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Research on Digital Soil Mapping Based on Feature Selection Algorithm

ZHANG Xiaoting, HUANG WeiT, FU Peihong, MENG Ke, WANG Sufang
(College of Resource and Environment, Huazhong Agricultural University, Wuhan 430070, China)

Abstract: Objective Traditional digital soil mapping methods are unable to produce detailed soil maps within a reasonable cost
and time. Digital soil mapping is a powerful technique, which is popular and widely used by scholars coupled with environmental
covariates to map soil types or properties. The selection of environmental covariates is the key to ensuring the accuracy of
mapping. Previous studies have proven that remote-sensing images can be used as auxiliary factors for reasoning mapping.
Remote sensing data can provide rich soil landscape information, which is consistent with the core idea of using grids to express
spatial changes of soil features in digital soil mapping. Moreover, remote sensing technology can obtain real-time information
quickly. However, there are few relevant studies on how principal components and texture information of remote sensing factors
contribute to the reasoning process. Thus, determining the weight of remote sensing factors in the reasoning process is the key

content of this study, which is tested by the reliability of testing mapping results. Method Chengmagang Town, Macheng City,
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Hubei Province was selected as the study area. Using Chinese soil classification and soil type map with a spacing of 10 meters,
which were extracted from the contour data and remote sensing image using a variety of feature selection algorithms to effective
screening of variables, this study conducted the soil digital mapping by reasoning machine learning algorithms. Specifically, the
recursive feature elimination screening algorithm, ReliefF algorithm and tree-based feature screening algorithm were used to rank
all environmental factors in the whole area, plain and hilly areas of the study area, respectively. Then, it screened the effective
environmental variables of environmental factors and analyzed the weight of remote sensing factors in the reasoning process. The
factors involved in plant-hill region mapping were explored and their importance was determined. According to the selected
relatively stable indicators, the gradient boosting decision tree model after parameter tuning of the Bayesian optimization
algorithm based on TPE was used for modeling. Also, the mapping accuracy results after different feature screening algorithms
were compared between the whole region and the terrain region to further explore ways to improve the accuracy of soil type
mapping. Result The soil type inference map was verified by 141 independent field sampling sites. The results showed that the
importance of remote sensing factors in the plain area was higher than that in the hilly area and the NDVI and Mean values of the
remote sensing factors were relatively stable. The highest accuracy of topographical inference mapping based on the recursive
feature algorithm was 75.89%, which was higher than the 13.48% and 4.97% of the ReliefF algorithm and tree-based feature
screening algorithm, respectively. In addition, among the mapping results of the three feature screening algorithms, the accuracy
of the mapping based on terrain factors was higher than that of the overall region mapping. It suggests that remote sensing factors
as an auxiliary means to participate in the reasoning process can effectively improve mapping accuracy. Conclusion This study
uses a feature selection algorithm to select features with a strong correlation with soil types as auxiliary variables in the machine
learning model. The method is efficient and cost-effective for soil type prediction. Compared to other methods, the soil type
mapping method based on machine learning is advantageous and the feature mining and machine learning algorithms have
theoretical significance and practical value.

Key words: Soil-environment knowledge acquisition; Feature selecting; Digital soil mapping; Bayesian optimization; Gradient
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Fig. 1 Location map of the study area
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Table 1 Soil type area and information of training points and validation points
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Fig. 2 Distribution of training points and validation points in the study area
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Fig. 4 Feature weight of each region based on ReliefF algorithm
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Table 3 The feature weight of each region based on Tree
WHEH Hefk I Frl WHH ¥ AR I Fbg
Environmental factors Whole Plain Hill Environmental factors Whole Plain Hill
B % Soil parent material 0.435 0.351 0.463 B RAREE Relief 0.022 0.022 0.017
=2 Elevation 0.133 0.061 0.087 i BE Slope 0.021 0.03 0.023
IT—Ak A B8 %k NDVI 0.071 0.068 0.085 YI{ Mean 0.02 0.03 0.02
i 1] Aspect 0.066 0.046 0.089 HiFHIKE AL Roughness 0.012 0.018 0.015
P EEFE 2 TWI 0.039 0.059 0.034 {5 B4 Entropy 0.012 0.021 0.007
SF- 1 B 2 Plan curvature 0.032 0.043 0.033 75 2% Variance 0.011 0.014 0.014
% —E M4 FPC 0.031 0.061 0.024 Xf LU Contrast 0.008 0.015 0.004
JKF- i1 % Horizontal curvature 0.024 0.039 0.022 B4 Second moment 0.008 0.011 0.006
HH5&: Correlation 0.023 0.045 0.022 A Homogeneity 0.007 0.017 0.01
T 1 % Profile curvature 0.022 0.046 0.022 AH 51k Dissimilarity 0.002 0.003 0.004
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SR 035; FaEd B P EETE, B learning_rate
4 0.05~0.65, 2K 4 0.001, 15 FHRARAYME K 0.096.
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AR 0.1, 13RO 0.65 P
Z A @ IT L, B Subsample 4 0.4~0.8, 25K 4 0.05,
AT, KaE N, 2K 0.0025, 155
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a. Grid maps of soil type based on recursive feature elimination algorithm (The figure on the left is a whole regional
inference map, and the figure on the right is an inference map by terrain)
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b. J T ReliefFH v 1 B RIMHK B (Z B i X R R, 45 B T AR )
b. Grid maps of soil type based on ReliefF algorithm (The figure on the left is a whole regional inference map, and the
figure on the right is an inference map by terrain)
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. Grid maps of soil type based on Tree algorithm (The figure on the left is a whole regional inference map, and the figure

on the right is an inference map by terrain)

K5 SRR 1A

Fig. 5 Grid maps of soil type

http://pedologica.issas.ac.cn



34

SRIELEAT . T RHIE I P05 A9 507 3t P52

645

107 4~ 88 /MHI 100 4>, B AN B 23 51K 75.89% .
62.41% Fl1 70.92% , 43 5| {5 T 3% {4 X35k 4 24 5]
(64.54% . 60.28%F01 60.99% ); 1fii Kappa £ 5535 K
0.727. 0.565 F1 0.666, 43l & T2 A HI E 1 0.137,
0.022 1 0.116 (#&IAX /514 0.589, 0.543 F
0.55), REHCLT M I WA 5T X () 4 398 40 A3 1% B

TR FH e JE TR A 2 %) D D A ST VRVE R B, DU

7R L MR RS J3E 2 4 s 0 1 8 st T2 e B ) - 0
PEURE o R R S PR 2 R TR 1) 40 8 P 0 2 7
JERA PR G RANT R 4 PR, AR 2
2 IR TE A 732 R 12 SR B IR A
Bz b, PR R IERA 20 28BS A E i
SRR B o ARG Y 23 S R AH R T
FIRGR, I3 IR E 4 5 T DA BT S0 DR

R4 ET=-mMEZNS IR EEEEMAREE

Table 4 Production and user accuracy of inferential mapping for each soil type based on three algorithms (%)

BT 0 VR I B 0 1 4 L 1]

Inferential mapping based on

T Tree HIRHIERERET LAY

FET ReliefF F9% B9 =R ] 14

HHERE

Inferential mapping based on ReliefF

recursive feature elimination

Inferential mapping based on Tree

algorithm
algorithm feature selection algorithm
d e AP BE FH PR BE H PR BE FH P BE AP BE A
FH PR B
Soil type Accuracy for Accuracy for Accuracy for Accuracy for Accuracy for
Accuracy for users
production users production users production
Ei/3: 1V Ei/3: 1V i3 18] FeHh B Ei/3: 1V .
% ik % Bk fRHE
by by by by by
Whole Whole Whole Whole Whole Whole by terrain
terrain terrain terrain terrain terrain
gt
75 81 67 72 75 81 71 68 69 81 65 72
Silt soil
BEVD VL
72 80 40 61 64 64 42 36 64 72 39 51
Silica silt soil
M e b+
67 78 100 100 89 67 73 100 67 71 100 100
Forest silt soil
g H
71 71 67 71 57 71 73 71 71 42 62 71
Silt field
fEVPYEH
42 58 67 73 21 32 36 50 32 85 50 62
Silica silt field
T+ H
92 92 100 100 92 92 100 100 92 42 100 100
Tidal soil field
Vb1
33 58 57 78 42 33 62 57 25 58 43 64
Silica sand soil
TERRAE L
18 55 100 86 18 18 33 67 27 55 100 86
Silica hemp bone soil
U2 AR+
A thin layer of silica hemp 86 95 79 81 82 86 67 79 86 91 70 80

bone soil in woodland
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