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Fig.4 Fusion graph of soil type and uncertainty

(A is a fusion graph of soil type and exaggerated uncertainty, and b is a fusion graph of soil type and ignored uncertainty )
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Fig. 6 Soil type grid maps ( a is the map inferred by original rules, and b is the map inferred by optimized rules )
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Table 2 Comparison between the original and updated soil maps in accuracy of soil types for production and for users ( % )

ARG FHF RS
A Accuracy for production Accuracy for users
Soil type IR R A Pk J5 i HL K] JE 46y A L 5 P J5 i E K
Original soil map Updated soil map Original soil map Updated soil map
fil7>7Je £ Fine silt soil 59 67 83 67
AL Y 67 79 100 100
Forest fine silt soil
4L H Fine silt field 80 90 40 69
Vi £ Silt soil 82 86 60 78
MHpVPYE £ Forest siltsoil 76 86 84 92
VU H Silt field 47 84 68 84
ki K £ Brown rendzina 50 50 50 100
Mostudz (4K + 96 100 96 96
Forest brown rendzina
v 60 80 75 100
Shallow moist siltfield
VP H Moist silt field 95 100 90 95
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Extraction of Knowledge about Soil-environment Relationship Based on an
Uncertainty Model

HUANG Wei XU Wei WANG Shangin  YUAN Yaping WANG Chenyun
( College of Resource and Environment, Huazhong Agricultural University, Wuhan 430070, China )

Abstract [ Objective] Digital soil mapping is based on Jenny’s classic theory, of which the core
is that soil is the yield of the interactions among numerous soil forming factors. To establish relationships
between environmental variables and soil attributes, a soil-landscape model is built up and used to predict
soil types or attributes. Although this model has been extensively used in digital soil mapping, investigations
are still on the way on what the relationships between environmental variables varying with the region and soil
attributes are. Therefore, how to extract rapidly and accurately knowledge of soil environment has become
the key to the current researches in this field. Knowledge acquisition based on sampling points is often
affected by the number of sampling points, errors in sampling processes and representativeness of sampling
points. Traditionally, soil mapping is based on manual soil surveys and tends to have errors in the following
two fields, i.e. enclosure and displacements of boundaries. The knowledge acquired from soil maps cannot
be used to predict local soil conditions, and especially lacks details specific to soil grade and issues the
users are interested in. To solve these problems and attain soil environment information high in accuracy, a
method based on knowledge intercomplementation and fusion is set forth. [ Method]) This paper uses decision
tree coupled with a uncertainty model to extract soil environment information. Through limiting threshold
values, the decision tree model can be used to predict soil type rapidly and efficiently. With the soil lowering
in type level, the prediction lowers steadily in accuracy. Therefore, ignored uncertainty and exaggerated

uncertainty can be used to judge truly and efficiently accuracy of the inferred map to a certain extend and
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hence to realize accurate quantitative evaluation of the inferred map. So coupling of the two models can not
only save money and time, but also raise efficiency and realize scientific re-extraction and fusion of soil
information. The NieshuiRiverBasin in Huajiahe Town, Hongan County, Huanggang City of Hubei Province
was selected as a case for study. The proposed method proceeded in three steps. 1 ) By means of the standard
See 5 algorithm, decision trees were constructed and used to extract soil-environment information and hence
spatial distribution for soil mapping; 2 ) With the aid of the SoLIM software, a spatial distribution map of
exaggerated and ignored uncertainties was plotted. The two kinds of uncertainties appeared in the processes of
classifying a geographic entity, i.e. ignored uncertainty, which is attributed to the similarity of the studied
soil to all the soil types, and exaggerated uncertainty, which is associated with the deviation of the studied
soil from the prototype specified in the processes of soil hardening. A similarity model can be used to estimate
the two uncertainties; and 3 ) Soil samples were collected again based on the spatial distribution map of the
uncertainties. The higher the values of exaggerated and ignored uncertainties, the higher the probability of
a soil beingmis-classified.So resampling should be performed in location low in uncertainty value. The soil
environment information acquired from the resampled soil sample set combined and updated or optimized the
original knowledge. In the end, soil mapping by inferring was performed with the aid of the SoLIM software
and based on the eventually obtained soil-environment knowledge, and validated with the validation set of
253 sampling sites in the field for accuracy. [Result] Results show that the soil map plotted through inferring
contains more specific spatial distribution information and reaches up to 86.9% in accuracy as validated with
the field validation sites. Obviously it is 13% higher than the soil maps so far available. Moreover, its Kappa
coefficient is 0.842, higher than 0.8, indicating its high degree of consistency, and conformity with the
attributes and spatial distribution of the soils in the study area. [Conclusion]) It is, therefore, concluded
that the proposed method which acquire the knowledge of soil-environment relationship using the uncertainty
models feasible and effective.This method not only increases spatial detailedness of the soil map, but also
improves its accuracy.
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