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Table 2 Comparison of mapping accuracy based on initial weights and optimal weights

HALEE ST/ Y6

H I AAMBLEE

Yo e FH T /0 g [ FH T /0
- KRR % oy WEEARTE 74

Gow  Weshingmode S SRR geeRsE SRR AR

FANAL Unweight 0.8138 — 8.050 8 — 6.2279 —

GA 0.888 1 9.13 7.706 9 4.27 5.737 6 7.87

A DE 0.887 4 9.04 7.7880 3.26 5.930 7 4.77

PSO 0.874 3 7.43 7.9137 1.70 6.1025 2.01
I Unweight 0.866 0 - 9.0139 — 6.5416 —

5 GA 0.9345 7.91 8.086 0 10.30 5.708 5 12.74

DE 0.9352 7.99 8.249 4 8.48 5.772°8 11.75

PSO 0.9456 9.19 8.452 4 6.23 5.854 5 10.50

4 Note: A: FEAR %S [1] A Sample space A ;B :FE7<%5 [1] B Sample space B. T[] The same as below.
®3 ETAREZRNGEEEEXR

Table 3 Significance relationship of predictive mapping based on weighting of different algorithms

RgE| 4 Ay = EERA LA R p hrifE2E
Ttem Group Weighting mode Slope Intercept Standard deviation
GA —1.7224 9.3019 —0.3397 8.62x107 0.3389
A DE —0.772 9 8.982 8 —0.0738 0.299 1 0.7424
PSO —0.295 5 8.164 1 —0.0497 0.484 2 0.4215
RMSE -
GA —12.7452 20.063 7 —0.905 3 1.55X10™" 0.425 1
B DE —9.504 3 17.516 4 —0.8107  6.53X10™* 0.487 8
PSO —2.969 3 11.3255 —0.3497 3.87x107 0.565 3
GA —5.463 3 10.7152 —0.614 0 4.09X10% 0.499 0
A DE —0.9810 6.676 9 —0.0734 0.3018 0.947 7
PSO —2.354 6 8.1577 —0.354 6 2.57x107 0.4411
MAE
GA —11.154 6 16.179 6 —0.9188 7.36X10% 0.340 6
B DE —8.016 0 13.4813 —0.758 9 9.84x10% 0.488 8
PSO —3.1013 8.838 5 —0.3855 1.73x10* 0.527 5
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Representative revision of soil samples based on
estimation of kernel density

LI Kun, CHEN Yuhao, LI Wenyue, WANG Ziying, FU Peihong, HUANG Wei

College of Resources and Environment, Huazhong Agricultural University, Wuhan 430070, China

Abstract How to obtain more reliable soil-environment knowledge from existing historical samples
has become an important scientific issue in digital soil mapping. This article used the method of revising the
representativeness of samples to obtain higher accuracy of knowledge. Three different algorithms and the
spatial similarity relationship between the covariates of the sample space and the overall spatial environment
were used to identify the optimal weights for each sampling point of soil based on the estimation of kernel
density. The prediction mapping of the content of organic matter on the surface of soil was used as an exam-
ple to verify the scientific and validity of the method. The results showed that the revised method reduced
RMSE and MAE of multiple linear regression mapping by 10.30% and 12.74% , confirming the feasibility
and validity of this method. It will provide technical support for processing the data from sampling points of
soil to make full use of historical data and improve the accuracy of mapping soil.

Keywords environmental covariates; spatial deviation revision; representativeness of samples; heu-

ristic algorithm ; digital soil mapping ; historical samples
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