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Abstract. Traditionally, potential evaluation methods for
farmland consolidation have depended mainly on the ex-
perts’ experiences, statistical computations or subjective ad-
justments. Some biases usually exist in the results. Thus,
computer-aided technology has become essential. In this
study, an intelligent evaluation system based on a fuzzy de-
cision tree was established, and this system can deal with nu-
merical data, discrete data and symbolic data. When the orig-
inal land data are input, the level of potential of the agricul-
tural land for development will be output by this new model.
The provision of objective proof for decision-making by au-
thorities in rural management is helpful. Agricultural land
data characteristically comprise large volumes, complex va-
rieties and more indexes. In land consolidation, it is very im-
portant to construct an effective index system. A group of in-
dexes need to be selected for land consolidation. In this arti-
cle, a fuzzy measure was adopted to accomplish the selection
of specific features. A fuzzy integral based on a fuzzy mea-
sure is a type of fusion tool. The optimal solution with the
fewest non-zero elements was obtained for the fuzzy mea-
sure by solving a fuzzy integral. This algorithm provides
a quick and optimal way to identify the land-index system
when preparing to conduct land consolidation. This new re-
search was applied to Shunde’s “Three OIld” consolidation
project which provides the data. Our estimation system was

compared with a conventional evaluation system that is still
accepted by the public. Our results prove to be consistent,
and the new model is more automatic and intelligent. The re-
sults of this estimation system are significant for informing
decision-making in land consolidation.

1 Introduction

Rural conditions which include environmental, ecological,
living and cultivated land conditions have been destroyed
in many countries of the world, and these conditions may
continue to worsen (Cerda et al., 2007; Kdnig et al., 2014;
Tilahun et al., 2013). Soil can provide plant-growing con-
ditions and filter underground water (Keesstra et al., 2012).
It is so important for human lives that we must take some
measures to protect the soil. In China, soil erosion, conserva-
tion and the eco-environment are changing and the “Grain-
for-Green” eco-restoration program in the Loess Plateau has
been developed as an important project (Zhao et al., 2013,
2015). A large and fast growing population and rural land
overuse has led to Karst rocky desertification (KRD) in
southwest China (Yan and Cai, 2015). Land-cover changes
affect the soil organic carbon (SOC) and soil total nitrogen
(STN) in the Daqging prefecture (Yu et al., 2014). Convert-
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ing Pinus to eucalyptus plantations changed the soil qual-
ity in South China (Zhang et al., 2015). Climate change and
human activity have had a major effect on dust storms in
northern China (Wang et al., 2013). So, we need to find a
good way to solve these situations. There are many methods
to control soil erosion (Mekonnen et al., 2015). Land con-
solidation (LC) is an effective instrument in rural develop-
ment. Land consolidation comprises two main components:
land reallocation and agrarian spatial planning. Land real-
location can be referred to as land readjustment, which in-
volves the rearrangement of ownership in terms of parcels
(size, shape and location) and rights (land exchange). Land
reallocation is the core part of the land-consolidation ap-
proach. Agrarian spatial planning includes the provision of
the necessary infrastructure such as roads, irrigation systems,
drainage systems, landscaping, environmental management,
village renewal and soil conservation (Thomas, 2006a). LC
aims to increase land-processing efficiency (Blaikie and Sad-
eque, 2000; Niroula and Thapa, 2007) and support rural de-
velopment (Sklenicka, 2006). Thus, LC is very important for
rural development. How to proceed with land consolidation
and how to evaluate the potential of land for consolidation are
crucial problems to be addressed by authorities. The “Three
Old” project, which is underway in China, is a typical ap-
proach to exploring farmland potential. This “Three Old” ref-
ormation can help by returning the entire profit obtained from
selling farmland to the farmer. But, all money must be used
for reformation of old villages and the construction of new
villages. Farmers are encouraged to live in a centralized man-
ner in order to free up plenty of farmland to simultaneously
achieve large-scale agriculture management and village con-
struction. Land consolidation is the key to the “Three Old”
project.

To date, many researchers have focused on the potential
for evaluating world land use. The Turkish Statistical Insti-
tute (TUIK, 2001) performed a general agricultural census
in Turkey. LC projects were developed depending totally on
the experiences of those experts involved (Sonnenberg, 1996;
Thomas, 2005, 2006b). A framework for the classification of
peatland disturbance was proposed (Connolly and Holden,
2013). This model is still subjective. Some scholars have
proposed statistical methods for classifying land. A quanti-
tative change detection method was adopted for classifying
land-cover conversions in the eastern Mediterranean coastal
wetlands of Turkey (Alphan, 2012). Multivariate statistical
approaches were used to determine the criteria of grass-
land degradation. Hierarchical classification highlighted two
broad classes in the Sanjiangyuan region (Li et al., 2014). In-
telligent systems can interpret the professional result and en-
hance the cognitive performance of decision makers. A fuzzy
expert system was proposed for analysing and solving uncer-
tainty in farmland data (Cay and Iscan, 2011; Oinam et al.,
2014). Unsupervised classification of the agricultural area of
South Australia was used for severity levels of salt-affected
soil based on satellite imagery (Setia et al., 2013). A spa-
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tial decision support system (SDSS)-based land reallocation
model was developed to reallocate newly created regular-size
parcels to landowners in land-consolidation projects (Cay
and Iscan, 2011). A combined set of digital soil mapping and
sampling design techniques was used to quantify and predict
the spatial distribution of soil properties in southern Arizona,
USA (Holleran et al., 2015). The models are constructed us-
ing computer technology, which is faster and more trustwor-
thy. Still, the results are not intuitive or natural. In this paper,
a fuzzy decision tree system for LC is proposed. The char-
acteristics of the decision tree include strong interpretability,
high accuracy and rapid implementation, thereby surpassing
traditional models.

In agricultural land consolidation, the land-index system
is important for farmland evaluation. Therefore, the selec-
tion of land indexes affects evaluations and decisions. Cur-
rently, many researchers focus on the optimization and se-
lection of a land-index system. Saaty (2010) proposed an
index-selection method based on an analytic hierarchy pro-
cess with weights (Saaty and Peniwati, 2008). He proposed
the least squares method (LSM) and the logarithmic least
squares method (LLSM) for confirming the previous weights
(Saaty, 2010). However, land indexes are multiple and very
complicated. These indexes may be related to society, eco-
nomics and ecology. For example, a functional classification
index (FCIi) for rangelands combines the productive value
(GPi), ecological services value (GEi), ecological sensitivity
(ESIi) and seasonal grazing importance (SGIi) (Liu et al.,
2014). Traditionally, a land-index system was constructed
according to the experiences of the experts. Due to human
factors, however, these evaluations lost objectivity and con-
sistency. Obtaining a set of accurate weights in the analytic
hierarchy process is too difficult. The study of soils requires
an interdisciplinary approach (Brevik et al., 2015).

In this article, a new method based on a computational tool
— the fuzzy measure — is proposed for land-index selection.
This method avoids human effects and confirms the final in-
dex system objectively. A fuzzy measure can describe the im-
portance of the single index and the combination of indexes
for decision-making (Sugeno, 1974). A fuzzy measure with
sparse values can be obtained by using the L1-norm method
(Hastie et al., 2001). Those indexes with non-zero fuzzy mea-
sures are kept in the final index system. Based on the new in-
dex system, a fuzzy decision tree model will be constructed
to finish the evaluation of land level for consolidation.

The “Three Old” reconstruction project in the Shunde dis-
trict of the Guangdong province in China was taken as the
study case. The “Three Old” refers to old villages, old fac-
tories and old towns. The aim of the “Three Old” reforma-
tion is to encourage peasants to live in centralized residences
and empty large blocks of cultivated land for the develop-
ment of large-scale agriculture. Therefore, the “Three Old”
project is mainly focused on the reconstruction of old vil-
lages. Our model is proposed for evaluating the development
potential of these reconstructed villages and to provide sup-
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Figure 1. The administrative division of the “Three Old” project of
Shunde.

port for decision-making in agricultural development. The
whole article is arranged as follows. The introduction has
been given in Sect. 1. Section 2 shows the background and
the data drawn from Shunde’s “Three Old” project. The next
section presents the preliminaries, definitions and the new
system. The results and analysis are shown in Sect. 4. Sum-
maries and policy advice are provided in Sect. 5.

2 Materials and data description

Shunde is the pioneer in economic reformation in Guang-
dong. Its development from an agricultural city to an indus-
trial district has spanned 10 years. Shunde is located in south-
ern Guangdong and in the middle of the ZhuJiang River Tri-
angle plain, which extends east to Panyu; north to Foshan;
and is contiguous with Shenzhen, Hongkong and Macau. The
special geographical location, as shown in Fig. 1, dictates the
degree of reformation. In this rapidly developing economy,
a large amount of cultivated land resources have been de-
stroyed. This extensive pattern of land use is difficult to sus-
tain. The contradiction between supply and demand of cul-
tivated land resources is increasingly becoming acute. These
factors restrict rural sustainable development. Thus, the gov-
ernment proposed the “Three Old” consolidation project to
strengthen the management of land with construction and to
encourage saving land for use in intensive agriculture. The
evaluation model can be popularized to these areas, each of
which is faced with the same problems, such as destroyed
land and the contradiction between supply and demand.
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Table 1. Statistical data about the types and area of “Three Old”
reconstruction.

State Old factories  Old towns  Old villages In total
Finished 4437.91 568.27 44.68 5050.86
Ongoing 4196.71 354.35 563.51 5114.57
Not started 49634.37 9074.25 8425.73 67134.35
In total 58268.99 9996.86 9033.92  77299.77

Table 2. The proportion of land according to construction type.

Construction type Old towns  Old villages  Old factories

Proportion of land (%) 2.16 1.95 12.61

Table 3. The percentages of each state of reconstruction.

States Finished Notstarted Ongoing

Percentage (%) 6.53 86.85 6.62

2.1 Pre-process data

The potential evaluation of “Three OIld” land consolida-
tion is mainly focused on those land blocks that contain
plots and buildings. There are a total of 477 sub-projects,
of which 23 sub-projects with 5050.86 acres have been com-
pleted, 22 are currently being reconstructed and 432 with
67 134.35 acres have not been started, as shown in Table 1.
This project is characterized by large areas of land and a
large quantity, a wide range and a concentrated distribution
of sub-projects. The total area reaches 77 299.77 acres, which
is 16.73 % of the land with construction in cities and towns.
The ratios of each type of the “Three Old” lands are shown
in Tables 2 and 3.

In this project, the evaluation targets are characterized by
multiple features. It is necessary to normalize all feature val-
ues to cancel the influence of these variables and values. One
general method is 0-1 normalization, which scales the fea-
ture by bringing all values into the range [0,1]. It is also
called unity-based normalization.

Let Xmax;; indicate the maximum value and Xmin,; indi-
cate the minimum value for the jth feature of the ith case.
The normalization for each variable can be computed accord-
ing to the following equations.

For the active index:
X,’j — minXU )
- maxX;; — miﬂX,'j ’

ij
for the negative index:

maxXij—Xij
- maxXij — minX,-j'

ij

Solid Earth, 6, 997-1006, 2015



1000

J. Wang et al.: A fuzzy intelligent system for land consolidation

Table 4. The results from the rough set selection and the fuzzy measure selection.

Criteria layer Subcriteria layer

Evaluation indexes

Land use (A) Landscapes
Building situation

Development strength

Building coordination
Block crush degree

Building age
Building structure

Volume ratio
changing of building density

Economical factors (B)  Basic land price
Investment strength
Net income per capita

Population density

Basic land price

Changing degree of investment amount
Net income per capita

Population density

Social factors (C) Social welfare

Basic facilities

Green degree

Medical and sanity
Education
Public welfare (park, square)

Traffic connectivity

Green ratio

Ecological factors (D) Ecological environment

Noisy pollution
Air pollution
Water pollution

Policy (E)

Responding

Management

Compensation and emplacement

Compensation
Emplacement

Responding activity

Public participation

According to the previous formula, the range of X’ is be-
tween 0 and 1. The distribution of each X is the same as that
of the original value of X. The advantage of 0-1 normaliza-
tion is that the best situation is always 1 and the worst one
is always 0, depending on if the value is negative or active.
However, this process disregards the differences among the
features’ values, which means the relationship among fea-
tures cannot be determined. However, the 0-1 normalization
is still the simplest method.

2.2 Land-index system

In this study, we began the investigation by collecting ma-
terials about land indexes, land levels, the construction be-
ing finished or not and so on, using spatial image recogni-
tion, conducting field investigations and assessing results of
a questionnaire for the land potential evaluation. All factors,
including the land-use state, and economic, social, ecologi-
cal, environmental and policy factors have been considered.
The results will be summarized and analysed so that the en-
tire contribution of the “Three Old” project can be precisely
acknowledged. All indexes being considered are described in
Table 4.
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A new model was applied to the Shunde data to deter-
mine the index system, which is important for the study.
Several classical evaluation models were adopted for test-
ing the feature selection results. However, the current number
of indexes of the “Three OIld” data is too large for comput-
ing the fuzzy integral. It takes a very long time to acquire
the fuzzy measure. Therefore, feature selection is a neces-
sary step. Based on previous research, reduction in rough sets
(Pawlak, 1982, 1991) is the most effective way to process the
data before selecting the indexes and evaluating potential.

3 Evaluation method and model

In land consolidation, we must deal with data collected by
humans from many locations. These data may be uncer-
tain and noisy. It is necessary to adopt an objective tool to
solve the problem of subjectivity. Thus, a fuzzy decision
tree was chosen for use in this study. Fuzzy logic was pro-
posed by Zadeh (1965), and this technique can describe and
handle vague and ambiguous data. Fuzzy logic is a form
of many-valued logic; it deals with reasoning that is approxi-
mate rather than fixed and exact. Compared to traditional bi-
nary sets (where variables may take on true or false values)

www.solid-earth.net/6/997/2015/
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fuzzy logic variables may have a true value that ranges in
degree from 0 to 1. Fuzzy logic has been extended to han-
dle the concept of partial truth, where the true value may
range between completely true and completely false. Fur-
thermore, when linguistic variables are used, these degrees
may be managed by specific functions. Irrationality can be
described in terms of what is known as the “fuzzjective”.
Fuzzy logic has been applied to many fields, from control
theory to artificial intelligence.

3.1 Fuzzy set theory

Fuzzy set theory is primarily concerned with quantifying and
reasoning by using natural language in which words can have
ambiguous meanings. This can be thought of as an extension
of traditional crisp sets, in which each element must either be
in or not in a set. Fuzzy sets are defined on a non-fuzzy uni-
verse of discourse, which is an ordinary set (Wang and Lee,
2006). A fuzzy set is characterized by a membership function
wr(x), which assigns a membership degree g (x) € [0, 1] to
every element. When p4 (x) > 0,an element x € U will be in
a fuzzy set F. That is, ur(x) = 1 represents a full member
(Zimmermann, 1991). Membership functions can either be
chosen based on the user’s experience or by using optimiza-
tion procedures (Jang, 1992; Horikowa et al, 1992). Typi-
cally, a fuzzy subset A can be represented as

A_[MA(xl) pa(x2) MA(xn)}
R R i

Fuzzification is the process of changing a real scalar value
into a fuzzy value (Tsoukalas and Uhrig, 1993). This is
achieved with the different types of fuzzifiers. In this paper,
the trapezoidal or triangular fuzzifier is adopted. Fuzzifica-
tion of a real-valued variable is performed with intuition, ex-
perience and analysis of the set of rules and conditions asso-
ciated with the input data variables. There is no fixed set of
procedures for fuzzification.

3.2 Fuzzy decision tree construction

Fuzzy sets and fuzzy logic are able to deal with language-
related uncertainties by fuzzifying, while providing a sym-
bolic framework for increasing knowledge comprehensibil-
ity. Fuzzy decision trees (FDT) differ from traditional crisp
decision trees in three respects (Janikow, 1998): the splitting
of criteria based on fuzzy restrictions, the different inferring
procedures and defining the fuzzy sets that represent the data.
The heuristic for FDT is based on minimal ambiguity.

The procedure for constructing FDT is mainly as follows:

1. place all data into one node as the root;

2. select one feature with low entropy to divide the cases
in the root into different son nodes according to the dif-
ferent feature values;
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3. for each son node, repeat the same action until the node
cannot be divided, i.e. leaf.

Given that non-leaf node S has n fuzzy features
AD AD AM™ to be selected, for every k(1<k<
n), fuzzy feature A® takes my linguistic values as
T, T, T . A®TD represents a class that takes val-

ves as 7", "t 1Y In symbolic data sets, the
value of features and classes are 0 or 1. For a better descrip-
tion, ||S| is defined as representing the number of examples
of the non-leaf node S.

The tree grows based on the following computing re-
sults. For each value of feature, Ti(")(l <k<nl<i<

my), the relative frequency about the jth class Ti(”+1)
on non-leaf node S is defined as p(k) |Si N S;|/1Sil,
in which S; is the subset of S for which feature A®
has value Tl.(k) (ie. S; = {s € S)A(") = Tl.(k)}) and S; is

the subset of S too, for which A®*D takes value Tj(”“)

(ie. S = {s €S ‘A("“) = T(”“) }) On non-leaf node S,

the classification entropy of 7,*) is defined as Entr’* =

>0 |Sin S| /18i1 - logy | S; ns, il /18:1.

The average classification entropy of the kth feature is
defined as Ex = Z”’_"lw,Entr(k) in which w; represents the
weight of the ith value T(k) ; =1S;1/1S]. Thus, we can

summarize to get the entropy, i.e. Ek > 151 Entr(k)

FDT aim to find out one feature that can mai«-z the average
classification entropy the minimum, i.e. selecting one integer
ko, so that Ex, = miny<x<, Ex.

3.3 Land-index selection

A data set consisting of L examples, called a training set,
are given, where each record contains the value of a decisive
feature, Y, and the value of predictive features x1, xo, ..., x,
The positive integer L is the data size. The decisive fea-
ture indicates the class to which each example belongs, and
it is a categorical feature with values coming from an un-
ordered finite domain. The set of all possible values of the
decisive feature is denoted by Y = y1, yo, ..., ym, Where each
vk, k=1,2,...,m, refers to a specified class. The predic-
tive features are numerical, and their values are described
by an n-dimensional vector, (f(x1), f(x2),..., f(x;)). The
range of the vector, a subset of n-dimensional Euclidean
space, is called the feature space. The jth observation con-
sists of n predictive features and the decisive feature can be
denoted by (fj(x1), fj(x2),..., fj(xn),Y)), j=1,2,...,L
Before introducing the model, we state the fundamental con-
cepts according to the following requirements.

3.4 Fuzzy measure

Let X = x1,x2,...,x, be a non-empty finite set of features
and P(X) be the power set of X. To further understand the
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practical meaning of the fuzzy measure, the elements in a
universal set X are considered as a set of predictive features.
Then, each value of the fuzzy measure is assigned to describe
the influence of each predictive feature or combination of
them to the objective. The influences of the predictive fea-
tures to the objective are dependent due to the non-additivity
of the fuzzy measure. If w(X) =1, then u is said to be reg-
ular. The monotonicity and non-negativity of the fuzzy mea-
sure are too restrictive to apply for more problems. Thus, the
signed fuzzy measure, which is a generalization of the fuzzy
measure, has been defined (Murofushi et al., 1994; Grabisch
et al., 2000) and adopted.

A signed fuzzy measure can set its value as being negative
and free the monotonicity constraint. Thus, it is more flexi-
ble to describe the contribution of the individual and combi-
nation of the predictive features for some targets. Let f be
a real-valued function on X. The fuzzy integral of f with
respect to w is obtained by

o0

0
/fmwi/mww—MXmaf/M&MM ()
—00 0

where F, = {x|f(x) > a}, for any « € (—o00, 00), is called
the a-cut of f.

Usually, for calculating the value of the fuzzy inte-
gral for the given real-valued function f, the values of
f, e f(x1), f(x2),..., f(xn), can be sorted in a nonde-
creasing order so that f(x]) < f(x3) <... < f(x}), where
(x1,x5,...x,) Is & certain permutation of (x1,x2,...,x,).
Thus, the value of the fuzzy integral can be computed by

[ =26 - F e ) @
i=1

where f(xp) =0
The fuzzy integral can deal with non-linear space based on
linear operators.

3.5 Transformation of the fuzzy integral

To be convenient, Wang (2003) proposed a new scheme to
calculate the value of a fuzzy integral by the inner product of
two (2" — 1)-dimension vectors as

-1

/fd/x:ZZjuj, 3)
j=1
where
2j = @
min fxi)— max f(xp), if>00rj=2"—-1;
o ™ e Bpy™
0, otherwise.

for j=1,2,...,2"—1 with a convention, in which the maxi-
mum on the empty set is zero. Here, frc(%) denotes the frac-

tional part of zi In Eq. (4), if j is expressed in the binary

Solid Earth, 6, 997-1006, 2015

form i ju-1...j1, then {ilfrc(£) € [3, 1)} = {ilj; =1} and
{ilfre(z) €10, )} = {ilji =0}.

A significant advantage of this new computation scheme
is that it can easily discover the coefficient matrix of a sys-
tem of linear equations with the unknown variable . The
fuzzy integral can be applied to further applications, such as
regression and classification (Wang, 2003; Wang et al., 1998;
Leung et al., 2002). In those practical applications, values of
the signed fuzzy measure are to be estimated using the train-
ing data sets as unknown parameters. The new scheme makes
it more convenient by using an algebraic method, such as the
least squares method, to estimate the value of u and reduce
the complexity of computation.

After adopting the transformation, the fuzzy measure for
a known data set can be obtained by using L1-norm regular-
ization.

3.6 Solution of fuzzy measure

For determining the fuzzy measure, researchers have pro-
posed many methods. In our past work, the genetic algorithm
(GA) was used to learn the value of the fuzzy measure. In this
article, a new method was adopted based on L1-norm regu-
larization.

For solving regression problems, the least squares estima-
tion is the most popular function, alternatively referred to as
the minimum of the residual sum of squared errors (RSS)

n
(Hastie et al., 2001): RSS= > (y; —wo — i xijwi)?. Regu-
i=1 j=1
larization addresses the numerical instability of the matrix
inversion and produces lower variance models. It is obvi-
ous that this minimizes the following penalized RSS function
n
with respect to w and wo: > (y;i —wo— i Xijwi)? A f wf
i=1 =1 =1

This belongs to L2 regularization. Forjsimplifying thje nota-
tion, it can be transferred to the following form (in matrix
notation): || Xw — yl|3 + Allwl|3. Although L2 regularization
is an effective means of achieving numerical stability and in-
creasing predictive performance, it cannot address another
important problem with least squares estimation, i.e. parsi-
mony of the model and interpretability of the coefficient val-
ues. It does not encourage sparsity in some cases (Tibshirani,
1996). Thus, L1-norm has been a trend to replace the L2-
norm. The L1 regularization has many of the same beneficial
properties as L2 regularization; meanwhile, it can obtain a
sparse solution, which is more easily interpreted (Hastie et
al., 2001) and it is what our model needs. With a fuzzy in-
tegral, determining the fuzzy measure is the key point. The
fuzzy measure represents the importance of features and the
interaction degree of the combined features.

We hope to get a solution of the fuzzy measure with
the fewest non-zero values corresponding to the most im-
portant features and feature combinations. Using L1-norm
regularization, the following formula can be minimized to

www.solid-earth.net/6/997/2015/
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Table 5. The results from rough set selection and fuzzy measure selection.

Types

Performance All features

With RS selection

With FM selection

Prediction accuracy  89.12%
Selected features all
Number of leaves 10
Size of tree 19

93.06 % 94.34%
{4689,10,11,15} {4,6,8,9,10}
7 4
13 7

Note, selected features denote: all indexes, indexes selected by the rough set and indexes selected by the
fuzzy measure. Prediction accuracy is the accuracy using different index groups. The number of leaves
shows the leaves of the decision tree and the size of tree shows the number of all nodes in the decision

tree.

Land data processing«

Training Testing
set+ set«
Featnre selection
FDT constructing: Rule base«

Output potential«

Figure 2. Flowchart of the model construction.

reduce the number of non-zeroes in the fuzzy measure:

Hzf":‘llsz,j —yH§+M|M||1. The compression degree for
the fuzzy measure can be controlled by adjusting the pa-
rameter 1. Shevade and Keerthi (2003) proposed the least
absolute selection and shrinkage operator (LASSO) model,
which is based on the Gauss-Seidel method. The obvious
advantages of the Gauss—Seidel approach are simplicity and
low iteration cost. This type of LASSO was adopted to solve
the L1-norm problem. Finally, the optimal fuzzy measure
can be obtained and the corresponding land-index system
is constructed. For example, the fuzzy measure is solved as
{0,0.6,0,0,0,0.4, 0} for three indexes {x1, x2, x3}. Then, in-
dexes or index combinations corresponding to non-zero are
{x2} and {x2, x3}, which will be important for the final deci-
sion.

4 Experiments and analysis

Before building the evaluation model, we need the feature
selection to reduce the complexity of computation by delet-
ing the redundant information. WEKA exploit platform was
adopted to call the feature selection function and develop the
evaluation model. After completing the feature selection, the
FDT is constructed on the pre-processed data for evaluat-
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ing the comprehensive potential. The data from the Shunde
project contain 477 blocks, 27 of which have completed ref-
ormation and can be used as the training set.

The model construction can be presented as shown in
Fig. 2.

After applying the L1-norm method to determine the fuzzy
measure, the parameter A in the L1-norm method is used for
controlling the degree of compression for reducing the non-
zeroes. The value of A was setas 0, 1, 5, 10, 20, 50 and 100.
The larger the value of A is, the fewer the number of zeroes in
the solution. The compressed fuzzy measure can simplify the
computation of the fuzzy integral at the cost of performance.
It needs to select an appropriate value for A to balance the
complexity and the performance. Finally, the value of A is
determined as 100. The binary forms corresponding to the
fuzzy measure with values are {10 000000} and {1111 100}
after being compressed by the L1-norm, which means keep-
ing indexes from x; to xs5. All results with different feature
selection methods are listed in Table 5. The final land-index
system in the new model includes public welfare, net income
per capita, air pollution, population density and water pollu-
tion. We can see that the size of the tree is compressed as
the number of features is decreased and the performance is
improved.

Based on those selected indexes, an evaluation model
will be constructed. In this project, those blocks that have
been finished and those that are ongoing with transformation
present their actual potential and are used as a training set.
The remainder, which contains those that have not yet been
started, are tested via comparison with the conclusions that
have been drawn from these statistics and this analysis. All
artificial marks are removed from the original data. The fi-
nal data set contains 27 predictive features and three levels
of potential. Level 1 means the highest potential, level 2 rep-
resents the medium type, and level 3 is the worst grade for
transformation. All results are listed in Table 6 to show the
situation of the predicted potential of each town.

Assuming that the potential marked by experience is the
destination classification, the prediction results of the fuzzy
decision tree, which is 89.12%, shows high consistency
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Table 6. The potential level of each town.

District Number of Levell Level2 Level3 Ratio of
blocks Level 2
Daliang 55 0 8 47 14.55
London 55 0 7 48 12.73
Ronggui 59 0 13 46 22
Leliu 44 0 7 37 15.9
Lecong 62 0 14 48 22.58
Junan 11 0 2 9 18.18
Longjiang 99 0 27 72 27.27
Beijiao 25 0 3 22 12
Chencun 15 0 3 12 20
Xingtan 26 0 2 24 7.69

with the artificial remarks and the actual land situation of
Shunde’s “Three Old” project. There is no block with level
1. It illustrates that there are no very old and battered build-
ings in the Shunde district. In all blocks, levels 2 and 3 exist.
Those blocks in the second ranking are characteristic of an
effective land-use rate and modest volume rate. However, due
to the bad living environment and the ordinary location, the
price will not increase greatly. The third level blocks present
reasonable volume rate, buildings’ density and good environ-
mental quality. Some basic facilities need to be improved,
so the transformation potential is not so high. Longjiang,
Lecong and Ronggui are arranged as the top three towns ac-
cording to the ratio of level 2, which are key targets that need
to be transformed.

5 Discussion

For land reformation, the quality of land block needs to be
pre-evaluated, as so far, there are many methods to test ru-
ral land. Most are based on subjective means such as the
guantitative change detection method, multivariate statisti-
cal approach and hierarchical classification (Thomas, 2005,
2006b; Connolly and Holden, 2013). This kind of assessment
is always biased for some experts. As information technol-
ogy was developing, computer-aided methods were adopted
to help evaluate objectively. The fuzzy system was first pro-
posed to deal with the uncertainty of rural land (Cay and
Iscan, 2011) and satellite data were used for analysing the
level of agricultural land with a paddock-by-paddock ap-
proach (Setia et al., 2013). All these methods hoped to al-
low more informed decisions about sustainable agricultural
management. A more intuitive intelligent system is urgently
needed. The fuzzy decision tree method provides a kind of
good understandability, a simple computation and a fast de-
cision, which satisfies the requirement of land-level assess-
ment.

Meanwhile the intelligent model based on FDT depends
on the land-index system. The land indexes contain eco-
nomic, social and environmental factors. Not all indexes are
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helpful for the final evaluation of land level, especially the
“Three Old” project which is very complex and variant. We
need to eliminate those negative and noisy values to reduce
the land feature set. Traditionally, land-index selection has
been based on experts’ skill. A fuzzy measure was introduced
to shift important land indexes. In the Shunde district, public
welfare, net income per capita, air pollution, population den-
sity and water pollution were arranged in descending order
of importance and used as the final set. Maybe the indexes
will change with the reforming of land consolidation in the
future. So the “Three OIld” project needs to provide the data
for selecting indexes and evaluating dynamically. Based on
a new index system, our new model can produce a group of
land levels according to potential. Decision makers can carry
out the relative consolidation measure according to the re-
sults. For example, Longjiang is the most promising district
in Shunde. The government can give the biggest support for
reforming and constructing.

6 Conclusions

To date, the “Three Old” transformation project is just be-
ginning to be developed in Guangdong, China. Study on the
“Three Old” project is very useful for the land-consolidation
field. However, research related to the potential of transfor-
mation is sparse. In this article, a soft computing method —
fuzzy decision tree — has been induced to evaluate the poten-
tial of blocks for transformation. Meanwhile, there are too
many indexes for each land project. Some provide noisy in-
formation, which is not good for model construction and a
final assessment. Thus, index screening is an essential part of
land consolidation. The L1-norm method was used to solve
the fuzzy measure with the fewest non-zeroes for selecting
land indexes. After selecting the indexes, a fuzzy intelligent
system was built based on a fuzzy decision tree for land po-
tential evaluation; this system can be used to divide the con-
solidated blocks into different levels. The results are more
scientific, explicable and intelligent. The assessment of po-
tential as presented by FDT has reinforced the conclusions
drawn by traditional methods. This study can provide sup-
plementary support for decision-making.
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