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Introduction: Digital soil mapping using innovative machine learning methods is increasingly edict the
spatial distribution and various soil properties. However in soil science studies, the use of digitalsoil ing methods
faces challenges due to the imbalance in soil classes, which negatively affects t! performan machine learning
algorithms. Therefore, this study aims to address this challenge by improving th n of imbalanced soil
classes through two approaches: resampling and cost-sensitive learning, us orest prediction model in

Zanjan Province.

or soill8lass prediction based on expert opinion and
principal component analysis (PCA). Some environmental coVariates, such as geomorphological and geological maps

as the most effective predictors for soil classes and

were chosen as model inputs. @nalyt hill shadi ), sunrise, valley depth, LS_factor, channel network
distance (CND), topograp@ deXq(TWI) and multi-resolution ridge top flatness index (MRRTF) were
selected as the mosWeffgctive e al variables and modeled the most spatial variability of the soils of the
region. Soil—landscape%lat'o i deling was done performed using Random Forest algorithm and correcting

Results and discussi@n: Soil subgroups were classified into five imbalanced classes, including Typic Calcixerepts,
Typic Haploxerepts, Gypsic Haploxerepts, Typic Xerorthents, and Lithic Xerorthents. The validation results showed
that the overall accuracy (OA) and kappa coefficient for evaluating the soil map with imbalanced data were 65% and
0.32, respectively. After data balancing through resampling, these values increased to 71% and 0.54, respectively, and
in the cost-sensitive learning approach, they reached 86% and 0.77, respectively. Gypsic Haploxerepts and Lithic

Xerorthents subgroups, considered minority classes, were unidentified and excluded when using imbalanced classes.
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However, after data improvement and augmentation with both resampling and cost-sensitive learning approaches, the

prediction of these two minority classes demonstrated acceptable accuracy improvements.

Conclusion: The results of the evaluation of the models showed that in modeling using an unbalanced distribution of
soil classes, due to the loss of classes with a small number of observations, uncertain maps with relatively poor
accuracy are created, and after applying data balancing, the accuracy of models based on soil relationships -
Topography is improved in digital soil mapping studies. The results showed that the cost-sensitive learning approach,
focusing on classes with low repetition, can be used as a superior model in other areas. Considering that the research
in the field of unbalanced soil data is limited, this study can be an effective solution to deal with unbalanced data in

soil classes and produce digital soil maps with high accuracy.
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Figure 2- Map of a) geology b) geomorphologi in study area
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Table 1- Separated units at the landform level based on geomorphological information in the study area

adiis alg Pl glp=! G S5 (EXWRSWITIE I B/ gaidyg s Wicra)
Map Unit Landform Landform Lithology/Origin Relief/Morpholo Physiograph
P Components Shape ay/=ng phology ystograpny
Consociation Hilll Slope facet Mar_l *Lime + Medium hill
complex Alluvium - Colluvium
Hi211 Summit s
Hi212 Shoulder Marl + Alluvium - i e
Complex Hi213 Backslope Colluvium Low hill Hill lands
Hi214 Footslope
Hi215 Toeslope
Association Pi111 High glacic Alluvium - Glacic, Dissected
Colluvium
Complex Pi211 Mlddle_ Marl + AIIuv_|um - Glacic, Moderately
glacic Colluvium dissected
- . . Marl + Alluvium - Glacic, Low
Association Pi311 Low glacic Colluvium dissected
Association Pi411 Side slope Alluvium laci
o _ Alluvium - Glacic terrace,
Consociation Pi421 Tread : Dissected Slaswls cuvs
Colluvium bied
- . . Marl + Alluvium - Glacic terrace, ledmont
Association Pi511 Side slope Colluvium Slightly eroded plains
Association Pi611 Side slope AIIuvmm ) Coalescing fan
Colluvium
Pi711 Upper part
Association Pi712 Middle Marl + AIIuv_lum - Channe_led recen_t
part Colluvium alluvial deposits
Pi713 Lower part
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Table 1- Physical, chemical and classification characteristics of profils in the study area

o Saf oS
G %sum Calcium S sk ekl (1) @153 (oo 20 5 ) )
yP carbonate ocC Jos olan STy Relative Particle Percentage S K e
e rageed G (%)Top of FormBottom of Soil (yo B lw) L]
CEC EC H Form Color Depth Horizon
%) (Cmol+ (dsm- P cm)
kg™) D) o Vo o
Clay Silt Sand
Reference Soil Profile No. 1 Typic CalCiXxerepts s 5 oS o 1 o 5loss walis &,
- 16.70 0.46 12.90 0.49 7.98 16 28 56 10YR4/4 0-15 A
- 26.10 0.26 18.90 0.29 8.30 28 22 50 10YR5/4 15-45 Bkl
- 27.90 0.06 16.30 0.29 8.13 20 16 64 10YR5/4 45-65 Bk2
) 25.80 0.07 6.40 0.44 8.19 14 12 74 10YR5/4 651_50 C
Reference Soil Profile No. 2 Gypsic Haploxerepts 3 5ol s S ¥ o lois dalis & 5S>
7 21.40 1.15 12.50 2.8 7.56 10 36 54 10YR7/2 0-15 A
23 16.90 0.61 9.60 2.7 7.86 10 36 54 10YR8/2 15-30 Bkyl
10 18.90 0.39 15.60 2.9 7.81 18 36 46 10YR5/4 30-47 Bky?2
20 18.30 0.35 10.60 9.26 7.62 18 30 52 7.5YR5/4 47-75 Cky
39 13.10 0.19 10.30 8.10 7.62 12 30 58 7.5YR5/4 751'50 Ccy
Reference Soil Profile No. 3 Lithic Xerorthents s yoly; Susad ¥ o lois vl &, S5
- 19.30 0.11 25.60 0.43 7.94 36 48 16 10YR5/6 0-10 A
- 23.30 0.13 23.90 1.04 8.77 40 48 12 10YR5/6 10-40 C
- 25.50 0.06 19.20 2.53 8.26 34 50 16 - 40-80 Cr
Reference Soil Profile No. 4 Typic Xerorthents yus gl Sows ¥ o lods valis #,5

- 13.10 0.28 9.10 0.60 7.81 10 22 68 10YR6/3 0-20 A
- 14.30 0.23 10.60 1.01 7.79 12 20 68 10YR5/3 20-45 C1
- 11.50 0.20 9.90 1.03 7.93 12 20 68 10YR5/3 45-80 c2
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12.60 0.10 - 0.65 8.15 6 14 80 10YR5/3 150 C3
Reference Soil Profile No. 5 Typic Haploxerepts i 3ol S 8 ol salis &,

21.6 0.25 18.00 0.76 8.02 28 51 21 10YR4/4 0-25 A

22.60 0.16 28.50 1.53 8.63 46 42 12 10YR4/3 25-80 Bwl

18.70 0.17 - 3.77 8.66 50 42 8 10YR4/3 82'50 Bw2
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Table 2- The number of observations of soil classes at the subgroup level

oS aS S slog,F ) Lousalice dloxy Lovalivn o,
Class Code Subgroups Soil Number of Percentage of
group Observations Observations
A "‘_”“’“K_ 68 32.43
Typic Calcixerepts
25l ¢S
B ’f””’l’f 26 17.56
Typic Haploxerepts
- la 55
C f”’,”l” i 12 8.1
Gypsic Haploxerepts
D T 31 20.94
Typic Xerorthents
E T T 11 7.34

Lithic Xerorthents
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Table 3- Prediction accuracy of the taxonomic level of the subgroup before and after data
treatment by random forest algorithm (resampling and cost-sensitive learning approaches)

e SWIC - ‘5‘&@5%
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YD o ead Data balancing approaches
Kappa Overall
coefficient accuracy (%)
0.32 65 Joleiel slaools
Imbalanced dataset
0.54 71 Suzme (6 S diged 9,559, b Jolaie (glrosls
Balanced datase with a resampling approach
403 4 (wlas (6,500 0,554, b Jolee sloosls
0.77 86

Balanced dataset with a cost-sensitive learning
approach
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Table 4- Producer and User accuracy of soil classes at the subgroup level before and after data treatment based on the random forest (resampling and
cost-sensitive learning approaches)

(1) 32,5 como (1) saisS a9 o obueb! cobils
User accuracy (%) Producer accuracy (%) Validation
G50l sl
Joluio glaools Joleio glaoslo oeiilo
Balanced dataset Balanced dataset Machine learning
Joleiol ooty Joluiol ooty models
_ Imbalanced & wlws 500 Imbalanced
(PWES L
) 4ol ook dataset ) - dataset 30 S s
350 (5 5 gl wyip S02x (5 oS iged 1R _
Resampling Cost-sensitive Resampling Cost-sensitive 2525 CJM
learning learning Subgroup of soil
75 95 61 85 100 85 A
34 71 100 25 83 50 B
100 100 NaN 75 85 0 C
34 81 65 34 100 34 D
78 100 NaN 88 91 0 E

NaN*: Not a number, no prediction has been made for this class.
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Figure 5- Maps produced by random forest algorithm before and after data balancing with
resampling and cost-sensitive learning approaches
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