Digital land suitability assessment for irrigated cultivation of some agricultural crops using
machine learning approaches (Case Study: Qazvin - Abyek)
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Introduction:

Research and development in high-potential agricultural areas are of great importance g the food
needs of the population and livestock. Neglecting these regions can to increas ices and food
shortages, which can have a negative impact on the economy and publi suitability maps
provide essential information for agricultural planning and ar nd degradation and
evaluating sustainable land use. The utilization of modern mappin as digital soil mapping
and machine learning algorithms can significantly improve the acc suitability assessment and
crop performance prediction. These methods have been widely emp rimary tools for mapping and
evaluating land suitability in various regio orldwide.
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Materials and Methods: A N

he Ia‘suitability index for wheat, barley,

Inco &‘including topographic factors
derived from the digital elevati ices obtained from Landsat 8 satellite imagery.
Eight key factors, namely slqpe gypsum content, equivalent calcium carbonate,
electrical conductivity ()‘ (SAR), were identified as influential in the
assessment of land suitalility. To
approach based o guare as employed. Moreover, the random forest machine learning
model was utilized®or ng, zoning mapping, and determining the significance of
environmental variables in tability evaluation process. By incorporating these comprehensive

Results and Discussi

ts demonstrated the effectiveness of the random forest model in classifying land
suitability for wheat, barley, and alfalfa. The model achieved high accuracy, with Kappa coefficients of
81%, 84%, and 85% wheat, barley, and alfalfa, respectively. The overall accuracies were also
impressive, reaching 86% for wheat, 88% for barley, and 89% for alfalfa. Analyzing the land suitability
assessment results, it was found that barley had the highest land suitability class, covering a significant
portion of 40% in class S1. Alfalfa followed closely with 35.5% of the total area, and wheat occupied 32%
in the same class. Delving into the predictive environmental variables for barley, Diffuse, SHt, and MrVBF
emerged as the most influential factors. These variables played a crucial role in assessing the suitability of

The spatial prediction re
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land for barley cultivation. Similarly, for wheat, the variables Diffuse, MrVBF, and TWI were identified as
significant indicators, contributing to the accurate prediction of wheat performance. Regarding alfalfa, the
variables MrVBF, Diffuse, and Valley_depth stood out as the most important variables, providing valuable
insights into land suitability for alfalfa cultivation. In general, the limiting factors for irrigated cultivation
of these crops were primarily associated with soil properties. In the northern regions, soil texture was
identified as a significant limiting factor, impacting the suitability of the land for crop cultivation. On the
other hand, in the southern regions, soil characteristics such as the percentage of lime, gypsum, salinity,
and alkalinity were recognized as the most influential limiting factors, affecting the suitability of the land
for successful crop production. These findings provide valuable information for Ian@lanners, farmers, and
decision-makers in determining suitable areas for wheat, barley, and alfalfa cultivation. By considering the
identified influential factors and addressing the limiting soil properties, agricultural
optimized to maximize crop productivity and ensure sustainable land use.

Conclusion: L |

The research aimed to evaluate land suitability for wheat, barley, and al r irrigation. Data

0.86, 0.89, and 0.88, respectively. Barley had the highest pgrcentage of suitable land (40%), followed by
alfalfa (39.5%) and wheat (32%). Soil const‘r‘varie study area, including texture, stoniness,
lime, gypsum, salinity, and alkalinity. The anz&is identifi il types, and the random forest model
yielded a digital soil map with a Kappa coefficignt

support effective land mana

Keywords: Digital So&rf‘)pi uitability and digital assessment, random
forest. “\

A\



oS, 3l osliinl b (o815 Y pame 5l (o5 1 (ot CedS gl o) s oS (0985 (2L
(2938 — SN miblo (65504

T by gy 80 s ebls -

S ol Gl it mls .8 )T 18 colaiwls jge aue o i Coenl 4z 0
1AL g AN AP S C88 g a0 AD AT AN QS%‘FQ%;@@%s?sP\.\SG‘){
YY L paiS 5 ao,0 YOIO LReuss o )0 Fr g a4 bgye col)] canls (oS 0 ey a5 ol lis ol cls oL
Diffuse slo pxio 9> J Sl 00ilS i e sl ki o 50 053 ST IS 0 diihaie Sl IS 5l oo

(MIVBF ite aw axigy Jpame slp 5 TWI g MIVBF . Diffuse sloize posS Jyamo gl MIVBF o SHEt

3 90 DY game ol el ol 00iS dgamme Jalse (Bt o S ok .aiaus 5 saalive o it Valley_depth 4 Diffuse

Ol ezsS ol olKitils o b i g (53,9LiS 0uSLisls (S cwdige g poke 09,5 coliwl ¥
(Email: fsarmad@ut.ac.ir t Jgs 00 i =)



5 Sopd @S ol woys Gla Thy s 0 5 cdb Jlad (Hlg 0 S semia g S sla Sho 4 bsyye L

AW Gsl..»l.......» 0diiS Sgasme Julge SRS Q|9.:.c L b cwulds

S 09y (6,1 paids oS syl by, e Bolay JSix « g8, obs)l g el | goadS WlodS

Wl’ SRS il g (2l oy

.
B Oluogas )b padds |y (Roell et al., 2020)

s S e 359 5l olnl

Cuol San (SB slads Lol (<]
-

WD )D g D d.::é)f‘pls

Sk ais S eolanl ¢ giw 3,559, 40 A8
Lyossd diwge Cublo 5 dg (Sl)) Canls glaadds cds ials el
5,59, woMe AMUSL Caangdl ¢ S g go patuie (38 (ldjye g S Ojgo & Ko (cabadl

2 ol e B ) & b passs (Taghizadeh-Mehrjardi et al., 2020) cusl a5 o pcyloj (ot

ey oMl oyl 8 oWl B iy (gl 5l oozl b 1y S oS g 585 o oMb e ) 0

s o83y by (MgBtatney et al., 2003) cuul (gygps 2hié ool o ol a5 Al luwo b ablis

sl )8 lply ol culi b a0 KaST o 4y oS eyl gy dler jlccalisee sla 3, il edliiwl b o))

g s el s, 5 So ) holas ISin e oS et ¢ bl olo o85S0 5 (5l (g}55LiS ilo ccilio

1_Random Forest



(Belgiu and Dragut, 2016) &5 o duw Liw calisee sl 5,8 (I 1y o2l
lod 8" oslizl (gylol slasbg, slod Vomble (6x80b (slasdyy J Jgae 3,8Mes e (lp p3l Clillas

a4 pB oy S e et 1) YU Saoms b sleedly Ll Kl u*-*& JREP FICIPAN]

B ¢ pzmad Dgd 0 0 !y ig)!b sl s 51053 oolawl ‘Tﬁﬁl

Gl 00 plool €>‘.\~ NS gl Bl Jlized (o )b padids o b Jas ol eslaol (gl y

5 -Sloaly plos Owb £ o3zl b 1y o)) sl ol (o)l o) Sdno
A\

L3505 03laiwl  Bolas Y Juo olpedrds A Cawdd oylaale polad 5 glas)] 098y Jao 5l & Sciue (SeS sla yuxio

s e 393 Sl il 15 S el oIS (i sl VU bl ) skt JKis e o isls ol
il gl gy 4 iy ao ol 4 (938 Sl ey 3 Ll canls bl pslate 4 s (VYY) ]S

dldes Lulos Bl (306 (elaSuiSS ) S 5 (VYY) oS 5 Kilic )l o) byl 5 6,5V y8 gl s

ol s il oo (00D sl puS cuiS glp 1y o) cuwls bl ¥ oldl e SleMbl g o ¥ iy

1_Machine Learning

2_Data Fusion

3_Analytic Hierarchy Process
4_Geographic Information System



o Ken 5 Baroudy .65,5 15 GIS b g5l AHP sl aludes Julo w2650 plésl b a8 Jpaseo (sl Iy

&l gV sy SB 098y byl o pile (6 050L (gl gy 5l edlaiwl a5 65,8 Gl 2g3 Baass jd (V4VF)

e jloslatwl b Lolyl cusls oLl jelaie 4y i 4o (Y4V+) o)ISa o Taghizadeh-Mehrjardi .8 .

Lg)'L.oJ.\.o L;‘)g u—in% c:;).\:é d])b U““’L" Lg)ﬁfal‘{ L;LQJ.M as Ll Ao Q—ll & A& rob;i‘ Lx.wl.n dﬁfbli

R oo LSLQ‘JAJM;

0 I oy s YL 5 33 o 5328 53 (5 SV guasme sl ST, T sl S DT BT oSl 4y 425

) u«m as (V) Blaal b yols yimgs
é:}"‘éﬂw S Jae 2L L))
=)

B 95 9 olge

axdllaos ygo ddilaio

bl @il 3 Sl i yad ool 1 HUSe £0310 Colus b dnlllass o dibae
Ol s ol 0033,5 By (B, Jobo 0% 0 " A VY o g Jlad (o,e YEOYL LTS 0V LT
A5b o WY o o yieS gAY Lys oo 1 ddlaie gli,) o il sl Kiid dagi 9 Jaine glon g o (gl Sl
3PS 980 Jlwolo 5w oS odgs 31,5 il ds 3 VF/Y Lod awgio «yiaseo YOV adlaio 4iVlo S0y lawgis
SS] adhie g Gciand jl pidu  whimd So3)l (Sl S)j e ia bSE sb) w2y Sbee s ele
Ay o)) SV guasme S o baos il ol Jobs adlate 2l I )8 2lon Sen s ol 2 9

(Mousavi et al., 2022) 15l o y5é g you @y caud Celyj d0gs 9 o)D) o pAS)




©%0% e wanico e e300

T
o000

T
1000

0 125 250 500 750 1,000

A:Jug.a.))’a ailaio 2 uJL-.ma.o dLbJ.:S}).: ).O) J?bo 9 &Lﬁl

Figure 1 - Geographical location and position of dritled study profiles in the study area.
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1_Overall Accuracy
2_Kappa coefficient
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Table 3- Descriptive statistics of soil properties in the study area.

Sk Shse 51 Gl FU Al AigeS’ Sk clogad
Y (¥ia v A¥ . (%) o2y

AN YV/YY . V- /VF . (Mea/l) podw Gl o
£/oA YIY YV Y/ . (%) s

¥/ V0/1 AIAY WE/Y Y (dS/M) (S0 cglan




-IA8 Y/ VA Y/ . (%) &
W/ A Vo /FY £y A (%) Jskee S il S

ol dihaie oS by pu s caaS g aislojl (cla 3 LT 51 onlil b laol S 098, 4 ans ca

ailaie )5 Ciliee ST Luols T Tegaseo 4 1505 (c103, sols peans b (SOl Survey Staff., 2022) caised, 18
A\

18 as” cuily dg2 g

axllans jg0 ddlaie jo LSl G oo

Table 4: Identified soil types up t the study area.

Kis Jol® (L) co b 9l yd oy
1 Coarse-loamy over fragmental, mixed, thermic Typic Haploxerepts 93 0.15
2 Coarse-loamySmixed, thermic Typ'\c Haploxerep\ o 313 0.52
3 Coarse-loamy, mixed, thermic Typic Calcixerepts 84 0.09
4 Coa_!loamy, m'&edMnic Xeric HW 92 0.10
B Fine, mixed, thermic Typic Calcixerepts 319 0.35
6 —ane, mixeNnic m Xeric Haplocalcids 4578 5.08
7 Fine, mixed, thermic Sodic Xeric Haplogypsids 1402 1.56
8 \ Fian Xeric Natrigypsids 41 0.05
9 Fine, mixed, thermic Gypsic Aquisalids 6407 711
10 ‘\ Fim'q thermic Gypsic Haplocambids 104 0.12
11 Fine, mixed, thermic Sodic Xeric Calcigypsids 3535 3.92
12 Wmixed, thermic Sodic Xeric Haplogypsids 671 0.74
13 Fine, mixed, thermic Xeric Calcigypsids 733 0.81
14 ‘e, mixed, thermic Xeric Haplocalcids 1684 1.87
15 Fine, mixed, thermic Xeric Haplogypsids 113 0.13
16 Fﬂxed, thermic Xerofluventic Haplocambids 773 0.86
17 Fine, mixed, thermic, Typic Haplocambid 937 1.04
18 Fine-loamy over fragmental, mixed, thermic Typic Calcixerepts 183 0.20
19 Fine-loamy, mixed, thermic Fluventic Haploxerepts 6829 7.58

20 Fine-loamy, mixed, thermic Typic Calcixerepts 8838 9.81

21 Fine-loamy, mixed, thermic Typic Haploxerepts 8564 9.50

22 Fine-loamy, mixed, thermic Xeric Haplocalcids 32 0.04

23 Fine-loamy, mixed, thermic Xeric Haplocambids 86 0.09

24 Fine-loamy, mixed, thermic Xeric Haplogypsids 3428 3.80




25 Loamy- skeletal over fragmental, mixed, calcareous, thermic Typic Xerorthents 2843 3.15

26 Loamy-skeletal, mixed, calcareous, thermic Typic Xerorthents 550 0.61
27 Loamy-skeletal, mixed, thermic Fluventic Haploxerepts 80 0.09
28 Loamy-skeletal, mixed, thermic Typic Calcixerepts 6073 6.74
29 Loamy-skeletal, mixed, thermic Typic Xerofluvents 601 0.67
30 Loamy-skeletal, mixed, thermic Xeric Haplocalcids 55 0.06
31 Sandy over fragmental, mixed, calcareous, thermic Typic Xerorthents 78 0.09
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Figure 4 - Soil class prediction map of the study area using the Random Forest model at the soil family level.
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Figure 6 - Land suitability using the Random Forest method in R smvare: A) Wheat, B) Barley, C) Alfalfa.
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