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Abstract

Satellite images and remote sensing approaches are important tools for evaluating, mapping, and
managing saline lands in different world regions. The main aim of the present study was to
investigate the degree of concordance between maps obtained by machine learning methods and
kriging estimator about salinity monitoring of a part of the soils of marginal lands of Sirjan Playa in
two seasons, i.e., winter and summer, using two remote sensing data sources, i.e., Landsat 8 and
Sentinel 2. Ninety surface soil samples (zero to 30 cm) were collected as a regular grid sampling
pattern with 750 meters intervals. Some of their most important physical and chemical characteristics
were determined using standard measurement methods. After performing radiometric and
atmospheric corrections on mentioned satellite images, in addition to the main bands, 13 salinity
indices were used to estimate soil salinity using artificial neural network, decision tree, random
forest, and support vector machine models. Besides, kriging maps of soil salinity were drawn for
both mentioned times. Results showed a higher performance (R? =0.87 versus= 0.72) of Sentinel-2
than Landsat-8 in predicting soil salinity. Moreover, results confirmed that the ANN model
developed by Sentinel-2A image had the highest performance (R? =0.77, RMSE% =27.1) to predict
ECe in the winter season. Furthermore, RF presents the lowest error (R? =0.87, RMSE% =17.4) for
prediction ECe during the summer season. Among the studied salinity indices, VSSI index was also
selected as the most effective index to estimate soil salinity of region. The results also showed that
EC. maps obtained by two methods had a high level of concordance and an overal accuracy of over
80%; however, the change of season and type of satellite affectedthe compatibility of the maps.
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Figure 1. Location of the study area with 90 sampling points
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Table 1- Characteristics of imagery data used
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\. Digital Number (DN)

Y. .Normalized Difference Salinity Index (NDSI)
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#..Simple Ratio (SR)

Y..Intensity Index 1 (Int1)
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Table 2. Salinity indices used for modeling

Salinity index (SI) Abbreviation Formula
Normalized Difference

Salinity Index NDSI (R—=NIR)/(R + NIR)
Yegetatlon Soil Salinity VSSI 2 X G—5x (R +NIR)
ndex

Brightness Index BI v (R% + NIR?)
Salinity Index Sl (RxG)/B
Salinity Index1 SI1 J(GXR)
Salinity Index2 SI2 +/ (R X NIR)
Salinity Index3 SI3 V/(G% + R? + NIR?)
Salinity Index4 Sl4 (G2 + R?)
Salinity Index5 SI5 B/R

Ratio Spectral Index RSI R/NIR
Intensity Index1 Intl (G+R)/2
Intensity Index2 Int2 (G+ R+ NIR)/2
Simple Ratio SR (R—=NIR)/(G + NIR)
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https://en.wikipedia.org/wiki/Coefficient_of_determination#:~:text=R2%20is%20a%20measure,approximate%20the%20real%20data%20points.
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3.Coefficient of variation (CV)
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Table 3. Summary statistics of some physical & chemical soil properties in the study area

Coefficient p.
Variable Unit season  Mean Median Variance Min  Max  Skewness of value*
variation

EC. (dsm) Winter 59.4 67.4 998.4 3 104.3 -0.77 53.2 0.018*

Summer  69.5 83.3 10436 5.6 1126 -1.28 46.5 0.004*
Ca Winter ~ 109.0 88.5 4598.4 195 400 0.91 62.2 0.109

Summer 110.2 1065 3386.14 28 278 0.19 52.8 0.63
Mg Winter  125.0 91 1518.1 45 664 0.83 98.6 0.001*

(megL™)

Summer 1229 90.5 12729.6 5 751 0.86 91.8 0.004*
Na Winter  1057.0 1302.4 545727.6 129 25432 -0.99 69.89 0.028*

Summer 1329.7 15775 7344395 18.6 2884.2 -0.87 64.5 0.042*
SAR Winter 1314 1575 59726 41 2817 -1.05 58.82 0.038*

(meq L-l)O.S

Summer 168.8 184.2 9571.1 5.7 401 -0.87 64.4 0.446
Sand 35.0 31.0 174.9 176  68.8 0.94 37.7 0.012*
Silt 32.8 32.9 154.2 72 5838 -0.03 37.8 0.449
Clay 32.0 32 112.7 12 55.5 -0.02 33.0 0.344
Gypsum % 8.6 9.1 9.3 15 15,5 -0.46 35.3 0.24
Carbonate
calcium 125 13 15.0 2 25.5 -0.38 31.0 0.186
equivalent

*Shows the results of the Kolmogorov-Smirnov test and statistical signification at 95% confidence level

OLHlen 5 (69,2 e o0l & 9 (Morgan et al., 2018)
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Table 4. Performance of different models to predict ECe based on the indices extracted from Landsat-8 and
Sentinel-2 images in the winter and summer seasos.

Model Satellite Season Selected indices R? RMSE %RMSE
Landsat-8 Winter VSSI+SI3 0.4 25.4 42.7
ANN Summer VSSI+ RSI+ SI5 0.72 17.1 24.6
Sentinel-2 Winter VSSI+ RSI 0.77 16.1 27.1
Summer S13+S14+Bl 0.66 19.4 27.9
Landsat-8 Winter NDSI+RSI+SR+VSSI 0.47 23.2 39.0
DT Sur_nmer NDSI+RSI +VSSI 0.69 18.5 26.6
Sentinel-2 Winter SI+ VSSI 0.6 21.5 36.2
Summer RSI+ Sl4 0.73 17.3 24.9
Landsat-8 Winter S15+ SR+ RSI 0.4 25.1 42.2
RE Sur_nmer NIR+RSI+NDSI 0.73 17.0 24.4
Sentinel-2 Winter SI+ NIR 0.63 19.7 33.1
Summer NIR+ VSSI 0.87 12.1 17.4
Landsat-8 Winter SR+NDSI+RSI 0.44 25.8 43.4
Summer NDSI+RSI+ NIR 0. 63 20 28.8
SVM . Winter SI1+ Sl4+ SI3 0.6 21.7 36.5
Sentinel-2
Summer NDSI+RSI+SR+G 0.64 19.9 28.6

ANN: artificial neural network, DT: decision tree, RF: random forest, SVM: support vector machine
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Figure 2. Relative importance of satellite bands and salinity indices for prediction of EC. based on decision
tree using Landsat-8 in the winter season (a) random forest model using Landsat-8 in the summer season (b)

artificial neural network model using Sentinel-2 in the winter season (c) ) random forest model using
Sentinel-28 in the summer season
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Figure 3. Spatiotemporal maps of EC. using decision tree model- Landsat-8 in winter season (a), random

forest model- Landsat-8 in the summer season (b), artificial neural network model- Sentinel-2 in
winter season (c) and random forest model- Sentinel-2 in summer season
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Figure 4. Spatial distribution of ECe in winter (a) and summer (b) seasons

Sl glam el g5le Jow 5l ol Sl eis aels
A G VF e ls) Jad o S glodl olas

Jad ;3 BBk d97g pae 398 oo cdalie 5
GRg )d edball slas,lo paiged & (pie lins)
S lag,ss o B ol 6y Ll wls ol
2l Gl g ol Jab g3 50 05 5ol
S Shy 5 haly slodae samaplis O Jsax
33 Jyere Koz S 5 (e Langs oadiplnil bjles
3 elesl sbolas S aSl Colan ool b alal,
sty o 4 b 5l slafad
Gaxg badlb o Jow ;o sl eadaule i Lol
Sl ye5e aals a5 598 oo odalive ( Jguzx ol CleMbl
S &y 4z 95 b ool Ll Juad 51 a8 e linsy Juid
Ol o 0dddimlne ((hiw) ailiw] o> 4 (glankd il
buge (IS 0 ECe gl Sl (Sily a5 2dl o
Cambardella et ) ceol 43,5 (1,3 (</YO b +/YD ()
O Jgaz 0 3¢50 W)Lg;.c! sl >l (al., 1994
Silodae wul oon Jsd B S s 5
il o Ko S s b 428 Sl

Vor B G Gl Jad p0 g 5 p eer o
oylsale 5l Jol> slaosls bl yu e uies j gwo
ol (Y g @Y e o) bl co it A Cewad
o VoSt o)lsale 1 Jols glaosls el 5 acsls
VO UYY g ol )0 o o o g AT UY
Y Gl dS) el piie Hlanl )0 S etenj g
oS S (5590 Sz S Al pw)p (- 9z
Ol pss asals a5 s 151 S 55 (F JS8) sus
Jad o S oglasl ojlac S aSI colae ol
Jad 09 fe p peberiews AV B O G Ol
Diles Jo p e VT B Y e bl
5 098y bald o Hmie Ol anly awlie
G yge Ol s alald w2 a5 el ] Slid Sz S
ST b o i 5 S (Sl il o

J..aé 99 ‘5|ﬁ o.\..i';\>)5|).3 9 omd);o}|&| ﬁoLS.o o (_g)’)l.}

Oliao ) sl Juad o glubl o)lac (S oSl Colad caild (b yleo B S59 9 ol 5 92509 GOS0 -0 Jgu
Loyl (o il sl a5l ol pod 4y Ll
Table 5. Authorized models, interpolation parameters and cross-validation statistics of ECe in
winter and summer seasons

Variable  Season Model Ra?]g):]e Nugget effect Sill R? RMSE %RMSE
EC Winter Stable 1754 129 221 0.78 14.8 24.9
¢ Summer Stable 3904 198 459 0.76 15.7 22.5
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Table 6. The matching rate of ECe maps obtained by machine learning methods and kriging estimatorin different

seasons
Season Type of maps Overall accuracy (OA) Adjusted Kappa
Landsat- kriging 0.81 0.62
Winter Sentinel- kriging 0.86 0.72
Landsat- sentinel 0.81 0.62
Landsat- kriging 0.87 0.74
Summer Sentinel- kriging 0.84 0.68
Landsat- sentinel 0.85 0.7
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