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Background and Objectives: Optimal soil‘management and sustainable
agricultural development require access to- accurate and reliable
information regarding soil conditions and- classification. The precise
prediction of soil classes and their spatial distribution is crucial. The
application of machine learning methods, particularly the cost-sensitive
learning approach, can improve the accuracy and efficiency of soil
classification by addressing class imbalance. This study aimed to enhance
soil class prediction by applying a cost-sensitive learning approach to
account for imbalanced class distribution in a region in southwestern
Zanjan Province, Iran.

Materials-and Methods: A total of 148 soil profiles were excavated using
a regular grid pattern with an average spacing of 500 meters (with some
locations up:to 700 meters based on expert recommendations). The profiles
were described and classified through laboratory analyses up to the family
level. The study incorporated various environmental covariates, including
geomorphological and geological map data, a digital elevation model
(DEM), and Landsat 8 satellite images. Using Principal Component
Analysis (PCA) and expert knowledge, a set of key covariates-including
geomorphological maps, geological data, analytical hill shading, sunrise,
valley depth, LS Factor, channel network distance, topographic wetness
index, and multi-resolution ridge top flatness-were selected as the most
effective predictors of soil classes. The soil-landscape relationship was
modeled using the Random Forest (RF) algorithm and an ensemble model
after data balancing in RStudio software.

Results: The soil classes in the study area at the subgroup level were
categorized into five imbalanced classes, including Typic Calcixerepts,
Typic Haploxerepts, Gypsic Haploxerepts, Typic Xerorthents, and Lithic
Xerorthents. The overall accuracy and Kappa coefficient for evaluating the
soil map using the Random Forest model were 65% and 0.32 before data
balancing and 86% and 0.77 after balancing the data using the cost-
sensitive learning approach. The accuracy of soil class predictions at the
subgroup level improved significantly after balancing. The two minority
classes-Gypsic Haploxerepts and Lithic Xerorthents-were predicted with
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100% user accuracy and 91% and 85% producer accuracy, respectively.
However, the sensitivity index for these minority classes was initially zero,
indicating that no correct predictions had been made before balancing. The
specificity index values for Gypsic Haploxerepts and Lithic Xerorthents
were 1 and 0.97, respectively, confirming that the model was highly
capable of distinguishing these classes from others. The balanced accuracy
values revealed that differentiating Gypsic Haploxerepts (0.50) and Lithic
Xerorthents (0.49) remained more challenging compared to other classes,
but the model still achieved relatively accurate predictions.

Conclusion: The findings confirm that handling imbalanced data using a
cost-sensitive learning approach significantly improves the accuracy of soil
class predictions and the quality of produced soil maps. By focusing on
minority classes, this method reduces prediction errors and enhances model
accuracy. The results demonstrate that the Random Forest ‘algorithm,
combined with the cost-sensitive learning approach, substantially improves
the differentiation of soil classes, particularly minority classes, making it a
valuable tool for soil classification and management.
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2- Minority classes
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4- Mesic

5- Xeric

6- Hill lands

7- Piedmont plains
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2- Ensemble models
3- Cost sensitive learning
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1- Principal component analysis, PCA
2- Analytical hill shading

3- Sunset

4- Valley depth

5- LS-Factor

6- Channel network distance, CND

7- Topographic wetness index, TWI

8- Multi-resolution ridge top flatness index, MRRTF
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9- Gypsic Haploxerepts
10- Typic Xerorthents
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1- Overall accuracy, OA
2- Producer accuracy, PA
3- Users accuracy, UA

4- Kappa index

5- Entisols

6- Inceptisols

7- Typic Calcixerepts

8- Typic Haploxerepts
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Table 2. Summary of physicochemical properties of studied soils.

& &fﬂ d JJS b D3 s o 53
Gypsum c(;fll)((:)::l;:nte 2;%132:: N Saba B sl Relative pereentage of S & Ges 5
S8 S S S particles (%) ) i Depth "3
%) CEC  Ecsm’  pH - - Soil color oy Horizon
(Cmol+kg™) S e 2
Clay Silt Sand
(Profile number 1) ) o,le el
- 16.7 0.46 12.90 0.49 7.98 16 28 56 10YR4/4 0-15 A
- 26.1 0.26 18.90 0.29 8.30 28 22 50 10YR5/4 15-45 Bkl
- 27.9 0.06 16.30 0.29 8.13 20 16 64 10YR5/4 45-65 Bk2
- 25.8 0.07 6.40 0.44 8.19 14 12 74 10YR5/4 65-150 C
(Profile number 2) ¥ o,le [eals
7 21.4 1.015 12.50 2.8 Ve 10 36 54 10YR72  0-15 A
23 16.9 0.61 9.60 257 7.86 10 36 54 10YRS/2 15-30 Bkyl
10 18.9 0.39 15.60 29 7.81 18 36 46 10YR5/4 30-47 Bky2
20 18.3 0.35 10.60 9.26 7.62 18 30 52 7.5YR5/4 47-75 Cky
39 13.1 0.19 10.30 8.10 7.62 12 30 58 7.5YR5/4  75-150 Cy
(Profile number 3) Y o la eals
- 19.3 0.11 25.60 0.43 7.94 36 48 16 10YR5/6 0-10
- 233 0.13 23.90 1.04 8.77 40 48 12 10YR5/6 10-40 C
- 25.5 0.06 19.2 2.53 8.26 34 50 16 40-80 Cr
(Profile number 4) ¢ o;le eals
- 13.1 0.28 9.10 0.60 7.81 10 22 68 10YR6/3 0-20 A
- 14.3 0.23 10.60 1.01 7.79 12 20 68 10YR5/3 20-45 Cl
- 11.5 0.20 9.90 1.03 793 12 20 68 10YR5/3 45-80 C2
- 12.6 0.10 - 0.65 8.15 6 14 80 10YR5/3 80-150 C3
(Profile number 5) ¢ o,le eals
- 21.6 0.25 18.00 0.76 8.02 28 51 21 10YR4/4 0-25 A
- 22.6 0.16 28.50 1.53 8.63 46 42 12 10YR4/3 25-80 Bwl
- 18.7 0.17 - 3.77 8.66 50 42 8 10YR4/3 80-150 Bw2

1- Cost sensitive logistic regression, CSLR
2- Cost sensitive decision tree, CSDT
3- Cost sensitive extreme gradient boosting, CSEGB

0
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Table 3. Classification of soils based on Soil Taxonomy.

Sbes, 035 25 Sl Ll bz Sl sl
Soil order Subgroup Family soil class Nurg?gfr_llz I;SOH
Inceptisols Typic Calcixerepts Loamy-skeletal, mixed, mesic Typic Calcixerepts 65
Inceptisols ~ Typic Haploxerepts Fine-loamy, mixed, mesic Typic Haploxerepts 26
Inceptisols  Gypsic Haploxerepts Fine, mixed, mesic Gypsic Haploxerepts 12

Entisols Typic Xerorthents Loamy-skeletal, mixed, calcareous, mesic Typic Xerorthents 31

Entisols Lithic Xerorthents Fine, mixed, calcareous, mesic Lithic Xerorthents 11

.g;wﬂeﬁ,,ﬂn L g Wosls (g3ludslate 51 dm 5 |5 o5 8 05 skives; phaw i Cowd —E Jgdr

Table 4. The prediction accuracy of the taxonomic level of the subgroup before and after balancing the data by
random forest algorithm.
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Imbalanced dataset
26 077 a3 a ol (5800 3 Soss L dalaze (slaesls

Balanced data with a cost-sensitive learning approach
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Table 5. Producer and user accuracy for soil classes at the subgroup level before and after balancing the data
based on the random forest model.

(1) sdiSA) ¢ Cmn

Producer accuracy (%)

() f_)ls Cowo

User accuracy (%)

Olabl = LG
Reliability

Jaleze glaesls Jaleel (glaesls

Balanced dataset Imbalanced dataset

Jaleze glaesls

Balanced dataset

Jalezal glaesls il 6,85k sl

Imbalanced dataset Machine learning models

100 85 95
83 50 71
85 0 100
100 34 81
91 0 100

61 FesdlS S
Typic Calcixerepts
ey K
100 FIA S
Typic Haploxerepts
PP L‘b < -
NaN PSS Seme
Gypsic Haploxerepts
w5yl K
65 FR805 Sen
Typic Xerorthents
w5y el Sl
NaN FR805 S

Lithic Xerorthents
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Table 6. Prediction accuracy of the taxonomic leyel of the subgroup before and after balancing the data by
random forest algorithm.

S b Lt

Prediction of soil classes

Pl S R S i S RO S RS S S st
Lithic Typie Gypsic Typic Typic s
Xerorthents Xerorthents Haploxerepts Haploxerepts Calcixerepts Validation indices

Colo=
0 1 0 0.83 1 .
Sensitivity
0.97 0.94 1 0.94 0.95 2
Specificity
\J.:ﬁ -
0.49 0.98 0.50 0.89 0.97 2

Balanced accuracy

A
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Soil Classes
[ Typic Calcixerepts
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I Gypsic Haploxerepts
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