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Introduction

Knowledge of the spatial distribution of soil salinity and soil organic carbon (SOC) leads to obtaining valuable
information that is effective in decision-making for agricultural activities. More than a third of the world's land is
affected by salt, which threatens the growth and production of crops, and prevents the development of sustainable
agriculture. The high electrical conductivity (EC) content in soils poses significant challenges in arid and semi-
arid regions, greatly impacting agricultural production. Saline and sodic soils often exhibit high levels of sodium
which is a key characteristic. The presence of sodium ions leads to the destabilization of soil aggregates and the
dispersion of soil particles resulting in the closure of soil pores. Consequently, unfavorable changes occur in the
soil physical, chemical, and biological properties increasing its susceptibility to water and wind erosion.
Additionally, high sodium levels can lead to the decomposition of soil organic carbon (SOC). SOC is crucial for
water retention, cation exchange, and nutrient availability, making its reduction in agricultural soils a significant
threat to sustainable soil management. Therefore, the investigation of soils in terms of EC and SOC contents and
their spatial distribution is of great importance to support decision-makers in agricultural development planning to
reduce challenges related to food security in arid and semi-arid regions.

Materials and Methods

This study was conducted with the aim of investigating the EC and SOC in topsoil (0-30 cm) and subsoil (30-
60 cm) layers using four machine learning (ML) algorithms namely, random forest (RF), decision tree (DTr),
support vector regression (SVR) and artificial neural network (ANN) performed in Qazvin Plain. The study area
includes a part of agricultural lands and natural areas of Alborz and Qazvin provinces, between the Nazarabad and
Abyek cities in Iran. This region with an area of 60,000 hectares is located at latitude 35° 54" to 36° 54" to the
north and 50° 15" to 50° 39" to the east. This research was carried out in four stages including (i) soil sampling
and measuring the physical and chemical properties of the soil and preparation of environmental covariates from
a digital elevation model (DEM) with spatial resolution 12.5 m and Landsat 8 satellite imagery with spatial
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resolution 30 m by SAGA GIS and ENVI software, (ii) spatial modeling of soil EC and SOC in the topsoil and
subsoil layers by the RF, SVR, ANN, and DTr ML algorithms, (iii) evaluating the efficiency of the ML algorithms
and determining the relative importance of environmental covariates, and (iv) preparation of spatial prediction
maps of EC and SOC in the topsoil (0-30 cm) and subsoil (30-60 cm) layers in the study area.

Results and Discussion

The result of the spatial prediction maps of EC showed that the studied area has non-saline to very saline
soils up to a depth of 60 cm. It is also possible that the EC equivalent shows a decreasing trend in soil salinity with
a depth from 6.05 to 5.55 ds/m from the topsoil to the subsoil layer. The highest amount of SOC was observed in
the surface layer equal to 3.3%. Globally SOC content decreased from the surface (average of 0.84%) to depth
(average of 0.4%). The high spatial variability of SOC showed that the soils of the study area are affected by
management activity.

Environmental covariates were extracted as a proxy of topography and remote sensing indices including
elevation, diffuse Insolation (Diffuse), Multi-Resolution Index of Valley Bottom Flatness (MrVBF), Normalized
Differences Vegetation Index (NDVI), SAGA wetness index (SWI) and wind Effect (WE) were used as
representatives of soil formation factors. The topography parameters, including the elevation, diffuse insolation,
and Multi-Resolution Index of Valley Bottom Flatness, were most closely related to EC and SOC variations in
each topsoil and subsoil layer. Elevation can be justified around 50% and 35% of EC and 28.56% and 29.47% of
SOC variations in the topsoil and subsoil layers, respectively, followed by the diffuse variable can succeed to
justified 19.7% and 25.1% of EC and 27.28% and 27.67% of SOC spatial variations in the topsoil and subsoil
layers, respectively.

The results confirmed that the RF was recognized as outperforming the ML model for predicting EC in the
topsoil (R2 =0.74, RMSE =0.36, and nRMSE= 0.07), as well as predicting SOC in topsoil and subsoil layers (R2=
90 and R2=0.80), followed by the DTr for predicting EC (R2 0.77, RMSE/0.9, and nRMSE 0.17) in the subsoil
layer in comparison other models.

Conclusion

The RF (Random Forest) and DTr (Decision Tree) models incorporating topographic parameters
demonstrated satisfactory accuracy in predicting the variation of topsoil and subsoil electrical conductivity (EC)
and soil organic carbon (SOC) in the study area. Topography plays a crucial role in soil formation, and elevation-
based topographic attributes are commonly used as key predictors in digital soil mapping projects. The variability
in topography influences water flow and sedimentation processes which, in turn, affects soil development and the
spatial distribution of soil properties. The resulting soil maps can be valuable tools for decision-making programs
related to soil management in the region.

Keywords: Environmental covariates, Soil properties mapping, Spatial modeling, Topsoil and subsoil
variations
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Table 2- Descriptive statistics of salinity and organic carbon in two surface (0-30 cm) and sub-surface (30-60 cm) layers
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Figure 3- The relative importance of auxiliary variables for predicting a: EC of the top layer (0-30 cm) based on the RF

model, b: EC of the sub soil layer (30-60 cm) based on the RF model, ¢: SOC of the top soil layer (0-30 cm) based on the RF
model, d: SOC of the sub soil layer (30-60 cm) based on the RF model
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Figure 4- Spatial distribution if selected auxiliary variables a: Elevation, b: Diffuse Insolation, ¢c: Multi-Resolution Index of
Valley Bottom Flatness, d: Normalized Differences Vegetation Index, e: SAGA Wetness Index, and f: Wind Effect

ol (S S colin SIS

5 3085 bwg &5 ladlas ol ddles i b Glls
SOC (slgie (swmiyim !y (Gomes et al., 2020) f,\Son
adlllas 350 Bos g ;o P RF Jao a8 0005 30l ol wib plol
GLMB cunsssS) Jols oy 390 (sl ;98 oo 4 Cond
ool asly 1y s oy a8 gyl o s Hlde o 3YL (SVR
$oSRMSE 5 5YLR2LRF Jas 45 sls ;s (Wu et al., 2018)
1 ANN 5 SVR DTr RF pils (6,550 Jio ks p» bawgs
dalllas gols conl jiaS glad g i Cono gy (daw 5 4Y
ot 48 ol olis (de Anta et al., 2020) o Ken o LT
Cows by (oo e Vo=t Ges » RF Juas lwg SOC
@l pren b g (e le Do Bes 4 Cund (gl
o (Nabiollahi et al., 2017) ,\Ken 5 &l o5 lows olie
b 5,58 (Zhang et al., 2017) o)) San 5 S5

i 9 0 ol pdlde y coans CBlyool 1 Slee duldo

oL SOC 4 EC sl g slp (NRMSE) b yd sy 0
@ s R Jie lawgy 00 duwlro NRMSE y0lis &S s 0
w oY » SBEC oo cplpls cwl oS b Jie ple
By s bo/+Y Ly NRMSE L daw pj 4Y 53 SOC
&Y » SOC 5 (raw pj &Y 3 EC &g miin 5 S
.(Wallach etal., 2006) cusl oaiis plosl s <> a3 b oo
NRMSE « 155" L (Hengle et al., 2004) 4, 5 JSin
o RZ culple o)l Joid JBpd it <> Yl i
5 caled Slingin $pS g S5 8 3l Lol Cydgioe
3929 b Jlte (lgisds G |y (g )5y S dleisl cullB inan
clbas polie b Jue sl conl San RZ wpy b 5135 ,50 alads sis
S slls polie b Jie sl b g o (csbis (5lo Jus) S8
Khaledian and ) ssé amwles obj (cams (ojln sl i)
(Mashalaba et al., 2020) ,\Sen ¢ LYLiL (Miller, 2020
b (raw 25 Goe 0 RE Juo Gaptn Como o5 20357 (518
@i ot sl e Ges Jl i 702 L il NRMSE



Yyy ...Q{,}BMA@I)U‘G&:’Q)QJG‘5)5,&':5sﬁog;‘_;da.m)u‘g&hmalﬁ@"snss)d)bﬁmw‘obmsd.u)

Oadle (58530 (sladuse jf e3litl b SK Jep S 5 y9m (S (aroby (P Ll gl Y g
Table3- Validation results of spatial prediction of soil salinity and organic carbon using machine learning models
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Figure 5- Spatial distribution a: EC in the top soil layer using the RF model, b: EC in the sub soil layer using the RF model,
¢: SOC in the top soil layer using the RF model, d: SOC in the sub soil layer using the RF model
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