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5- Digital soil mapping
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4- Variance inflation factor
5- Universal Transfer Mercator

pole 0l b b e (slodine) o g 0blo (6553 lol odls oIS
o > dtigg Najyl Ll 5 oMbl b eylei o 3l oo b I
ool 51 ol Gan &8l 45 03,5 gl wl odly 51 55
oty (1) Celnodls 15 Liske sla o b lngS)l zly5_l
S S Sl i lp omiiaze o wgi (gdasie (golSedl
O yS y Slalllas &) led o a8 Cuwlodyd S #dly oolatwl 350 S
B> b (1Y) (egian (as oSl (V) SitaaY
5 S s alato 3ge5 0yl ] (YA 5 VF YY) olas JSi ((¥+)
il g 5y Cuplo &l gy jobay &5 Cul (golSedls (glad S5,
lllas (YD) LS o Lais |, S5 g o i (glaisly 5 S
SB 068y (o) pdis B Hlasdiged 3,09, 3l ooltiw | joga 5 5
i S1AVY 5 o) ol sy Sy (5l late e €5
sdle p» SB (0b) Gylpadd p e slagby) jl edli |
Al iy Lol e wl axdl (ilidl ang B liae 4 oyl
gaw b SB (la oM gandil (g5, p 485 Ojpo Slalllas
(89 )) wlosg 39 yate SB 09,5 05 b S5 095
Sy 35900 SB (058 (5l pais ol Sy al ol
V283 L (9 o) s Sl o 53 S
5295y Wb dnad ) odliiwl 3590 Jio gl 50> g jlAlss
s 48 0k Spge )3 s0d) (b sk 3 S lapMS
Ni—ly e (6l pite diggy GBSl 4 e (sl e
b bo 653k sl gy, S (VIA) e g 19w Lo )ls (oYL
5 03505 o3laiwl WIIHL 0 SB sl WIS S i 5o
Sl Mbe i )3 Ll e eld)] egBy Jde Cliliie Liiine
SE (098) ()04l ) oS oy slapite S (3L 2las
s | 5o 8L | (gl puite 3959« U] b i 02lis | 13
iy o ladlas (VA) 33,5 (il Jio il cds gals Cogo
oSl dw gawslio Baa L (Y)R) hSed o ugeelS oy
3 ( 0y S S 5 5 S 33) Jal s i ol
295y O3S (Gl JAe 8D (g9) p Slle slaite
oSl aS ol sl L] bt byl Gy SB gla WS
e ime (oS yite ¥e ggoone jl (amopd Ve 'L )
250 e QLRI wh)oSl 93 4 Cu i gla)] (o098 Je
sge 1) 1y 6Vl €63 b gl S slapoMS SlKe i
55030 w2950l 93 (sladlllas )3 (Y14 e 5 s9—wse ()
Sl gy 93 9 aBldswgs (B> Sg)S) 9 (Sl JRix
ab & gl |y Tosbly pygi )9S 5T o | sloadlhe 4320 e
Sl yusite 45 g0 (ly 9 MBS )5 4 S S (098 ()0

1- Digital Elevation Model
2- warpper
3- Principal component analysis
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5- Variance inflation factor
6- Mean decrease accuracy
7- Ensemble
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1- ALOS PALSAR
2- Boruta

3- Forward

4- Backward
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Figure 1- Location of the study area
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Table 1- Range of VIF changes

Class outline Variation range
b yiiio po (Stused g s on 51086 VIE=1
No effect of collinearity and correlation between variables
| bege ey ben ST 1<VIF <5
Collinearity effect and average correlation
Vb Stasen g hien Sl < VI <10
Has high collinearity and high correlation
Vb (A (Stnon 5 (i on ] VIE>10

Very high collinearity and correlation effect
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4- SoLIM Solutions
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1- Random forest
2- Caret
3- Soil landscape inference model
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4- Typic Haplustepts

5- Fine-silty, carbonatic, hyperthermic Typic
Calciustolls

6- Stream power index
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1- Sample-based reasoning

2- Typic Calciustolls

3- Fine-silty, carbonatic, hyperthermic Typic
Haplustepts
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Table 2- Area of soil subgroups using RF

SB s SG 09,5 ;5 ol Coluw
Soil class Soil subgroup Area Area
(ha) (%)
1 Typic Haplustolls 150.85 14.68
2 Typic Calciustepts 239.02 23.27
3 Typic Calciustolls 502.22 48.90
4 Typic Haplustepts 19.01 1.85
5 Typic Ustorthents 115.98 11.30
Eooze 1027.08 100
Total
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Table 3- The physiochemical properties and classification of representative profile of soil families in the VVargar lands of Abdanan

Cad b .
] SB K, of s O e
Jols . S y SoCim i / "
Soil Color Col g Joles 7 sand st Clay & 281
FelS < oSly  o.C . R.F @8
T
CEC EC u Depth .
Cgbye SKid @dsmy P (8) s (cm) Horizon
(cmol+/kg)  Moist Dry ’
Coarse-loamy, carbonatic, hyperthermic Typic Calciustolls, p.36
165  75YR¥3 XR 0104 742 129 30 12 458 30 242 020  Ap
9.9 75YR3/4 7.5YR5/4 0105 7.69 071 42 40 49.16 3584 15 20-60 Bk
- - - - - - - >90 - - - >60 C
Fine-loamy, carbonatic, hyperthermic Typic Calciustepts, p.1
13.3 75YR4/4 75YR6/4 0135 754 12 45 10 458 358 183  0-25 Ap
15.4 75YR4/4 75YR6/4 0112 7.72 0.85 48 30 51.7 233 25 25-65 Bw
12.8 75YR5/4 7.5YR6/4 0104 7.85 0.2 57 15 525 233 242 65-90 Bkl
12.8 7'§ZR 75YR4/4 0104 785 0.2 57 15 525 233 242 fgo Bk2
Fine silty, carbonatic, hyperthermic Typic Calciustepts, p.24
11.7 75YR5/4 75YR6/2 034 7.47 074 6 5 4584 3582 1834 0-25 Ap
14.8 7.5YR4/4 7.5YR6/3  0.225 78 067 49 3 51.66 2334 25 25-63 Bw
12.1 7.5YR5/4 7.5YR6/4  0.157 82 033 55 3 525 2334 2416 fg’s Bkl
11.8 7.5YR5/4 7.5YR6/4  0.157 82 028 55 3 525 2334 2416 11%50 Bk2
Clayey, carbonatic, hyperthermic Typic Calciustepts, p.19
19.6 7.5YR4/4 7'2/ZR 0.601 75 071 25 5 46 24 30 0-15 Ap
19.6 75YR5/3 7.5YR6/3 0.612 7.7 062 31 5 43 24 33 15-30 Bw
19.1 75YR6/4 7.5YR6/3  0.478 82 044 65 3 42 215 36,5 30-70 Bkl
19.1 75YR6/4 7.5YR6/3  0.478 82 044 65 5 42 215 36,5 70-150 Bk2
Coarse-silty, carbonatic, hyperthermic Typic Calciustepts, p.11
10.8 7.5YR4/3 7.5YR6/3  0.148 74 097 25 10 625 225 15 0-20 Ap
111 7.5YR5/4 7.5YR6/4  0.099 77 068 35 5 63.33 19.17 175 20-40 Bw
8.6 75YR5/4 75YR7/4 0117 82 044 56 5 6666 1918 1416 40-90 Bkl
8.6 7.5YR5/4  75YR7/4  0.117 84 044 56 8 66.66 19.18 14.16 90-150 Bk2
Fine-silty, carbonatic, hyperthermic Typic Calciustolls, p.14
18.3 7.5YR4/3 7.5YR5/3 0.144 74 139 18 5 60 21.67 1833 0-20 Ap
16.4 7.5YR4/3 7.5YR5/3 0.123 76 092 25 3 50 29.17 20.83 20-60 Bw
15.2 7.5YR5/3 7.5YR6/3  0.156 78 043 55 7 4583 26.67 27,5 60-110 Bkl
152  75YR6/3 7.5YR6/3 0156 81 043 55 5 4583 2667 275 O Bk

150




¥4

e S S 098y (0 s 53 Ko e Ll il S bgy 2]y

QU] 5 59 251)] 13 SB (slauold s Sz ST (55003 5 o2bonboy 3ud Sluogas —F Jgaz dels]
Continued Table 3- The physiochemical properties and classification of representative profile of soil families in the Vargar
lands of Abdanan
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¥ Soil Color SS9 ps STy d Jalre o7z Sand  Silt  Clay &
CEC - SK o.C R.F
EC CCE Depth _
(Cmol+/kg) (di')m' pH (cm)  Horizon
oS (%) 20
Moist Dry
Loamy-skeletal, carbonatic, hyperthermic Typic Calciustolls, p.20

16.7 75YR3/3 75YR4/3 014 754 12 45 10 4584 3582 1834  0-25 Ap
14.4 75YR3/4  75YRS5/4 011 761 05 48 50  51.66 2334 2500 2565 Bw
12.8 75YR5/3  75YR6/3 010 782 02 56 30 5250 2334 2416 65-90 Bk1
128 75YR6/3 75YR6/3 010 796 02 56 15 5250 2334 2416 o0 BK2

Fine-silty, carbonatic, hyperthermic Typic Haplustepts, p.4

19.1 75YR4/4  T5YRS5/4 178 762 065 20 2 400 295 295  0-25 Ap
17.2 75YR6/4  75YR6/5 095  7.88 044 40 3 575 95 33 2570 Bwl
17.2 75YR6/3  75YR6/4 095 788 044 42 5 575 95 33 186 Bw2
17.2 75YR6/3  75YR6/4 095 788 044 33 5 575 95 33 Bw3

Fine-silty, carbonatic, hyperthermic Typic Haplustolls, p.34

196  7s5YRy3 ToMR 1m0 23 3 . 580 195 225 0-20 Ap
165  75YR4/4 T5YRS/4 051 745 062 43 - 535 160 305 2 Bwl
16.1 7.5YR5/4 7.5YR5/4 0.51 7.78 0.45 43 - 535 16.0 305 ](?(()](-) Bw2
161  75YRS/4 75YRS/4 051 778 045 45 - 535 106 305 20 Bu3

Loamy-skeletal, carbonatic, hyperthermic Typic Haplustolls, p.30

148 7svRy3 ToMR 076 744 179 35 35 57 205 225 0-20 Ap
11.3 7.5YR4/4  7.5YR5/4 0.40 7.73 0.77 55 36 615 125 26 %%- Bw
7.6 - - 0.23 8.32 0.5 60 50 62 16 22 >55 CB

Loamy-skeletal, mixed, calcareous, hyperthermic Typic Ustorthents, p.22

12.4 7.5YR4/4  75YR5/4  0.615 7.74 0.61 26 35 61 19 20 0-25 Ap
8.3 7.5YR6/4 7.5YR7/4 0.332 7.85 0.32 38 45 51 16 33 fgé BC
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Table 4- Area of soil families using the RF model

Caluw Area
SK WS SB Jpeld
Soil class Soil family (ha) ,USa o3 (%)
1 Coarse-loamy, carbonatic, hyperthermic Typic Calciustolls 48.08 4.68
2 Fine-loamy, carbonatic, hyperthermic Typic Calciustepts 9.39 0.91
3 Fine silty, carbonatic, hyperthermic Typic Calciustepts 107.53 10.46
4 Clayey, carbonatic, hyperthermic Typic Calciustepts 7.69 0.74
5 Coarse-silty, carbonatic, hyperthermic Typic Calciustepts 303.61 29.56
6 Fine-silty, carbonatic, hyperthermic Typic Calciustolls 1.90 0.18
7 Loamy-skeletal, carbonatic, hyperthermic Typic Calciustolls 8.60 0.83
8 Fine-silty, carbonatic, hyperthermic Typic Haplustepts 335.86 32.70
9 Fine-silty, carbonatic, hyperthermic Typic Haplustolls 58.01 5.64
10 hyperthermic Typic Haplustolls Loamy-skeletal, carbonatic, 11.59 1.17
11 Loamy-skeletal, mixed, calcareous, hyperthermic Typic Ustorthents 134.82 13.12
Eoe 1027.08 100
Total
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Table 4- result of three methods for auxiliary variable selection
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algorithm Y
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Local curvature Local_Curve Local
osds Jloy glis,l curvature in landcape different positions
Iy et il ot 4l o g gl agd) Jio Jsho <o (53508 (obuls
byl ;
" Normalized height Normalized ) S o )
Boruta b th sl It considered vertical movement a digital elevation
O ©)8 > L
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Stream power index Stream_Pow 0me) B T8 Sl 238 o €008 5
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03 C)’La] rij 37 ol
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Table 5- Predicting subgroup and family taxonomic levels by machine learning methods

Ol (50l (yg, S Lo ot 2955 3 Jaold
Machine learning method Validation index Subgroup Family
b ol 0.57 0.3
Kapa
_ ‘_Jf Cono
RF-MDA %OA 84 50
%00B 72.42 93.1
b ol 0.3 0.3
Kappa
‘_Jf Cono
RF-VIF OAJ >8 >0
%00B 67.86 93.1
b ol 0.55 0.3
Kappa
‘_Af Cono
RF-Boruta OAY. 67 50
00By. 82.76 86.21
LS asls
e 0.18 0.3
Kappa
‘_Af Cono
Fuzzy-MDA OAY 50 50
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Table 6- Comparison of accuracy of soil subgroup prediction by models fitted to validation data

RF-VIF RF-MDA RF-Boruta SE ooy 55
Soil subgroups
UA PR UA PR UA PR

100 100 100 50 100 50 Typic Calciustepts
75 75 80 100 100 100 Typic Calciustolls
NAN NAN NAN NAN NAN NAN Typic Haplustepts
0 0 NAN NAN 100 67 Typic Haplustolls

0 0 NAN NAN 0 NAN Typic Ustorthents
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i Convexity Convexity
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Surface_ArJ Surface Ar———]
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Figure 3- Sensitivity analysis of most influence covariates in the prediction of soil classes (a) Subgroup and (b) Soil Family.
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4 Coarse loamy, carbonatic, Hyperthermic Typic Calciustolls
4 Loamy skeletal, carbonatic, Hyperthermic Typic Haplustolls
W Loamy skeletal, mixed, calcareous, Hyperthermic Typic Ustorthents
47 Fine loamy, carbonatic, Hyperthermic Typhe Calelustepes
@ Fine silty, carbonatic, Hyperthermic Typic Calciustepts
<! Clayey, carbonatic, Hyperthermic Typic Calciustepts
27 Coarse loamy, carbonatic, Hyperthermic Typic Calclustepts
& Fine silty, carbonatic, Hyperthermic Typic Calciustolls
& Loamy skeletal, carbonatic, Hyperthermic Typic Calciustolls
¢ Fine silty, carbonatic, Hyperthermic Typic Haplustepts
4" Fine silty, carbonatic, Hyperthermic Typic Haplustolls

(b) <

' Typic Haplustolls
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Figure 4- Spatial distribution of classes (a) subgroup and (b) soil family using RF-MDA maodel
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Background and Objectives: High-accuracy of soil maps is a powerful tool for achieving land sustainability
in agricultural and natural resources. This study was conducted to determine the effect of different feature selection
methods with machine-learning algorithms to prepare digital mapping of soil classes at two taxonomic levels from
subgroup down to family in the interest region, i.e. Vargar lands of Abdanan city, related to the Ilam province.

Materials and Methods: Study area is 1027 hectares with 628.6 mm and 22.6 °C mean annual precipitation
and temperature, respectively. Three major physiographic units including Hilland, Piedmont plain and Alluvial
plain were considered. Soil moisture and temperature regimes are calculated based on the Newhall model in JINSM
6.1 version software. A total of 44 soil profile observation with random sampling pattern was determined based
on standardized soil surveys then digging, description and after sampling from all genetic horizons then soil
samples were transferred to the laboratory. Finally, all of the soil profiles were classified based on the soil
taxonomy system (2014) down to the family level. Geomorphometric covariates as a representative of soil-forming
factors were prepared from the digital elevation model (ALOS PALSAR Satellite,2011) with 12.5 m resolution in
SAGA GIS 7.4 version software. Three feature selection approaches included Boruta, Variance inflation factors
(VIF) and Mean decrease accuracy (MDA) with two Random forest (RF) and Fuzzy logic data mining algorithms
were applied for relating soil-landscape relationship by using “random-forest”, “caret” packages in R 3.5.1 and
SoLIM solution version 2015 software’s. Sample-based project used for predicting soil classes in Fuzzy logic
modeling process. In total observation profile split into two data set included 80 percent (n=36) for calibrating and
20 percent for validating (n=8) based on bootstraps sampling algorithm random forest. Internal validation of the
random forest algorithm was done based on out of bag error percentage (OOB%). The best model performance
was determined based on overall accuracy (OA) and kappa index, also for each individual class user accuracy
(UA) and producer accuracy (PA) were applied.

Results: The results have shown that from a number of 40 geomorphometry covariates, six covariates included
Terrain classification index for lowlands, Annual insolation, Topographic position Index, Upslope curvature, Real
surface area, and Terrain surface convexity were selected by MDA as the best environmental covariates. Also, the
RF-MDA method with overall accuracy of 84% and Kappa index of 0.56 had the best performance compared to
other methods (RF_VIF, RF-BO ,Fuzzy-MDA) in the subgroup level with 58, 55, 50 and 0.3, 0.67 and 0.18

respectively. Out of bag error results (%00B) for RF-MDA, RF-VIF and RF-Boruta were obtained that 72.42%,
67.86%, and 82.76% for subgroup level and 93.10%, 93.10% and 86.21% for the family level respectively. while
there was little difference between the accuracy of the method at the family taxonomic level and performed similar
results in the modeling of soil classes process. The results of the fuzzy approach showed that the kappa index
values and overall accuracy of this method were similar to the other three scenarios and there was a slight
difference between the accuracy of the results at the soil family level. In the fuzzy method, it was observed that
the kappa and overall accuracy values at the subgroup level were lower than the other scenarios. Fuzzy approaches
in contrasted to RF modeling prevented continuous spatial variability by generating fuzzy maps for each of the
soil classes in the landscape. These results indicate that the random forest method is superior to the fuzzy method
in family class mapping and soil subgroups. Based on the MDA sensitivity analysis index, similarly, three
geomorphometry covariates included Terrain surface convexity (convexity), Terrain classification index for
lowlands (TCI_Low) and Real surface area (Surface_Ar) had the highest importance for predicting soil classes at
two taxonomic levels. With regarded to final soil predicted maps area, two classes (Fine-silty, carbonatic,
hyperthermic Typic Haplustepts) and Typic Calciustolls with 32.70% and 48.90% and (Fine-silty, carbonatic,
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hyperthermic Typic Calciustolls) and Typic Haplustepts with 0.18% and 1.85% had the highest and lowest content
at family and subgroup maps respectively.

Conclusion: In general, using different variable selection approaches in situations where soil classes have a
relatively imbalanced abundance can increase the accuracy of digital mapping in soil studies. Increasing the
number of field observations and the use of other environmental variables affecting soil formation can also be used
for graduating in prediction low-accuracy soil classes.
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