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Soil lead pollution does great harm to the environment. The relation between soil lead and environmental
covariates, however, is complicated. A fuzzy logic approach with expert knowledge has proven to be successful
in mapping spatial variation of soil lead. The reasons are the limited availability of expert knowledge and the
ignorance of soil type and land use of the non-soil area when predicting soil lead in current fuzzy clustering
methodology. This paper incorporates the soil type map, the land use map and the DEM data to construct a
s0il\'96\'6 landscape model for soil lead prediction. It compares a fuzzy C-means classifier that includes expert
judgment with conditional regressive model. Prediction efficiency was evaluated in the Three Gorges area of
China using the root mean square error (RMSE) and the agreement coefficient (AC) of predictions at validation
points. The result indicates that the soil-landscape model constructed by the fuzzy membership functions with
fuzzy c-means method and the conventional soil map were able to produce good quality soil lead spatial
information.

1. Introduction

Soil lead pollution does great harm to the environment (Chen et al., 2015). Conventional surveying methods of
soil lead require a large budget to be devoted to soil surveyors, a large number of samples and a long time,
which has been a limitation to physically-based and geostatistical methods (Grunwald, 2016). The soil-
landscape model overcomes those disadvantages (Ziadat et al., 2015). The model originates from soil scientists,
who regarded the soil body as a product of several soil forming factors (Jafari et al., 2014). These factors
consider climate, time, organisms, topography, and parent materials (Pinto, et al., 2016).

The sustainable utilization of soil is closely related to the healthy and stable development of modern society,
and plays an important role in the development of modern civilization (Kumar and Singh, 2016). As far as
ecological environment is concerned, soil is not only the basic component of ecosystem, but also an important
component of natural environment factors (Liel3 et al., 2016). As for human activities, soil is the basic data of
agricultural production activities, and is also a precious natural resource for human survival (Desai et al., 2015).
In order to fully analyze the spatial distribution of soil resources and its relationship with the surrounding
environment, soil science came into being. In the late nineteenth century, Russian natural geographer and soil
scientist proposed soil genesis in the study of soil formation and laid the foundation for the development of
modern soil science (Siqueira et al., 2015). Soil classification, as a soil information carrier, plays a very important
role in the study of soil science (Stielstra et al., 2015). It not only determines the type of soil property and the
type of environmental data involved in the study, but also determines the accuracy and accuracy of soil type
discrimination (Van et al., 2016). Because of the change of application demand and technical means, the
application fields related to soil have strict requirements on the accuracy and accuracy of soil information
(Hosseini et al., 2015). With the development of the soil, relevant disciplines and integration theory, a new
method of innovation and advanced technology has been introduced to the study of soil science, which promotes
the application of new technologies and new methods in soil information acquisition (Herman and Braun, 2016).
These developments have deepened the study of soil, while the ways and expressions of soil information
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acquisition are changing gradually with the change of social demands (Bowles et al., 2015). The traditional soil
survey method to obtain the soil information by empirical and descriptive strong gradually developed into a wide
use of modern science and technology (Yang et al., 2015), such as soil remote sensing and geographic
information system (GIS, soil spatial information processing technology (Li et al., 2015). These new technologies
will transform soil analysis from manual investigations to standardization, mechanization, and intelligence, and
establish a quantitative soil landscape model (Nair, et al., 2016).

A reasonable sampling layout is the basis for accurate acquisition of representative soil landscape models. In
order to make the soil sampling point more representative, the researchers optimized the soil sampling space
layout. By reducing the error from the data source, the spatial layout of the final soil properties is more reflective
of the actual situation. In the process of obtaining global soil information by soil information of samples, the
establishment of soil landscape model is one of the most important links in soil science research. In China, the
second national soil survey map of soil type included the expert knowledge from the ground investigation (Jiang
et al., 2014). For using the expert knowledge, we consider the fuzzy logic approach with expert knowledge and
compare it with the conditionally regressive model. The aim of this paper is to present a simple method to predict
soil lead by constructing a membership function based on fuzzy c-means that may be employed for future
environmental management and regularization. These are obtained after classifying the conventional soil map
using expert knowledge and a land use map. This method will be compared with the linear regressive model
approach.

2. Materials and methods
2.1 Study area and data source

The study area is the Tongling County in the Anhui province of China (Figure 1). A land use map was prepared
by visual interpretation of SPOT images from 2009 based on detailed field knowledge. The DEM is generated
from the contour lines with a GDEM (Global Digital Elevation Model) derived from interpretation of the Advanced
Space borne Thermal Emission and Reflection Radiometer (ASTER) image with a 30m resolution. ELE
(elevation), SL (slope), PR (profile curvature), PC (plan curvature), MC (mean curvature), AS (aspect), and FAA
(flow accumulation area) were derived from the two DEMs using standard commands in the Arc/Info GRID
module. The TWI (terrain wetness index) for each pixel was calculated as TWI = In(A/tan(SL)) by the D-8 method.
Soil lead field survey work was conducted in July 2013. Measurements were made following the selection of
sample locations that the similarity value great than 0.85, and the inductively coupled plasma-mass
spectrometry (ICP-MS) was performed to determine the Lead concentration. In total, 142 soil samples were
retrieved and their locations are shown in figure 1.

Sample location
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Figure 1: Sample locations positioned on the DEM of the study area
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2.2 Prediction methods

The fuzzy c-means classifier (FCM) was used to identify the environment classes that existed in the
environmental data set. The FCM classifier first divides an environmental database into a given number of
classes and then computes the membership of each object to each of these classes. Those unique combinations
can be regarded as the prototype by the case study method to establish the fuzzy membership function for soil
properties prediction (Brungard, et al., 2015). Expert knowledge extracted from the conventional soil map, the
fuzzy c-means method, locally specific knowledge was incorporated to predict soil lead by establishing the fuzzy
membership function in this paper.

There are thus four main components that need to be adhered to replicate this approach. The first step is to
extract different soil subareas extracting by the soil order based on expert knowledge. The second step involves
generation of terrain attributes. The third step includes the classification by the fuzzy c-means methods
performed by the FCM software and the optimal class selection by the partition coefficient. The fourth step
contains the fuzzy membership function establishing by those class prototype and the prediction of the soil lead
by the fuzzy membership.

For the statistical model, we considered both the multivariate linear regression model and the Regressive model.
In the absence of spatial correlation, the two models provide identical results. We selected a stepwise approach
to identify the optimal DEM variables. The explanatory variables of the multiple linear regression soil landscape
models were ELE, SL, AS, PR, PL and TWI and the response variable was the soil lead.

For both prediction maps, validation was performed using the same dataset that is independent from the
calibration data. To determine the accuracy of the final predictions with their corresponding observed values,
we use the root mean square error (RMSE) and agreement Coefficient (AC).

We used the following software in this study: the linear regressions were done with R, soil map generation and
fuzzy membership prediction were done with Arc Info, layer stacking in Erdas software, FCM software was
developed in C language, whereas the patrtition coefficient was calculated with Matlab.

3. Results and discussions

For the fuzzy logic model, we defined a prototype as the area with the fuzzy membership above 0.85. As
concerns the weighing coefficient, a value of m=2 is considered to have a clear-cut physical meaning that reflect
the gradual changes property of soil. Fuzzy membership values below 0.85 indicate that the prototype is atypical.
We notice that the number of prototypes equals 11 for Yellow-red soil, 9 for Periodical waterlogged paddy soil,
8 for Calcareous alluvial soil, 9 for Brown red soil, 7 for Ground-water paddy soil, 7 for Brown Rendzina ,8 for
red soil, 8 for Acid Lithosol, 8 for Degleyed Paddy soils, 6 for Ferrosilicon yellow clay and 9 for neutral purple
soil in our study area. The soil lead prediction map is the integrated result merged by the prediction results of
the different soil types. The weighted average model was used to derive the soil depth map (Menezes, et al.,
2016). A soil depth of each pixel at location x is computed as the equation.

12 () Vi (%)
V() = = 1)

kX:;'uk x)

where V(x) is the soil depth at location x; VK(x) is the typical value of the soil depth of soil subgroup k, k=1, ?
K; (k(x) is the membership value of soil subgroup k at x and K is the total number of soil subgroups. The typical
value of soil depth Vk(x) was approximated by the measured values of typical points from the samples for the
weighted average model.

The variables selection of the multiple linear regressions using the multiple regression model step by step was
done using a backward analysis. Starting with the training set, all parameters are estimated. Thus, proceeding
we get the final model, concerning parameters SL, ELE, AS, PR PC and TWI in turn. The final model is computed
as the equation below.

Lead =67.44 + AS * 0.028 + ELE *0.073+ PC * 31.48 + PR *65.17 + SL * 2.22 - TWI * 0.15 )

Finally, the two models were used for predicting soil lead (Figure. 2 and Figure. 3). Inevitably, the regression-
based map shows some unrealistic negative soil lead values, which is also unrealistic at the ground survey data.
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Figure 2: The soil lead map based on the fuzzy c-means model

The RMSE and AC were applied to compare the predicted map derived from the fuzzy c-means cluster approach
with that obtained from the regression model. The RSME value of the same 50 validation points equals 39.829
for the fuzzy c-means approach, which is slightly lower than the value of 42.541 obtained for the linear regression
model. This means that our prediction stability of soil lead values from former model is better than the latter
model, despite the relatively strange values obtained. The AC value indicates a better agreement between the
predicted values and the observed values at these points by the fuzzy c-means method (0.673) than by the
regression model (0.415) (Table 1).

Table 1: The Comparison of the fuzzy membership function approach with the linear regression model

Number of samples (90) RMSE AC
Fuzzy membership approach 39.829 0.673
Multiline regression model 42.541 0.415

The fuzzy logic method can deal with large data in ordinary personal computer by transform the data to ASCII
as Tongling County. The fuzzy software success to run a large data at our personal computer as ASCII or a lot
of datasets can lead to the memory limitation for computational difficulties in the original image data. The soil
lead result predicted by the fuzzy membership shows more realistic values than the results of the regression
model. The reason is that the fuzzy c-means cluster analysis uses expert knowledge extracted from the
conventional soil map and integrates it for the whole area as training data area. The prediction accuracy of the
multiple linear regression models, however, determined by the range and quantity of samples, the exceptional
value of prediction. The method is limited as the typical prototype sample location is dependent on the study
area. The fuzzy membership value must be recalculated to require the new typical prototype for field sample
when enlarging the study area. Within the same study area, the accuracy of the sample location depends upon
the selection of the environmental variables, the number of environmental clusters, the classification algorithm
and parameters. The principle of weighted average model in equation 2 decides the prediction value range.
Therefore, the maximum prediction value cannot be more than the maximum value of ground sample and cannot
be less than zero, but it is also a limitation of the weighted average model at some actual sample location whose
soil lead is really equal to zero. With the development of the mathematical theory, high quality remote sensing
imagery and advanced computer technology, those problems are likely to be overcome in the future. This could
then promote the success of the soil lead prediction by the soil-landscape model.
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Figure 3: The soil lead map based on the regression model

4. Conclusion

This paper presents a simple approach to the construction of fuzzy membership functions from descriptive
knowledge generated by fuzzy logic methods with conventional soil maps. Firstly, the ¢ language is an effective
language to accomplish the fuzzy c-means cluster in large study area for establishing soil-landscape model but
data should less than two Gigabyte or the computer will halt. Secondly, the soil-landscape model constructed
by the fuzzy membership functions with fuzzy c-means method and conventional soil map were able to produce
good quality soil lead spatial information.
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