omilo (Lo 59531 1 0Lt b 4l 59 iy yLs (i i g 3390 (S yiol 4 (L 3 !
(ledo! Hlw! (SSLLy 9595 (sl sa SUN 259 590 Axdllanc) (Solai Jio g (yluii 18

oWS>

A4

a5 3] bty gyl (e sl 0003 L3l Lapsliy (slodsS (glys 1y Lol ¢(g5,5liS SV guazme CuhsS 5 S 3351 V> mauslty Cosan
ssixcay) slaioss (SVM) ol o 5mil 5 (RF) (oot JSiz (sloritys) 1 odial singsy ol
ol (glas SleS AY jo salyly 00 dlawi jolaie e 4 Cunl lossl sl SSLly 5 505 UM 4D dwojp;
» oo sl pogase ppr il Gas )0 )3 ojie gludl Cugh) dops ol Jite (bt Gl &
yolie e g ailyad dtudls ¢ oo Y panliy « Sod 4Y Gos (o o Bes ()55 b colus wilise 3 5 alisee Gos)O
Sy ol by Sl byl cgancaglyl sl REJo )3 808 Jao 3)ly dtasly pite Sl o ke ol
s Jite slotally b 3] xSl ssbiie & SVM oSl cilie (sla S 1 aslizul (RFE) 23500 Sy > 5 (PPl
Olgie 4 g (o) MSE (slbd (265 g (s o oWl 9 A Sl 58 Guilly 35yl (78, 55,0 b Jis (sl it I ol (slocS 5
Slp duw @p Sp sy & SVM o )68l a6 g RF (o3 45!
JAY 9 AR S A e 90 2 (gly s G pes 0D (oS gllas

el maly Jls jle (inej

b ke p S5 slayiell
sloyiehly A5 (xS

ABSTRACT

The importance of potassium in agr
ensures its extraction.The purpose algorithms in order to prioritize the effective parameters
on the potassium grade of saline water i iabank in Isfahan province.For this purpose, 55parameters
were measured in12 drilling holes.The pa ent variables include the percentage of saturated moisture,
the apparent specific gravity and the rent depths ,the area polygon, the depth of the underground
water, the depth of the salt layer, th e surface layer, the density of the brine and the amount Elements of calcium,
magnesium, sodiu i ium were included in the model as dependent variables.In the RF model, the of (PFI)
ifferent kernels of the SVM algorithm, in order to prevent the collinearity of the
s of the independent variables, considering the variance inflation factor less than 8 and
nd the lowest MSE error,were examined and selected as the best combination.The effective
ssium of the brine in the RF algorithm and the linear function of the SVM algorithm are sp,
SAR respectively,which led to the best results. The coefficient of determination for both models
ich indicates the good accuracy of both algorithms.

on, random forest, saline water, support vector machine.



EVRY-N

ogt (ne g Cuoal g (i 058 13 ol Blge (el (sl s slajls Sl 5 Sl Cumer diogn A5, 4 425 L
(e glie 5l udS BB ol B a5 pler aw )3 Cumer (Il g8 e patuie ddien | by qesly
ool g s S pawlts 9 (buojpm; calyed Wd daw 45 .(Z0rb, 2014) ;,.M‘b ol ) pawly (ol jsbay
0353 (5 Ogebe 00+ > 4 398 o0 Cguims cuamily S dise )3 L Sy y9aS Y- g oo B ol

(IYAY sy goe) ol 538 13 ((Sod (oS (Koo poliy 0255 o (192

b O )ypods mawlly

S by
50 ,Sles ials 4

e S 39l98 90955
2011) 33,5 o onlio

ke o 2g1aS 45 315 oo ol iblie 3 ades jgbody ] 1D &S lie el (s (659
oy S L s Sidday 5 S 3blio 5l gk )afu.p 529l i
Sty a5 g £55 b ol 3550 5 Wil dSpel o aiile b Rod oy cpl 9
At oy 835 oYL polie (ol ol ues (Shaw & B

s gzl )3 e 310 51 (o (VYAY «s 4 gi0) 2 3 39290 mamlly pBD g (6265 (slaalygd 5l panls
gle opl 3l a5 Fhe (53l p0s0e &5 LI

g8 p (e (owdin sla gy wile egie sla sy,

| o don )l 3w g modls @595 4 ditanr o6 ylol o
5l odlainl  Same dlge ydlie peass Clagihcnly - 2010) k2 plodl 1y Sase dlge (peast o 3y Aislgis il
izl gisen Sl iP5 gl lagbsy 5l e o Al byt 5 5o sl Mo Vb B b 8 slosigg

alex | 2 odle 6253 lapi sl 5l oslitul Ll il (6p53k slai ;oS

ol (Gase mlio 2Ll B olewds; bxal (Sl asuis

1 3 32, s

o WS (sgias Jhon j BLs S e opile 650k (slapingSIl &S ol

5 5] oalitw] b i 3,Shas dgap )] Lol Baa 56 oo odlitnl YU luebsl o ps b Jgu8 b
doss F)las gl oyl b 680k Jald amod oz 4 hjgal g bl 2 Lo )sSUl cpl acanl (o5 50]
b 550k )3 S 0l b (6,500 5l aladiged bty Sy ndle g O bolad (glaJSix (slapty oS L L o e
A 3 9399 Slyear |y Jatae (slopite Lagly oS cpl sl (slayusie g Jiune (sl jasio 23,03 3929 jusie g9 93 o)llas
398050 3ml "5 (055 @l Sy cdtly oyt (e sl ol Banled (St 9 (sile e |y ataly (gl juiie U a2 S
Sl )p lgied o anl b cal A8 e glo e 1) Aty sloyuito plie g 03,8 0dlitsl (6399 i Jtus slo e | &S

! Supervised

2 Unsupervised

3 Semi supervised

4 Reinforcement

5 Random forest

6 Support vector machine
7 Estimator



(Ray, 2019) aly oo aslsl £ cdoay yapmsy b Jao "l yzol )y 18 walais s g 095 0 Jlos!

O (Soi loaplyd (S 3 oy dexl gl (oSl e (ol bulyd i 4 Sidass 5 Sis gble
SS9 9 souldl S Shy @ 425 b Wad oo Lo praly p185 (8L sl Bble (3 Srte Glpiedr S (0 ] ol

i)l SR onl Baa o (ot plo g )9S (NS Cutal (653l SIS0 ) 4 i b cul 3bls
5L slapt ol 5l oalazul b SSblo 5 y0 (liwped b 53 alipd pawly e (pes
Foe yll (s g rongiie g duia o5 ng sl ) Gy (Oledy )by ¢
5 preolty 253 51 ()00 S5 solaiody manlty sle Sioe S )3 ()L iy

> S5 oyl

5 Jsz) ol

9 oS0 () ol 00308, S & ol il 53 iane e e B8 S 15 il (6530, a5 5 esliz
w335 ((Pozdnoukhov, 2005) (sl «

Dutta, ) e slaosls Jul>s (Twarakavi et al., 9y g, jl ol B i Siw p Sl clale
{Moorthi et al., 2011¢ Soli 5 suaib (Dutta et al., 2010) Mb (2006

iguez-Galiano et al., 2012) (yoj Lidie (dnddl
Harris, ) _saxe dlge (¢,55000] (Na . etal., 2013) uojp; oo g3l e (al., 2015
2,8 o Ll .(Wang et al., 2020) Mk (Rodriguez-Galiano et al., 2015 McKay & 2016
ol K L;Lm\s,“*fa&e]o I w650 975 5l (b ks mwwcans 5l S 5 Sheng et al. (2015)
ol 0,95 ; b s 50 (o pd Vo v ) (YLl C8d I Jae a8 ol )l guls a8 455 S eolasul
B le obj) ey ]y Bolad K 0 we b S§ sl Jafrasteh et al. (2018)
o) 25Le) (6 )lol e SS9 (Gl Yain s 4 wle) indle (550 (slapy )5Sl
oucs B0 B+ o odlaiwly yge (gbayielyb b Bolas s o sie S ol L guls L 00 ,,l8°
oIl eslaiwl as” oy 4lis Schnitzler et al. (2019) e gols. cwl jlyes pm sye o8l (Jso
hons 55 polie e (sl dal)l8 13]G Wil o UK Bl Suxe ddlate p3 odw cdale obj,l cas
Al BlasT ool oL S o

B sigy g9lgo

axdliao 8 yg0 dilia

' Hyperparameter tuning
2LIBS



b adbate cpl ) )13 Sad Si oS (ppfog oS Cusl plediel Gl @l Gl 5 Suis ladbate (Sl 5 55
A TP L agda YV 5 a0 VY ol 5,0 Slaidew )0 iy mdaw jl 5o Vb lawgio gl b (xipo 5ol YVAF/TY Carng
sl peo 5 (1o jlu Canwl 00 03 5l (B b 428> V¥ g ax )0 OO U ddds V8 g a0 OF oldlss Job 5 (Jloud aids V)
o 53,55 pn 4 &S sl (65550 ol slaogS s ] sloogS ] KudS xbaw 381 b g (Sl ( (S o S adlaie
Gl 5 Sslb o )logd (s gy il of eeldl 5 20 8 e 0)Se Sl djpeS 5SSl g 58 )b (3o
Canbge V) S5 anl Jlo > casbio ¥Ye e L8] @lebo i ¢ jie e AY/A u»)l.‘—\n L3 Ske ol S ol da
dibaio (oldlye

0 ol 133 8ly SO 55 SOl By o 13 85 g taskS FA-0 Cang

el oty (Mo 39209 Jlate Sl () LML (p G eSS 5 (n ke 239290 b

ut.wl Bhl d.:ma.n.))yo adlaio 04 d)l.)):\ddw ailaio UJ“LEI)Q Lm:é}n R JS.MI
oW (5 50 11 b ol 3y

bl (s Jabiga 125« lase (65 paisad S Rl o] (olidSigy 5 0392 52,08 €58 31 Lo 0!
> ()i 4beS) (S50 g Ll SorsS (15Nl F g i ek £ 5lai 90 0390500 53 ]
05x0 9 0Ab (5 pSosre yoSuly jl slaiges ¥ USUE L0ud (65 05ll (g)ls Sl IY ya p> jielyl 00 dluss
P yisel gl 53L) scadgize (5)la> (Vb gladysa g oo o klpd s 4 LM )5 s e
P55 PBI-PDIS) (s yals ogasce p i (o> ml-nl5) (J5d5S piel)ly dw (gylin 4ileS y2 )3 b ot Wiged (ljne (e &
4 e MO jio Bas jlJolsd 4 iy a (g5 Ve Bas U (10 spl-sp15) gledl cugh) do)d 5 (oo yio (lo
SyiaBlo Voo Jolgd 4 gpte Ve U Y Bos g gpte il B Jold 4 5yt ¥ BV/O Gos I s te b Yo Jolgd
P> (JoSlS ol 1o (oygaboge g gludl gy a4 35S 5 plowl Calises Bas VD 53 58 e yial)l dw (5 Sojluil g (g5l

b 6 pS o3Il F59 Cagoy gy L gledl Cusby doyd g Clie (Ll S35 (6y9ebge L 6,0l ogiate



SIp) ¢ raw 4V ally el o3lisul L (@0 yio @p) ¢095 (S Colune (Araw (slapiel)l cs)lix ALSNY 52 53 (pieen
oo Sllas 3l an (20 (Bl W) (e Sl oo (b slogiolly o siogid weld olSwd Sl eolitl | (1o
b (oo yto Bl 2 p)5 o) g atpusls ¢ ipn 05 il 5 9 o b 53 (2o ellsl) oS Y Bas 1 (6, S0jlil o (3es
ey 5 (2 2 )5 0a) lygd matw (lie g ol Slule iy (65 So3luil (sl Alusg 05555 & yogiSy I oalatul
Mg) lygd wisie g (il p p)S ca) lypd wandS (logd wald ol jl odlitul L (3 p)S Potassium grade) )
Estefan, ) 15 48, ojlal o) liis b (genl it b9y 4 (3 0 p)5 l) cygd JIS 9 EDTA L (ygmml o5 39 40 () 2 )5

2013
omilo (5 53l (sl 595

Loy pYL LUle g 8y s a4 ol cpl S > ooty |y diane Wlgs e 0uiiST s i
)5 0y (SVM) gl 5l oile 5 (RF) (ol JKix pU & By yme oSl 53 51551 (650 (gt

SHolas o> v 5951
o w4l e > Jgemeysbds a5 Canl b8 jluy 5 o3l uile (63500 2yl K (RF) dolas S

3 og,S S brl LRF .l cawlio (190055 w2 9 (sbadiiond Bluwo (sl o ool ol 23 oo bo 4y 1) Jle olis b ey
Gy sowanas €50 (3L 2w 5l hay cpl 50 (VYD cgypallie 5 pod duel) LS o Jos Bl Cjaods proual S )



o g oo Ol Woaly 1 8ol diged S 5l edliinl b Bolal Ojguods )0 b gu so odliiwl olod Ao 4 e
Sgdse i (gloog)S 4 loosly pundi sl Il 9 s Sl €853 1 (sl baisdgyg 5 o Sy jl (Salal dsgecmenj S
calisee (glaog)S 4 diges S &) Ci 0y (Sa,leds aad o pbsl S in SO Al Gyands CE g ya @xblyyd
Do o yasuie diged yb (gl Cunlie cu p s )d pl lawgd sadosld (gly dlaw oy iy Judod b cculpdyd S 0SS
(Nitze et al., 2012) 54l oo ylio)) 0 1y Jdo 5,Slos § 8> gm0 9 03¢ o3> )3 365 9 lyuii b ) 5ko Hlous o ol ]

Ysosn L5 0! J

wd 50 s oSl
> plsil (65385
JSi> 51 fal., 2018

? a3 e ploal YU
IV PR 500 R WERg KV

s Olg B ST gyl po e

i@y RE (pzmed 358 00 odlital (o cladde 3 (S5lp pia oM I (68
e B o oo oy ooy jo (g yude leMbl jl s yd (ool ol jl (S0 po b g Cw
Mohri et ) wib oS ba Shg dusd 4y o 03> (cladiges 2w 45 ol a8 Sloj 03 gt
€83 b g Vb o po b ) (tiaaiond o 58 9 9948 o0 3lisl 0313 (slavde oo I gyl

Sl e85 Ghlie oo b bao JIRF w)bass Jas Gl s (g5, wiile

Losly po (gyui ledbl I U dad o Sl v )6 oy 2550 51 0L ol

(Chen et al., 2020) wb cuws osls 538> slably

oty 519 33 Gomilo i 59531

Ol (650 gy S (SVM) pluidy Yoy il
-| P el g Vb oLl clde 4y (oSl

ol D9y B a4 gawyS) g sanaib Pl sy

8 295 9 909 sodl lp Ty b o piag Sl B SVM s (yguw S5 Piluwe
VM diws p sl Shg il S (Yang et al., 2008) uiS o i |) Las slaodls
Wy ouds Jlosl 609y sloodly a5 W)l dgg (gumio )8 milsi .l )ST il il eolatwl
Ul p sloaisSlas aoxto pl YL dlal (slad )> g Wgu o 03938] o095 4 (Sl dlal (ol .xad o
Lol Cppiar SgeSem & 5 (ol il @b cslalarsin (s )5 2lss 1 glandy sl gedle w)s5)l )
5,00y lalad pl )y laosls S ¢ YL dn b slalad & olil claeslsy as oUly SVM KaS 4 ¥ 0ilgs

ol 03 03,91 V Jgda 13 @lgs ol by, imd o |y s e claosly SSa5 56l SVM Juo

I Hyperplane
2 Support Vectors
3 Kernel functions



SVM 2,581 Jslite el ) Jgi

&b gy Jge 2
LS geSm tanh(yx;x;+cofficient)
. 2
w4 exp(-y[lxix;")
oz aiz [yxixj Jrcofﬁcient]c1
u‘c& X XXj

Na*

%(Cazwg“)

SAR =

" Principial Component Analysis

() b,



(n1-n135) Cikseo 3ae V0 p3 J5dss

Random Forest Algorithm * (Sp1-sp15) cilzses gos V0 3 gludl Cagh ) 1mys =¥
I J (Pb1-pb15) Gilises Gos V8 1 gyalls Loguass p > ¥
(3p) oS ol ¥
sp .1 ‘ @ (AuW) i 5 I Gas -0
ap .2 4. (ds]) Sos 4Y os -5
duw .3 (SIp) (daw &Y panlsy =Y

slp .4 (d) a9 zemdls —A
SAR .5 @ (Cl) a5 -4
(Na) 493 s =)+
(Mg) a5 p2 320 =1

n, sp, duw, SAR Linear e (Cat) &)y oads Y
pb, sp, SAR RBF
ap, dsl, Cl

pb, sp, duw, SAR

-
Support Vector Machine Algorithm
1. Principal Component Analysis, 2. Sodium Absorption Ratio, 3. Pe i re Elimination '
ol adlas )3 guwlsy PWSYERR i (e

5 Pandas Numpy Sklearn claaibols 5l g cul o ; el s 5l edlazul b (o5l Jae Al 3 als

. J‘ SVM p.a.’)?i” 9.3 20 A ol Matplothb
Si90] clnodls 5l Jatue JolS jgboay dmodls ;505 do )y
ol &S Wledly olis e (Kisi et al., 2006) cé,

ey I8l sly 350 gy oy (giluJley g VLo snd il polde
o3latwl ¥ alayly olwl 3 9 MinMaxScaler g, il e ol opl 5> (Szegedy, 2015

(¥ ddal

LJwo S

Moriasi ) 45 eslizul 6 ¥ Ly, slul 1 (R?) cymess i g (MSE) by 5Slis (sl (MAE) Losud (sl 3llas ,15
(et al., 2007

" Normalize



Z?zl(yi _5\11')2 (Yl &{‘)

RMSE =
n
MAE = Yie1lyi = 9l (¥ aba,
n
1 N
MSE = - (7,9, (6 s
i=1
i =907
RP=1-0—"—"" 5 dlayl
Yin i —y)? ( >
plde 1Sle Y 5 adiges dlis 1 g Cuwl sl o i 9 (ABly (6 pS0ilul polie sy slealaly > oS
MSE ; MAE RMSE ks y3lie oy yieS g R? puss w),.of o &S Jae I (28ly oads (5 pSojlul
sl 10,95 0 b lpod o 25500 5 ot ) B &‘ 3 easly axsls
e g @be

Gl 519 39 Comiilo s 5 o531

O 25250 SYL g (Sterad G ol
ol P Jituns (sl poite (s (oS iz ()2 poliio &
b o3zl (VIFT) Guily)ly posi Jele jl 29500 22 5l ey
> & VIF jl el wlas jlaw Jiiwe slo it Jasais 4
vo0 1,5 lan) &l ym 5 (dnllas ate) My piysS)] Sy e b &S
e JS 55 (SAR 9 Cl d slp sl duw b sp 1 odd (S0l yxal )l

u.«m.!bgwl ol B ¥ s o OT @\:.34539;-94
Wjlp ceb g odg sl JSiie (S Slon) (Sgmw )5y sla S
s en 4 a8 o s 2l Lo
Cygo oyl s oolaiwl e ol

3 5 SagS VIF (cl)ls a5 o S 5l acgemmo )] g 0505 oy p a0 (¢ pS0 10
Sae olple (1 JS) b Sbal gile e sl 2039 (R?) Gl oyl 23Vl
il dg3 g (gilw Jde (gl B)S e ond Ll Jaiue

" Pearson Correlation Coefficient
2 variance Factor Inflation



1.00

0.75

sp- 0. 15 0.95 d 0.83 0.96 0.98
0.50
ap- 0. 1.00
-0.25
duw - d I -0.99
dsl -0.00
slp - 0.93 . 0.88
-—0.25
d- 0. 0.96
—0.50
cl
SAR 1 —0.75
potassium grade - 0.25 72 0.96 -0.99
—-1.00

potassium_grade

s ooll iy g Jits (o jite (o 39290 (Stien F JSW

(MSE (5208 9 R? cppyidis oA 5l 5Sar8 VIF) )55 30 by s & sl Sy ¥ Jo>

b yiolyl Linear [,S (¢ly Jlo flgie 4y Y Jods o odd &l gl (wlal j aed o olis )
ol 0ds ALY Jodz 0 by 5,8 1500 zols .ud Gl g5lw Jae glp cds oy o



SVM 2,80l ciltisee sl 58" (sl I S5og de gotme o yiae olseil ol .Y Jgu

R? R? VIF by
/5y n Linear
1A% /Ay YAy P
£y duw
sl-¥ SAR
S e b RBF
/A /Ay YIVE sp
VY SAR
"""""""""""""""" oYy @ Poly
/aa /a¥ Y/0A dsl
Y/ Cl
T ey pb  Sigmoid
Y/0A sp

SVM Jae 1> ailysd pawly jle (Predicted) oiud i yiw S0l olie Hlged & IS5 5o
5 (RBF) _slais a3l b (Poly) (slalosnis (Li iwCous g (Train) (oxiwly (sbodls (¢l
(i oS ] 00 panw 5 (Sigmoid) (g4 geSmw
oty Jles (SAR) oo ol s g (duw) (gipoj 05 o 3 w8l Cagboy 03 () S5 (sl yralyly (85 )k 5 L
Sy Sl s &b 3 MAE g RMSE MSE R? (g,bol claygasls 5olio o tcul 03,8 nin (o9s <3 b 1) alja
5 RMSE MSE R? )bl ¢la
@ bt @bl el 1) pp)S e
Je slazel JB6 o PL, o)

B g +[+5YF o/ ¥A AV (g 4 ouwly laodly
WL plp oy 4 Jo xwcouws gaodls ¢l MAE
5 Slodsy <8 5Vl s AgSen 5 ol b cslelar iz o i iy
Lol o)l 0 S 0 SVM o miles 505 ol .l SVM



Rbf Linear

109 ¢ Train //‘ 104 ® Train ©
e ’/ : Teae ’d’
®  Test e ‘. ® Test L ®
084 === 1:1line ’,,’ 04 === 1:1 line ’// L]
e~ o ® e
.“2 ) /’6 ] g °
= 0.6+ Jad 0.6 e
3 e . L
3 041 Jtas 0.4 7
E g Train: Test: I,/ Train: Test:
- R2= 093 RZ= 098 * .- RZ= 097 RZ= 0.97
0.2 1 Pad RMSE = 0.0911| [RMSE = 0.0492 024 e a RMSE = 0.0626| |RMSE = 0.0639
- MAE = 0.0879 | |MAE = 00411 e .77 MAE = 00555 | |MAE = 00626
g & ® MSE = 0.0083 MSE = 0.0024 e -7 MSE = 0.0039 MSE = 0.0041
’J ’/
001 - 001 ¢
0.0 0.2 04 0.0 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
Poly Sigmoid
1.01 e Train 2 L0 e  Train g
R " 0®
® Test e - % ® Test
- Lk -~ - Lt s
0.8 1 :1 line /,» 0.8 :1 line P R
™ - -o
g L . e O
= 061 T 06 L
o o s
= R Pid
3 P -
2044 L 0.47 ° el
- P
£ L Train: Test: g Train: Test:
e R? = 094 R? = 0.99 e .7 R?= 092 R?= 096
0.2 - RMSE = 0.0879| |RMSE = 0.0424 0.2 1 T 1 RMSE = 0.0986| |RMSE = 0.0755
o7, MAE = 0.0857 | |MAE = 0.0351 P MAE = 00725 | |MAE = 0.0688
e .- % MSE = 0.0077 MSE = 0.0018 Pl 8 MSE = 0.0097 MSE = 0.0057
- -
004 -~ 009 =
: T T . T T T T . T . .
0.0 02 0.4 0.6 0.8 1.0 0.0 02 04 0.6 0.8 1.0
Measured (g/Liter) Measured (g/Liter)

dalllnd g0 (slabMy ool ke line sty 5 051 > SVIME BRI Gl (sla i) prwcons 5 (ously s O JSwo

SOl JSizx i 0501
J (Bolas slasgeomej jloslil b )3 o g Conl ronal (oS> (e (29)5 6 153b o) S & RF 2)eSl >
Oge Sy iliie Sl oy oS Sl ()3 bawgs oadbplosl o o iy ] Slas goome 2l (it 9 99800 4l by S g
3 VIF g G jbline bolad i Jho S5 )3 VIF g 5,155 3939 o 5 (asais ISt Jdd olod 4 g 48 o 4S5 s
sp ) o bl gla Shg den b LI RF 0,631 50 & S 50 oid 00y (L Jolye d dogi b s duaolors o561
o yogy 5l edlaiwl b s ol o.x: @l 5 S o) s a5 eas a3y (giloJde 4 (SAR 5 Cl d slp dsl duw pb
e ol 5o sl oy oS ;Lmuf 529 (RFE) Recursive Feature Elimination 4 (PFI) Permutation Feature Importance
5 sl e o) o) 35 €531, o gy (ol A5 (sl sabl 5 o3izl L 55l s 4 0 5 025 oSSl izl ol

(ool oas @I A s

9 Pewly soodly gl RF Jao b 4o mausly jle 0dd o oy yuolie 9 04l (6 puSojluil (Bly oolio Jloges & IS5 5

4 MAE 4 RMSE MSE 5 +/32 Joleo R? 09 1o b sxiwwly (slaosly Juo by oyl zols .l oddpmo b Sruwcous
Piwcous gbodly gl MAE g RMSE MSE R? (g)lo] (sla jadli fivmod o +/+YER 5 +/-YVA co/o o Ve sleo cui 5
308 USG50 &S jeb lan Cunl Hloyes g oYL Cds 1 aS Cawl i) g p)S o [HA0Y 5 o/ DAY o/ XY /AN s e

el 00,8 o oYL ci b1y polie CaS o o g A 005 lopss s & RF Jao ol g o0 000> (oo5ds



S92 odly blss Ms.}% M‘? uL.uSu 04 O“’)l)" xblﬁnl{b&ﬁo.\mm )J.)LQ.D ‘_;ohw J}w o yd ) )g‘)g R? )fl Lg)?i'f Ll

(Devore, 2015) x)ls ;1,8 oas 5l s

101 o
®
084 ===
=
L
= 0.6 1
)
=]
ot
S 0.4 4
o)
o
(=)

Train
Test
1:1 Line

' Permutation Feature Importance
2 Recursive Feature Elimination

'
_®e
f,,’
,0
,I
/’.
,I
/’ .
’/
,/
Train : Test:
R2= 099 R2= 0.98
RMSE = 0.0319| |RMSE = 0.0584
MAE = 0.0269 MAE = 0.0551
MSE = 0.0010 MSE = 0.0034
0.6 0.8 1.0
g/i'er)

 RF 02)68)] (ortcono 5 (oxiuly ls oF JSW0
93 39 4 390 iy Jbs » 530 S yiol 3y G o of

S ke L;J.;.;CA,[919| 9 uL’xu‘ LS‘)’. 4 Jﬁw 59 o.b.i';:tﬁ‘)l 9 o.&aic,w.)d.g CJLJ &Um
39 s g (Kaneko, 2022) 'cusls Sy cucdl sla by, 5l slacily 1) alyg

o oyl B 3 dame (gilwJde (glp ol oS 030 VIS pd ] ol oS G

) 003 8w] (Vb JSW)



0.4

Importance
It o
] [

o
=

0.0 -

MSE 5 V/++ Joleo R? g0 L) b sowls (sl 03
«lp MAE 4 RMSE MSE R? (¢ bl cla asli oy

(b)

duw SAR slp

RF 2,650l 3l oslisl L sa5me (65l J2s (612 (b) L*w' 5

.Q.w‘ )‘.))95).3

Ly

n

pb dsl

cl

B 5l oS caunl +/+ ¥

sp

(@) o S3g Coonl

ap duw slp

n

dsl

Sl a5 gyebay il gl cdd L
5 +[+YVY co/ved Jolee iy 4 MAE 4 RMSE
PP - Y /AR 4y e econs claodld




107 o  Train _e®
® Test // ®
td
089 --- 1:1Line P
rd

- ,16
2 Py
=~ ’
< 0.6 1 R
S R
~ -~
o
a
2 0.4 -
E Train : Test:
A R% = 1.00 R? = 0.99

0.2 pod RMSE = 0.0217| |RMSE = 0.0444

°e.-* MAE = 0.0184 | |MAE = 0.0412
ead MSE = 0.0005 | |MSE = 0.0020
0.0 1 8-
0.0 0.2 1.0

35550 owcous ¢ (Suwly gl oA JSWS

RE gy & canl ailypd maly Jle (spinr ln o do sael )8 onimd s Jolbo b5 oy o JS 5

e Lo ol Jiwo (SRtal)ly o Jatiz 4 ¢ ';)iué)b S cals SVM 4 s |y (5500 3,Slos
(Lietal, 2013) S 5 Jao 5 oolil b le e 5ils ibS Blis iowe oo 550,05 bapis o] (25 (6,5 yliiee
033 (pesS ) lolpe) g (Sghan mas L;Lm«fw,_d,g.b (Chatterjee & Bandopadhyay, 2011) oM e s
ol 55y o 55 saclcawses gl 3o (Jalloh et al., 2016) s
3o ) el el o 55 Sy 31 o3litasl b Bl i3y e L S50 bl

Dy dnled Seo (bl adld g5 dojlyd (£5)d0b Sl &S S0

2 ey ke oS cwl Sl oyl

S5 AR

5 il e odzn sla Jge,d ide 9 610k 4 (65l (omile (6 SL I edlatul b (g3l Jae )
T 3 ilodde 9,5 5385 9 (silwodles ¢ JuoST ¢ gilo o ;D g yoUl ol 5l ookl 5 puile (6530
.. ol i Byt Ll 451 e 43 L s 3 o) il asllnn 55 .l U 49 il
$5o ool e bt p2 oSl Sl ealisl b (@St Lojl 5 (g li> (Y sloatys I cpSsle Can sl YU Saomg
Caold s &S olapiu jl oolaiwl jolaie ek 43,8 Hastie uidle (650L wiyoSl Gy ) YL pewly jle o
oW ol . 03laiwl RE 5 SVM 256Xl 9 jl oyl s o ol ] cainy plosil 1y s ol )by ol iy ol 9wl (6,300
i Jes yo Lol amd plool 1) alyads mawls jle oo i sl dtules oYL ¢8> L RF Jao SVM g RF 03,6l 43 o0 5l 0
wegare py> (oo «Sed &Y Bes (glbpusio RF 035,651 50 )8 oolaiiwl Cgd g cawlio € b lg5 o pi s 90 y2
xoly 0303 1 R? lade g ol atily pYL alyeds jle 3,90y (0 1) (58 5 i alyed atewsly g alyed M8 4l <yl



2 oy &S gla pxie g Gl sl 1) €y p YL s &b cmilgr cpl o )0 &S 0 eoliin] A geRiw mb g eled 4l
a5 Ghaois ol Gos gl Cagby a0 )3 (J555 (sl el Jolis il 55 el )3 1y ol sliy e
Sl ol Cdsas angi b .Cal 039 +/AV Jolee R? yg05] 0305 13 g +/AY ply 5jgel 031> 3 R? lude 4 Ailedes (SAR)

D903 it 1) ) LM e mesly Jle 0 0l oyt S b jielly e et ysSl ol 5l oslitel b o sy
xSl by Rl o )lis claduia 5l ) waled LM plo 5 wly w185 BLasT 4 (oobj SoS layiel )y ]
S

&bo

pole i adldguny holas JSin wisS 5l oslil b aSd Sl ol (IYA5) Lol o g0 A 5 oy ¢ sz sinel
\gwx L (V)Y il

Ol ol&isly )Ll duwgo s phpddiep gy ol . BLaxsT lanals }((\\”A\‘) ol Je (Sb e
Bl S’ d).s.\)uwl.w)s LS)L»J.\A (\\Nﬂa) .)‘9> S “31)" U.,].)L» 9 (ESBw ((Sgwgo cJ.«a.O.”y‘ ¢u553)5)ou) ‘UJ.G A (S gwge
V=MD (W) 0 bl piassST o ligo Bea gy (sl ol oBlatuhl STLLs 4 je3 adlais

Ol sitne e 7S g 31 S AR alinl Slge Aclisliiglsy (VYAY) 3106 sy

REFERENCES

Amini Khoei, Z., & Abdullah Puri, A. (2017). Network traffic classification using improved random forest
algorithm. Journal of Computer Science, 2 (2): 24 38.(In Persian).

Baudron, P., Alonso-Sarria, F., Garcia-Arostegui, J. L., Canovas-Garcia, F., Martinez-Vicente, D., & Moreno-Brotons,
J. (2013). Identifying the origin of groundwater samples in a multi-layer aquifer system with Random Forest
classification. Journal of Hydrology, 499, 303-315.

Chatterjee, S., & Bandopadhyay, S. (2011). Goodnews Bay Platinum resource estimation using least squares support
vector regression with selection of input space dimension and hyperparameters. Natural Resources Research, 20,
117-129.

Chen, H., Huang, J. J., & McBean, E. (2020). Partitioning of daily evapotranspiration using a modified shuttleworth-
wallace model, random Forest and support vector regression, for a cabbage farmland. Agricultural Water
Management, 228, 105923.

Devore, J. L. (2015). Probability and Statistics for Engineering and the Sciences. Cengage Learning.

Dutta, S. (2006). Predictive performance of machine learning algorithms for ore reserve estimation in sparse and
imprecise data. University of Alaska Fairbanks.

Dutta, S., Bandopadhyay, S., Ganguli, R., & Misra, D. (2010). Machine learning algorithms and their application to
ore reserve estimation of sparse and imprecise data. Journal of Intelligent Learning Systems and
Applications, 2(02), 86-96.

Estefan, G., Sommer, R., & Ryan, J. (2013). Methods of soil, plant, and water analysis. 4 manual for the West Asia
and North Africa region, 3, 65-119.

Garcia-Gil, D., Ramirez-Gallego, S., Garcia, S., & Herrera, F. (2018). Principal components analysis random
discretization ensemble for big data. Knowledge-Based Systems, 150, 166-174.

Ghorbanzadeh, O., Rostamzadeh, H., Blaschke, T., Gholaminia, K., & Aryal, J. (2018). A new GIS-based data mining
technique using an adaptive neuro-fuzzy inference system (ANFIS) and k-fold cross-validation approach for land
subsidence susceptibility mapping. Natural Hazards, 94,497-517.

Hosni Pak, A (2005). Exploratory data analysis. second edition. Tehran: Tehran University Press.(In Persian).

Ioffe, S., & Szegedy, C. (2015, June). Batch normalization: Accelerating deep network training by reducing internal
covariate shift. In International conference on machine learning (pp. 448-456). pmlr.

Jafrasteh, B., Fathianpour, N., & Sudrez, A. (2018). Comparison of machine learning methods for copper ore grade
estimation. Computational Geosciences, 22, 1371-1388.



Jalloh, A. B., Kyuro, S., Jalloh, Y., & Barrie, A. K. (2016). Integrating artificial neural networks and geostatistics for
optimum 3D geological block modeling in mineral reserve estimation: A case study. International Journal of
Mining Science and Technology, 26(4), 581-585.

Jeon, H., & Oh, S. (2020). Hybrid-recursive feature elimination for efficient feature selection. Applied Sciences, 10(9),
3211.

Kaneko, H.(2022). Crosslivalidated permutation feature importance considering correlation between
features. Analytical Science Advances, 3(9-10), 278-287.

Kisi, O., Karahan, M. E., & Sen, Z. (2006). River suspended sediment modelling using a fuzzy logic
approach. Hydrological Processes: An International Journal, 20(20), 4351-4362.

Li, X.L.,Li, L. H., Zhang, B. L., & Guo, Q. J. (2013). Hybrid self-adaptive learning based particle swarm optimization
and support vector regression model for grade estimation. Neurocomputing, 118, 179-190.

Maleki, S., Ramazia, H. R., & Moradi, S. (2014). Estimation of Iron concentration by using a support vector
machineand an artificial neural network-the case study of the Choghart deposit southeast of Yazd, Yazd,
Iran. Geopersia, 4(2), 201-212.

Manouchehri, Sh. (2003) Potash, Encyclopaedia of Mineral Materials and Industries of Iran, Iran Mineral Industries
Research and Development Company.(In Persian). N

Matias, J. M., Vaamonde, A., Taboada, J., & Gonzalez-Manteiga, W. (2004). Support vector machines and gradient
boosting for graphical estimation of a slate deposit. Stochastic Environmental Research and Risk Assessment, 18,
309-323.

McKay, G., & Harris, J. R. (2016). Comparison of the data-driven random forests model and a knowledge-driven
method for mineral prospectivity mapping: A case study for gold deposits around the Huritz Group and Nueltin
Suite, Nunavut, Canada. Natural Resources Research, 25(2), 125-143.

Mohri, M., Rostamizadeh, A., & Talwalkar, A. (2018). Foundations of machine learning. MIT press.

Moorthi, S. M., Misra, 1., Kaur, R., Darji, N. P., & Ramakrishnan, R. (2011). Kernel based learning approach for
satellite image classification using support vector machine. In 2011 IEEE Recent Advances in Intelligent
Computational Systems (pp. 107-110). IEEE. g

Moriasi, D. N., Arnold, J. G., Van Liew, M. W., Bingner, R. L., Harmel, R. D., & Veith, T. L. (2007). Model evaluation
guidelines for systematic quantification of accuracy in Wate\rshed simulations. Transactions of the ASABE, 50(3),
885-900.

Mousavi, S.A., RanjbarFardoi, A., Mousavi, S. H.(2022). Modeling soil erodibility in Khoor and Biabank region
using remote sensing indicators. Desert Ecosystem Engineering, 5(13): 67 80.(In Persian).

Naghibi, S. A., Pourghasemi, H. R., & Dixon, B. (2016). GIS-based groundwater potential mapping using boosted
regression tree, classification and regression tree, and random forest machine learning models in
Iran. Environmental monitoring and assessment, 188, 1-27.

Nitze, 1., Schulthess, U., & Asche, H. (2012). Comparison of machine learning algorithms random forest, artificial
neural network and support vector machine to maximum likelihood for supervised crop type
classification. Proceedings of the 4th GEOBIA, Rio de Janeiro, Brazil, 79, 3540.

Oke, J., Akinkunmi, W. B., & Etebefia, S. O. (2019). Use of correlation, tolerance and variance inflation factor for
multicollinearity test. GSJ, 7(5).

Pozdnoukhov, A. (2005). Support vector regression for automated robust spatial mapping of natural
radioactivity. automatic mapping algorithms, 57.

Ray, S. (2019). A quick review of machine learning algorithms. International conference on machine learning, big
data, cloud and parallel computing (COMITCon) (pp. 35-39).

Rodriguez-Galiano, V. F., Ghimire, B., Rogan, J., Chica-Olmo, M., & Rigol-Sanchez, J. P. (2012). An assessment of
the effectiveness of a random forest classifier for land-cover classification. ISPRS journal of photogrammetry and
remote sensing, 67, 93-104.

Rodriguez-Galiano, V., Sanchez-Castillo, M., Chica-Olmo, M., & Chica-Rivas, M. J. O. G. R. (2015). Machine
learning predictive models for mineral prospectivity: An evaluation of neural networks, random forest, regression
trees and support vector machines. Ore Geology Reviews, 71, 804-818.

Schnitzler, N., Ross, P. S., & Gloaguen, E. (2019). Using machine learning to estimate a key missing geochemical
variable in mining exploration: Application of the Random Forest algorithm to multi-sensor core logging
data. Journal of Geochemical Exploration, 205, 106344,

Shaw, P. A., & Bryant, R. G. (2011). Pans, playas and salt lakes. Arid zone geomorphology: process, form and change
in drylands, 373-401.



Sheng, L., Zhang, T., Niu, G., Wang, K., Tang, H., Duan, Y., & Li, H. (2015). Classification of iron ores by laser-
induced breakdown spectroscopy (LIBS) combined with random forest (RF). Journal of Analytical Atomic
Spectrometry, 30(2), 453-458.

Soliman, O. S., & Mahmoud, A. S. (2012, May). A classification system for remote sensing satellite images using
support vector machine with non-linear kernel functions. In 2012 8th International Conference on Informatics and
Systems (INFOS) (pp. BIO-181). IEEE.

Tenorio, V. O., Bandopadhyay, S., Misra, D., Naidu, S., & Kelley, J. (2015). Support vector machines applied for
resource estimation of underwater glacier-type platinum deposits. Application Of Computers an d Operations
Research in the Mineral Industry, 889-902.

Tiwari, S., Babbar, R., & Kaur, G. (2018). Performance evaluation of two ANFIS models for predicting water quality
index of River Satluj (India). Advances in Civil Engineering, 2018.

Twarakavi, N. K., Misra, D., & Bandopadhyay, S. (2006). Prediction of arsenic in bedrock derived stream sediments
at a gold mine site under conditions of sparse data. Natural Resources Research, 15,15-26." 4

Wang, C., Pan, Y., Chen, J., Ouyang, Y., Rao, J., & Jiang, Q. (2020). Indicator element selection and geochemical
anomaly mapping using recursive feature elimination and random forest methods in the Jingdezhen region of
Jiangxi Province, South China. Applied Geochemistry, 122, 104760.

Yang, Q., Li, X., & Shi, X. (2008). Cellular automata for simulating land use changes based on support vector
machines. Computers & geosciences, 34(6), 592-602. g *

Zhang, S., Xiao, K., Carranza, E. J. M., & Yang, F. (2019). Maximum entropy and random forest modeling of mineral
potential: Analysis of gold prospectivity in the Hezuo—Meiwu district, west Qinlin Or%en, China. Natural
Resources Research, 28, 645-664. i

Zorb, C., Senbayram, M., & Peiter, E. (2014). Potassium in agriculture—status and perspectives. Journal of plant
physiology, 171(9), 656-669. -




Evaluation of effective parameters for predicting the potassium grade of
saline water by using support vector machine and random forest algorithms
(case study: playa of Khoor and Biabank area city, Isfahan province)

EXTENDED ABSTRACT

Introduction:

With the increase in the world population, one of the important issues in the field of agriculture is increasing the production
of agricultural products, and potassium is one of the most widely used elements to increase crop yield. For this reason, the demand
for potassium fertilizers increases. One of the main sources of potassium fertilizers is underground water one of the important issues
in saline water extraction is the amount of potassium grade of saline water. conventional methods of grade estimation, such as
geometric and geostatistics techniques, cannot accurately estimate the grade value and have low accuracy. one of the novel solutions
to estimate the grade of minerals is Machine learning algorithm, which perform evaluation and determination of the grade of
mineral resources with high accuracy.

Objective: \

The aim of this research is to Evaluation of effective parameters! for predicting the potassiun&le of saline water by using
of machine learning algorithms (random forest and support vector maehine) as new, low cost“and, costeffective methods and
determining the effective parameters (independent variables used ) with the greatest influence measuring the potassium grade in
order to improve the utilization of potassium reserves and reduce executive, operational and laboratory costs.

Materials and method:

In this research is to use support vector machine (SVM) and random forest (RF) algorithms in order to predict and prioritize
the effective parameters on the potassium grade of groundwater in playa Khoor and Biabank in Isfahan province. For this purpose,
55 different parameters were measured in 12 boreholes (sampling locations).The parameters measured as independent variables
include the percentage of saturation moisture core at 15 different depths (spl sp15), the apparent specific gravity of the core at 15
different depths (pbl pbl5), the porosity of the core at 15 different depths (nl nl15), polygon area (ap), underground water depth
(duw), salt layer depth (dsl), surface layer potassium (slp), brine density (d) and the amount of calcium (Ca), magnesium (Mg),
sodium (Na), chlorine ( Cl) and the dependent variable were also the potassium grade in the brine (Potassium Grade). three
parameters n, sp and pb which were measured in 15 different depths; They were converted into an equivalent parameter using the
principal component analysis (PCA) method. Also, three measured parameters, Ca, Mg, and Na were entered into the model with
the sodium absorption ratio (SAR) formula. A total of 10 measured parameters were entered into the model as independent variables
to predict the grade of potassium. Both RF and SVM models were implemented in Python programming language based on the
relationship between dependent variable and independent variables. In different kernels of the SVM algorithm, in order to prevent
the collinearity of independent parameters, all the different combinations of independent variables (2 to the power of 10 different
combinations) considering the variance inflation factor (VIF) less than 8 and the highest coefficient of determination and the lowest
MSE error are checked and the best combination were chosen. Permutation Feature Importance (PFI) and Recursive Feature
Elimination (RFE) methods were used in the RF model to prioritize and select parameters for modeling.

Resultsrand discussi(\

The parameters effective in predicting the potassium grade of the both in the RF algorithm and the linear function of the
SVM algorithm were sp, ap, duw, slp, SAR and n, sp, duw, and SAR respectively, which led to the best results (high determination
coefficient and low error). Based on the results, the accuracy of the model (explanation coefficient) for the RF model and SVM
(linear function) was 0.99 and 0.97, respectively, which indicates the good accuracy of both algorithms. Effective parameters in
choosing suitable areas for drilling in order to extract potassium from saline water play a significant role and prevent repeated and
time consuming tests in the laboratory, and the developed models can be used for this purpose

Conclusion:

Machine learning algorithms are one of the most important techniques for evaluating mineral grade estimation . Given that,
a large part of the country consists of arid and semi arid areas, where there are many playas that are rich in underground saline
water that have good and suitable reserves of potassium and because in playa, the conditions are unpredictable and the
environment has high complexity «Effective parameters in choosing suitable areas for drilling in order to extract potassium from
saline water play a significant role.
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