
sl o Caden wlin 5103 5 ol () e 81
(B3 J Koo 3 b Jlods (65T pmesr (slrosls
34275 3550 Oty 135 0 85 5 (Glébeor iz O
ke oy g oy R o 313 03 s 28 87513 Lo
5 st o S VI A (sllast Sl o Sole 4oy
o goen (Sl Kot o 45T I 530l )3
sl Ll 5 5y AV 5 /AVD alive SN guamee (glrodls
A el S ame 53 2t > Sas gl s o2

(Sank a3 Shos i (513 (YF) 05en 5 o sl

crl 53 s S oslial gdle (5,875 slag S5y

1- Mahajan et al.

2- Random Forest

3- Kuradusenge et al.
4- Sarijaloo et al.



¥y

b S ol s Sas ad 5 Gbadle (s 5 )5

F05 A Lo e Il el os 8 Al dleles
5 6 OT Gl (2 s b s e Y dadas oS4
oW ‘;u aids Y0 g a3 g 8,5 aids P 5 s FA
ool b B g AN Cris 5 ST ol o)l Al
I8 el S 5 e Ve i dle s 0T 5o uls
50T glresysl 3 5 e 5 A YA JIFe i o 5
RO RPN o
Bodld wild g g 9 S92

)lf:a{ui.mj}vdlj.sgs"b)&bljhe;\;LngTCq-Lglj
Ol 3 i oo 5 S nen 5 S0 LT 5l b §
S pls s Siitng o) sal 5 SLides o so
Gladlu j3 s Sis Cais 58S &S 5 5 Ok
slaels gl wﬂc‘:“? opmomen 9 \WAVAFY o))
jéjbwjjéjyduﬁ.ucéul_m‘LAQTng_:o‘}\vU‘
an s i fols dslar [ 5 bty s 1 bl ) S
b 3557050 155 (gl 255 (Ll 5y Olo e guames
10550 5kl labs 345 0515 b ol 228D oS
T L) 4850 (Sl el S (£ o b 5
Cobr ST il ey IS 08 Combuve gy o 2o
(i858 Ol e S 53 ST U9 eyl (S S5 S
Sl ¢ 25 Jad d b (A 5 Dy pe) 450 2y ke
S gl s T sl s Sids Shes cas

e 3 S S adls YT Lels ot eslid (glaosls
(Jgvama (Slaosls ¢ bl o (Slaosls Jold 0313 42 gazen s
bl 0l JS“J 4 im o pe Gosls 5 S (glaesls
e ludde (gl oslizl 3550 (gla e K4l 4 g
—oe Soedly sy 3 gy ol e csils LSS
on e 4 eman (V) Sl ol aslid ST
3 (S 5 Shas) iy itn b Jiron (glo it 0 (S
i ) e 0 ) s it Oy S
Syp gy Slagke Co§ ¥ gl 5 @S (la i

.u\A.}uA ol \) oslazl

3- Min-Max

Al o e ey 4 (YD) O 5 ol
23k Gloj (G pm Hod Jlesliml b ple is (g5,5l8
SNDVI Lasls  cadlas ol s zsils Y futn ol sale
won Sl Y Jt oglsale 5o I lawie b5 g sl
o 5o s ke b S gla it 5o (S Ry by
S oslital b ey 6 )lS (seisdihs A oslizal Y VP e ol 5
SHoslial b gl Coms 5 i el Sty 3 cile 02, S
&y gtards Sas oS s Ol @Lﬂ Al oo ulslS glresls
Ol 2s Ao s N s (S @y 5 doys WE &l 2l
5 il 5 yublS ghaig YL Cis eas Ol =B
e (555358 S ¢ 5SS
sl 0 o3l (g9l 0005 gla S, ) LBl Jiag 5s
Cetle 683k ¢ s i go dnosls oLl (slas )55 (oS el
9335 @l 5 (63 S i) U Sl o o 93 1) 5l ol
iS5 s 1 DLl Lnosls SIS gl gy 53 ' S g
uj@;gwgmnﬁbguos\sj@j_;\v»ﬁh}iﬂ
Ol (5L 0313 (gl 55y 55 pimmad Lol s 3 5 O3 U3 o
aylg ST Cosl el 5 o e dile 48T (Sla ke oo
o 038 3505 5 5 (ol Dlads Sl (ils  Oley e guames
S LT 51 ol s ol L0 oy s s 4 s e
3o ed 5 Sty S8 03 63,0 le-“r:i)j—iu
g az gl ol g 53 sk 5 pste ($5)0laST Y e
AL oS S s Sl JIE 16 o e ol
ol Ko 5 0kzty oy eile ﬁ)}g‘ Wy (AS 5 oS
O 3 (Sa e G 53 pl Sl o Sl
02055 S eslizal b sens S 5 28 S gl 5 Shee

b sty y ol ) o ala K 5 Ol i ouble

by 9y 9390
Al 390 Ao
do gl Ol g Jlods 53 s S Cmis 9 2S
o3l 1YY edlS (08 albiag) b @S bl ol fuslo

1- Rezaei et al.
2- Sentinel-2



vy

\FeF Y aJLo.i A .U;- (‘_gj)jl.,if‘j@.l& 4.1») u.obj t.s"’“"""ﬁ"

SVM g RF sy 9, sl
(SVM) Olusly 518 9 cpadilo

il 65k 0, S S Olsty Sl ool
ol gl ol o Sas o S el (ML)
35 o3lil J pams ;i Cu ke 1 (2 la ol
A Lo il Pl 5o Olndy Hls 1 opdile
Aile 3,8 o 13 oslial 350 0o S5 5 405 8
5 s oml o3 il 8L sl s, S0
ol 5 il ddo e 93 @ cdde Sl T 3
Ly ($obal &)o@ aosls (piomen 350 0 oS
oo S ealiinl b cas ez a5 a WIS o Lok
SLade pamn 4 ot sdaih B3lal (5 S 4 ped
coleT L 5L Wledss - olsT s iiseT
AL esls S aline (4 sazma 2 53 la WIS S
laosls 3 osls Lo ys Ve u’..i')'}.eT slaesls e
ﬂ)jﬁjléugﬁ)w\ Laosls dwoys ¥ iole3T
3 sSS Olaiy s 0 edle S o Jas 3580305
Cewl Laosls  last ol Oyl (gduazas s A,
A(Yo)

dmio pl S5 L Oty la p ol Jol o]
1S Gopb 4 el (58 e o Ol o o sllas
Alad olaesls A8 STus 1) WIS 95 o alold
g e ol Ol i Gl ,ls s (LIESSs 5 amio
b O smodn Fls j3 Laesls 4SS50
L5 4 o 5 TS S L el Bl syl
Coses L slad 53 g Lsd e Jite 2l sl
Gt L odbs i 01 B L pd o I
G S O 4 el b S LYY 5 Y) 5 S
Ol sla S as clas 1, S iy clacs
M3 93 (A b ¢ S @5 3 AST o dmloee

1- Machine Learning

2- stratified random sampling
3- Kernel

4- Inner product

Wodld Awogi fuls

2l Sas s Sles 5Kk (L) Y S8 Sls 4
G AYAY Jlo ldas e OLES VFAY = 1F0 Y Sl o5
Jle )3 5 adls g3sme Ly Sis 3 Shee VFrY
Sy bolen .ol odey 345 Hldie ST 4 VFOY
>J§.L..c WAL el Jle yo das e OLlES Gl sl
5l Ll e oSl als (¢ Kk 3 S
Gz Ol Jalse opl 51 S sl alises ulse
S g5 Sile (D) Y S s & cl S
das e Ol 5 odd acnlees YFAVIFLY cladle o
sl Sl e Goss Ol VAR ol Jl s S
el 03 g L

Slaa,ly S8 4 Sis 5 Shee o S s
s ged a4 a5 Ll i a1yl ey b 5 Calida
WAV gladle s 1y 3 Shes o 2 IRC99-02 a5l
S VFY G

3 lee same & 238 s Ul on IS S5k
4 lids 5 dyls 285 g 15 3, Shes Sl ki 3 a ke
LT sla o o8 ol Ly Sty s bl
S g S ol gl 4 538 LT o S s
o)l{d\)stngYl{J:l{uubr:L&re#Oltﬁ
oslitul uile 5,5 ab 5 sl esls Gla i, 5l b
Jos ol &1 51 Doda ol ST SYRET
S Sl &5 pl O3l i Rasy ol 03 e s
Sosp A8L) ol &Gl Ly b (oS s
Jolse 5 Asb Cmdly Gl WIS W (ST
Lyl 5t s See palS L il s il
el Gl Lo S SbsT Bl ol sl
23 s sk plelis s Sles SIS S Gle i

Lsh 4,88 & g5ledds



vy

S gl s Sas e 5 gbasdle (s mte 5 505

L= o)) e ) oS 95 a8 Cil ami o
O‘j@bwﬂ‘dﬂ"’u{‘*".‘&j‘@B@"*m
S5 0k ) el b

WTle(X)+b=0 M)

-0.8

Production magaﬂemiatj FUJL,. :
arm Jf
Variety sy

_Harvest time 222157 505
Times irri tlon 6 LT Sl Sl
J6 wu
Chemical fertilizer consumg\ﬁo’n
Wiater congimgtion per hectal s
otal wat rconSmegfon e s u’fA‘

EC ool t
Crop season duratldﬁ g\ﬂys b

intem erature o~ o5 il
ax femp eral Ure 512 o
Mnrlat arl preci |tatfo” 4;) utﬂ
i iV
M ax relative hummidi “"“‘; {
e 2l
Eva oration .5

o (Stmlos 0 5L5 050 1) e S5 sl o
A p drlee YL A L 0T i
Sl Do ol @ Oty Jls 2 bl LS s
S Aib s e sl slaesls | A4S 53 S
NS 58050 Xi 55 g osls 0L (Vi X)) L eSS a

JSL.’. cloda .Cwl QT e y,E {1, -1} 9 S\

-06 -04 -0.2 0 0.2 0.4 0.6 0.8

(5 3 Khos) diawtlg yuin b S (S poiho (o (Shmradd (1) O
Figure (1) Features correlation with the dependent variable (sugarcane yield)

LS (S piin o gi (1) S
Table (1) Description of discrete variables

[rEy J:Q;nflj o3ls Cy R (o §
Row Variable name Data type Variable description
1 A ke Nominal ! 1,2,3,4
Production management
(S e i o e o o i e oo
2 i Nominal ..l X
Soil texture sandy clay loam, sandy loam, silty clay, silty clay loam, silty loam,
clay loam, loam
3 Farm «s ;. Nominal e (440 Farms) «,; 440
4 Variety J sess 5 Nominal ! SP70-1143 . IRC99-02. CP69-1062. CP57-614 .CP48-103
5 Age oS - Ordinal .5 5 051y S L 2555k gl R 50t S 036 ¢, 4PC
Cals ol Nominal ‘ Ll ¢ peg 63 3T LT YT RIGN-VINES | FRNEST R
6 R S April, May, October, November, December, January, February,
Harvesting time
March
ol T Solads sldws
7 Number of irrigation Ordinal .5 5 (12 to 34 times) <. 12-34
times




vy

\FeF Y aJLo.i A -U> (‘_gjjjuf‘_;..l:« 41») u’.cbj t.s"’"""'ﬁ"

Qg S ke Lo gd (V) J9oz
Table (2) Description of continuous variables

. R U | . ) L .
0 Variab| J s (Variable description) . Cas 5 Wnit) a1,
Row (Variable name) Data type
de
1 Areacsls , J6 Colus @ 30 ol (ha) s
Numerical
) ’; e _
2 Chemical fertilizer Numerical G Sl Frae 25 IS Ol Kg/ha) ;s ¢ 55k
consumption
2 S 3 T o jee Sade 23 LT Cug a p3 a8 50 a0 o3ls OT Ol 5 SSa s xS
Water consumption per .
ptionp Numerical S M%ha
hectare
5 oI S3de . . - . . e e
4 Frae 2l . . S s oy Jad S 53 ST o e IS 0l ? j's' -
Total water consumption Numerical M°/ha
. _ de - LSy a2
5 Drain - = oTs; JS @ 30 S8 s S0k 5l T Dl K f~3~ t
Numerical M°/ha
6 Yield s < $3de c!a... do-lg g3 el Zils Jg.:.f e ton/ha) ;s S
Numerical
. s, 5l am EC ssde Sl Slbes S ey ST 058 (S lin | ASIM e s e
Soil EC Numerical J e
15 b s Lods L;ljg_;g_i\bﬂl]\;jfoh)'@ifaj\}t)lj‘.«k;lﬂ )
8 . . ) o o ) Day) 55,
Crop season duration Numerical | dm ol b g8 Sl Sloj ol (o5,5L gl
L&':J{UgTdaé@b)'ﬂ\LaG Uu)}pé)gdesTag&éé;ﬁoujcu
S e _
9 J}.am %egyé&ﬁ)dw&hx@w (Day)j;)
Time interval of drying off | Numerical (oosllas Su,
to crop harvest
SICE-PHESPINIL S (FPCI P KR <
S P e I tIN e $3de . . sodn
10 _)P & ] Sl 1355 Sy ot S o ly) I o 55 55 e T
Min temperature Numerical _ Celsius
RSO PN T 6;
- gyl b B ojl s Sl ae s ST o Sla
Sl o am s S | $ode . A P
11 e ~ . SN a5 55 s S (#1552 53 5 85 T
Maximmum temperature Numerical _ Celsius
G PR sz:f
S . $dde P03 s e bV el s Sk Ol o Soka
12 u;"")lf Ol e (mm) x GL‘
Mean precipitation . el ek S S Wy oo S (S5 I
Numerical
" — gyl aale P ojl 53 s Cushy filas 5 S0le
S Casb,y Jolus ¢ Lo
13 e o oIl &1y Loy sy & (2155 b 2 53 55 e
Minimum relative humidity . _ Percentage
Numerical el ok (6,8
- — g b B ojl 53 b Tusby ST Sk
e S|
14 _ *5’“""’1’)_’5 o I 6135y Sy gt S 2155 Il a 53 5 a0 Percentage 4.,s
Maximum relative humidity . _
Numerical ol 0k (5,8
23 sy = gy aabe ¥ o3l sl s e o Sl
. A =
15 (Wind speed) st s ¢ o 6 ,E o311 &5, S pons S o5 dl pn (M/S) 436, 7
Numerical
W]
. Ssue P03 op b g b ¥ ol s o oSl
16 Evaporation ,s.; _ mm z. L.
Numerical | -l o (6,8 031l &l 55, &y st 47 8155 L




YYY

S gl s Sas e 5 gbasdle (s mte 5 505

100

89.08
00 85.74
% 77.54
\% 70 62.65 o
N 6 55.69 57.
EEIRCEE]
A
=
\3" 40
) 30
20
10
0 . . .
1397 1398 1399 1400 1401 1402
Year
=i
@)l
10.00
9.00 8.65
b s 800
4 5 700 6.69
o
E E 6.00 5.66 523
5 =
[=]
\3 5 50 4.21 3.98
L S 4.00
=
2 300
A B 200
1.00
0.00 ‘ ‘ ‘ ‘ ‘
1397 1398 1399 1400 1401 1402
Year
==l dle
()1

VEY-ITAY Jlojojl 53 (@) & S59d (ko 9 (AN i 3 hos Slo (V) S
Figure (2) Average sugarcane yield (a) and Average soil salinity (b) in the period 2018-2023
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Figure (3) Sugarcane yield by different varieties and growing season
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6- Cross-validation

7- Confusion matrix

8- Receiver Operating Characteristic Curve
9- Stratified Cross-validation

10- Yamparla et al.
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1- Nader nejad et al.

2- Ensemble Vote Classifier
3- Meta-classifier

4- Hard Voting

5- Soft Voting
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Distribution of Yield in Train and Test Data by Class
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Figure (4) Distribution of sugarcane yield in training and experimental data by class separation
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Table (3) Score results of target variable models for sugarcane yield
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Accuracy of training datasets | Accuracy of the test dataset

0.982 0.859 b P
Random Forest
Olecio s il

0.854 0.841 OES BA o

Support Vector Machine
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Table (4) Hyperparameters of research algorithms
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Optimal hyperparameter values s obtained through network search method with cross-validation Algorithm
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Number of trees: Number of decision trees in the forest, 100
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Maximum depth of tree: 7
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Minimum sample at leaf node: The minimum sample required at a node to be considered a leaf, 12
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Max Features: The maximum number of features to consider when searching for the optimal split, 7
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Kernel: kernel, class separation in data space. Radial basis function kernel. rbf (Support Vector Machine)
VO 4:}.2@ 0313 Llodd (SHuazws .:l:.:.i:l "y ‘j_l.anl: 4 ny 6‘4.&;‘_)? Ql}:a ‘,.:Ja,i ):.al)L’ C oy o ):.al)\.;ljé
Hyperparameter Penalty C: Parameter that adjusts the penalty assigned to misclassified data, 15
Y Bl e et a5 b peS sl dr sl BT 1LE
Gamma: Kernel coefficient for polynomial, sigmoid and radial basis. 0.3
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Degree: Polynomial kernel degree
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Table (5) Results of models built with optimal parameters of the target variable of sugarcane yield
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Accuracy of training datasets Accuracy of the test dataset
0.871 0.856 ol Ko
(Random Forest)
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(Support Vector Machine)
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Table (6) Results of the combined voting classification in sugarcane yield prediction
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Accuracy of the test dataset Accuracy of training datasets
A3 Slas b Sl o5 5 Ay
0.89 0.93 Hybrid classifier for sugarcane yield
prediction

Class Probabilities for the First Test Sample with Voting Classifier
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Figure (5) Class probabilities for the first sample of the test set with the combined voting classifier
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Table (7) Cross-validation Results for sugarcane yield data
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Figure (6) Box plot of model evaluation using cross-validation method for sugarcane yield prediction
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Figure (7) Confusion matrices for the target variable of sugarcane yield
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Table (9) Results of evaluation metrics for the support vector machine model
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Table (10) Accuracy of various models in predicting sugarcane yield

(Test) le3T (Training) 4T Model Js
MAE | RMSE | R* | MAE |RMSE| R?

ol e

(Random Forest)

0.34 6.28 092 | 021 | 571 | 0.95

Olzéy Hls 5 il
0.55 7.50 0.86 | 0.26 | 6.30 | 0.91

(Support Vector Machine)
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