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Abstract

Introduction: Digital soil maps are commonly used in soil science studies, but the imbalance in
soil class distribution can limit the performance of machine learning algorithms. This has led to
increased attention from researchers on solutions to overcome these limitations. This study aims to
improve the classification of imbalanced soil data using the resampling pre-treatment technique in
three prediction models: Random Forest (RF), Boosted Regression Trees (BRT), and Multinomial
Logistic Regression (MNLR), in a region of Zanjan province in Iran.

Materials and Methods: Soil sampling was done based on a regular grid pattern with 500-meter
average intervals, and 148 soil profiles samples were randomly selected and classified into five
classes at the subgroup level. Environmental covariates, including geomorphological and
geological maps, a digital elevation model (DEM), and remote sensing (RS) were selected using
principal component analysis (PCA) and expert knowledge methods. The most effective
environmental variables for predicting soil classes were selected and used as input to the models.
Extraction of environmental covariates was done using ENVI and SAGA_GIS software, and
modeling of soil-landscape relationships was done using the aforementioned algorithms in Rstudio
software. The resampling technique was applied to the minority and majority soil classes prior to
modeling.

Results and Discussion: The use of imbalanced data for mapping resulted in a loss of minority
classes and relatively low Kappa agreement values and overall accuracy for RF (overall=65%,
k=0.32) and BRT models (overall=60%, k=0.35), indicating decreased accuracy in spatial
predictions of soil subgroups. However, after resampling the data, the overall accuracy and Kappa
coefficient statistics increased in all models, resulting in improved spatial predictions. The BRT
model provided an acceptable estimate by maintaining the minority classes and had a Kappa
coefficient of 0.64 and an overall accuracy of 75% in the spatial prediction of soil subgroups. The
producer accuracy (PA) and user accuracy (UA) results showed that the two classes of Gypsic
Haploxerepts and Lithic Xerorthents, which were excluded when training using imbalanced
datasets in RF and BRT algorithms, showed significant improvement after balancing the data.
Results showed that they were well-predicted in the RF algorithm (UA = 100%, 78%) and BRT
algorithm (UA= 60% and 70%) using treated data, highlighting the importance of balancing the
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data for improved spatial predictions. Additionally, these minority classes showed producer
accuracy in the RF algorithm (PA= 75%, 88%) and BRT algorithm (PA= 100%, 78%) in
comparison to zero accuracy when training using imbalanced data. On the other hand, the
validation results of the MNLR algorithm showed that despite maintaining the minority classes
after balancing the data, the minority classes were predicted with less accuracy, indicating the need
for further improvement in spatial predictions using this algorithm.

Conclusion: The results of this study demonstrate that using imbalanced distribution of class
observations in modeling can lead to uncertain digital soil maps with lost minority classes and
relatively poor accuracies. Therefore, it is crucial for researchers to address this issue by applying
data resampling techniques with over- and under-sampling to balance the class distribution in the
data before modeling. In addition to resampling techniques, there are other ways to address
imbalanced class distribution, such as cost-sensitive learning, ensemble learning, and threshold-
moving. Researchers can explore these methods to further improve the accuracy of soil
classification models.

Keywords: Boosted regression trees, data pretreatment, oversampling, resampling methods,
minority class
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Table (1) Selected environmental covariates for modeling to predict soil classes
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Figure (4) Frequency of soil classes before and after data resampling
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Table (2) The number of observations of soil classes at the subgroup level

\Al

oS S glaoy S o laoalive 3las bodalie o)
Class Soil subgroups Number of observations Percentage of
code observations
A Typic 68 32.43
Calcixerepts
Faoiskle S
B Typic 26 17.56
Haploxerepts
Fik Sar
c Gypsic 12 8.1
Haploxerepts
b e Xorortn 31 20.94
Typic Xerorthents
E 0900 e 11 734

Lithic Xerorthents
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Table(3) Prediction accuracy of the taxonomic level of the subgroup before and after improving or
data treatment by learning algorithms

(e o éhu,a:'-l.fu
Validation indicators

oedle 6,850 slade LS o (1) fS Comwo
Machine learning models Kappa coefficient Overall accuracy (%)
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et 0.32 0.54 65 71
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ol 5 5 s
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BRT
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Sl Sl 0 0.41 0.47 66 70

MNLR




A2

\F.Y )l@;‘\a)w??&(d)}}www)gb)ww

(hé.") le[l: hf{)ﬂé‘ (Balanced dataset) Jole sl ocls m
(Kappa coefficient) (Imbalanced dataset) Jolazels (sla osls m
0.7 0.64
0.6
0.5
04
03
0.2
0.1
0
@JL.:SVK.:» A.sl.»u_ay'p...g..a:_“.’).: ‘Slﬂb—\-?\i:_—-du’n—d;)
(Random Forests) (Boosted Regression Trees)  (Multinomial Logistic Regression)
(t—’) @ S e (Balanced dataset)_Jolxis cla ool
* (Overall accuracy (%0))
(Imbalanced dataset)_Joluel gla cols m
80 75
7Al 70
70 65 66
60
50
40
30
20
10
0
§°L“J§—’ AJLA.-..:,SMH’)Q ‘Sld.a.\_?n_i.__nh)}_a;)
(Random Forests) (Boosted Regression Trees)  (Multinomial Logistic Regression)

Loald (GileJolio ar 9 b cpaiilo (6 w50l (Sl 59T fawgi U5 Como (9 9 LT s po (A1 Hlag0d (0) S
Figure (5) Chart a) Kappa coefficient and b) overall accuracy by machine learning algorithms before

and after data balancing
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Table (4) Producer and User accuracy for soil classes at the subgroup level before and after data treatment based on the fitted models
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Validation User accuracy (%) Producer accuracy (%)
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Figure (6) Maps produced by machine learning algorithms before and after data balancing
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Figure (7) The relative importance of environmental variables predicting soil classes at the subgroup
level in the BRT model
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Figure (8) the map of the most important environmental variables predicting the soil class in the BRT
model
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