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Abstract: Change in urban construction land use is an important factor when studying urban
expansion. Many scholars have combined cellular automata (CA) with data mining algorithms
to perform relevant simulation studies. However, the parameters for rule extraction are difficult
to determine and the rules are simplex, and together, these factors tend to introduce excessive
titting problems and low modeling accuracy. In this paper, we propose a method to extract
the transformation rules for a CA model based on the Classification and Regression Tree (CART).
In this method, CART is used to extract the transformation rules for the CA. This method first adopts
the CART decision tree using the bootstrap algorithm to mine the rules from the urban land use while
considering the factors that impact the geographic spatial variables in the CART regression procedure.
The weights of individual impact factors are calculated to generate a logistic regression function that
reflects the change in urban construction land use. Finally, a CA model is constructed to simulate
and predict urban construction land expansion. The urban area of Xinyang City in China is used
as an example for this experimental research. After removing the spatial invariant region, the overall
simulation accuracy is 81.38% and the kappa coefficient is 0.73. The results indicate that by using
the CART decision tree to train the impact factor weights and extract the rules, it can effectively
increase the simulation accuracy of the CA model. From convenience and accuracy perspectives
for rule extraction, the structure of the CART decision tree is clear, and it is very suitable for obtaining
the cellular rules. The CART-CA model has a relatively high simulation accuracy in modeling urban
construction land use expansion, it provides reliable results, and is suitable for use as a scientific
reference for urban construction land use expansion.

Keywords: cellular automata; CART decision tree; logistic regression; change in urban construction
land use

1. Introduction

The cellular automata (CA) model is a grid dynamics model that uses completely discrete state,
time, and space variables as well as local spatial interaction and temporal causality [1]. The CA model
is advantageous for simulating the evolution of urban land use [2].

Early CA models mainly adopted the multi-criterion method to simulate land use changes.
The main approaches included Markov China, multi-criteria decision making and grayscale,
and knowledge discovery of rough sets. These transformation methods are mainly expressed using
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mathematical formulas, but determination of the parameters for the formulas is very difficult [3].
Currently, Chinese and international scholars use artificial intelligence (AI) methods such as the ant
colony algorithm, the support vector machine, and the neural network algorithm [4-10], to define the
transformation rules of a model. These artificial intelligence algorithms can macroscopically reflect
the interactive relationships among the structure, function, and behavior of the land use system.
However, the model parameters are difficult to determine when extracting the impact factor rules,
and the obtained parameters are generally static, which increases the uncertainty of the factors when
using the model for global simulations and affects the accuracy of the simulation. On the other
hand, the traditional techniques of statistical analysis, such as linear regression, logistic regression,
and logarithmic linear regression [11-14], also have wide applications in the study of urban expansion.
The logistic regression has advantages regarding the aspects of the dependent variable and independent
variable, and we can obtain the importance of different impacting factors. However, the traditional
logistic regression is prone to the problem of over fitting. By summarizing the problems above,
we introduce the Classification and Regression Tree (CART) algorithm in this paper [15]. The CART
decision tree has a clear structure, fast operation speed, and convenient processing of spatial data.
By combining it with the logistic regression and cellular automaton model, we can fairly well consider
the impacting factors that affect the change of land use. The model is trained to generate a concise
binary tree, retain the optimum classification tree after pruning, and obtain the impact factor weights
to construct the logistic regression function. The CA model with the CART decision tree extracts the
rules in a reasonable fashion and can improve the accuracy of the simulations of the CA model. In this
paper, we adopt the CART mining technique and optimize the extraction rules for the CA model
to improve simulation accuracy.

In this study, the urban area of Xinyang City was selected as the study area for this experimental
research and the CART algorithm was adopted to construct and optimize the CA model for simulating
and predicting urban construction land use expansion. Based on the results of the experiments
to validate this technique, the CART-CA model is relatively accurate when simulating urban
construction land use expansion in Xinyang City.

2. CART-CA Model

2.1. CART Decision Tree Based on the Bootstrap Algorithm

Transformation rule extraction for a CA model is the key component that allows the model to predict
and simulate the evolution of urban construction land use accurately. However, when the model defines
the transformation rules, the parameters are not easy to establish, creating challenges for extracting
the rules. The CART decision tree can simply and rapidly train the weights of different spatial variables
by constructing a binary tree. The earlier work of Burrows et al. (1995), Razi et al. (2005), and later,
Westreich et al. (2010) and Yadav (2012), etc. [16-19], all adopted the CART decision tree algorithm
for simulation and prediction purposes and achieved relatively good results. Consequently, in this paper,
the CART decision tree is introduced for rule extraction for the CA model.

The CART decision tree algorithm was first proposed by Breiman et al. in 1984 [20]. Through cyclic
analysis of training data that consist of measurement variables and objective variables, the algorithm
uses a dyadic recursive partitioning scheme and applies the Gini coefficient to divide the current
sample set into two subsets. Each generated non-leaf node has two branches, forming a binary decision
tree. Meanwhile, the bootstrap algorithm is used during the training process of the CART decision tree
algorithm to optimize its classification accuracy.

The bootstrap algorithm establishes a series of decision trees, and the established decision
trees focus on the training data that were classified erroneously or misclassified [21]. Using this
feature of the bootstrap method, different decision trees are established to determine the weights
of the individual impact factors obtained by the CART decision tree, which are then used
as the coefficients of a logistic regression function to fully consider the spatial features of urban
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construction land use. These relatively complex spatial variables include policy adjustments,
local Gross Domestic Product (GDP), traffic conditions, natural conditions, and the influence
of regional centers, all of which can affect the simulation of changes in urban construction land
use. During the CART decision tree training process, to increase the accuracy of the transformation
rules and consider the regional features or research area, the sample training process fully considers
the spatial characteristics of the training data [22]. For example, the degree of transportation
development from the suburban area to the urban center is an important factor that affects the change
of land use in this area [23], and the spatial variables of the locations of government institutions
should be carefully observed. In this paper, however, considering the data from the perspective
of the research area characteristics, the difficulty of data acquisition and the impacting factors
selected by previous studies [23], we selected the following factors to analyze the significance
of different impact factors. We obtain the impacting coefficients for the factors and then, retain only
the factors with large correlations; factors with small correlations are excluded (such as water bodies).
Consequently, the training data include the following spatial variables: the distance to the city center,
the distance to a highway road, the distance to a national highway, the distance to a district center,
the distance to a provincial road, the distance to a town center, and the distance to a county road.
We apply stratified random sampling to select 20% of the sampling points from the cellular areas
transformed to urban land use and the cellular areas that may be transformed to urban cellular
areas but have not yet been transformed. We calculate the distance from each sampling point
(cellular) to the spatial impacting factor, derive n spatial variables (cellular properties), and, eventually,
obtain the weights of the logistic regression function, x, by training the CART decision tree:

T
X = [xijlzxijZ/~~-/xijk/-~~/xijn} , (1)

here, x;j is the attribute value of the kth spatial variable at position (i, j), obtained from the grid
calculation.

The CART decision tree divides the m-dimensional cellular space into non-overlapping rectangles
in a recursive manner [24]. Let x;j be the attribute value of the kth spatial variable at position (i, j)
and let k represent the spatial variable belonging to that position. The procedure is as follows:

Step 1: Select an independent variable x;. Then, select a value of x;; that divides
the m-dimensional space into two parts. All the points in one part satisfy x;; < x;jx, and all the points
in the other part satisfy x;; > x;j. Non-continuous variables have only two possible values
for the attribute value, i.e., they are either equal or not equal to Xijk-

Step 2: Regression treatment. For the two parts derived above, reselect an attribute based
on the procedure in Step 1 to further perform the partition until the entire m-dimensional space has
been completely partitioned.

Step 3: Complete the establishment of the binary tree and judge the classification results
of the binary tree (x;1, Xjj2, Xjj3, - .- , Xjjx) using the impurity measurement method. The smaller
the Gini Coefficient index is, the better the classification results are.

Step 4: Conduct a post-cut of the established binary tree to eliminate useless nodes and retain
the optimum tree. Then, assign the derived x;j; to xi, which is used as the weight of the kth spatial
influence factor.

Step 5: Next, use the bootstrap algorithm to generate n trees for the training. It is necessary
to repeat the preceding four steps and train the values of the individual impacting factors,
Xk, to construct the functional relationship. We use Z to express the impact factors of different
spatial variables. Z is given by the following:

Z=un+ Zbkxk, 2)
K
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where Z represents the influence of all types of spatial variables in the classification rules of CART
extraction on the change in urban construction land use, « is a regression constant, by is the coefficient
for the relationship of the logistic regression function, and x; is the value of the kth impacting factors
for the cell at location ij.

Step 6: In this study, we assigned the weight of different spatial impact factors from the training
of the CART decision tree to the logistic regression function. The global development probability that
a cell representing non-urban construction land use will be converted to urban construction land use
under the action of different impacting factors, P;;, is expressed as described in [25]:

o exp(Z) 1
T 1+exp(Z)  1+exp(—Z)

®)

where P;; is the probability of the cell located at position ij in the lattice space being converted
to an urban construction land use state, and its magnitude is between 0 and 1. Z represents
the influence of all types of spatial variables in the extraction rules of the CART decision tree
on the change in urban construction land use. As shown in Figure 1, the results obtained after the final
training of the CART decision tree shows the suitability of land for urban development.

CART Datas Training

County Road, /
Provincial Highway, Decision tree
City center, District / dossification L. CART algorithm to

center, Town center, / /% result x1 obtain conversion
rules

A 4

Water system and so on /
T Decision tree /
classification v

result x2 Logistic regression
function

Bootstrap |
algorithm

Y

Raster layers

P ij Show
Decision tree v
classification DEV.GIOP.ITIent

result xk suitability

Figure 1. Classification and Regression Tree (CART) training flow chart.

Cells sampling

\ 4

Figure 1 shows the detailed training process of the CART decision tree. We first preprocess
the screened spatial impacting factors and then calculate the influence of distance on different
impacting factors. Meanwhile, we conduct the cellular sampling. Then, we establish k decision
trees through the Bootstrap algorithm and split the binary tree into single trees to retain the training
results of the optimum binary tree as the weights of the spatial factors. Finally, we use the coefficients
of the impact factors obtained through CART training as the weights of the logistic regression function
when constructing the logistic regression equation to complete the data rule extraction.

2.2. CA Model

The core of the CA model is to determine the state change at time ¢ by defining the transformation
rules, namely, the state of a certain cell at time (f + 1), which is determined by both its state and its
neighboring cells’ states at time ¢ [26], as shown in Equation (4):

Sit1 = f(St,N), 4

where S is the set of all the possible states in the CA; f is the transformation rule; and N is
the neighboring region of a certain cell.

A CA model’s transformation rules usually include development suitability, random factors,
and constraint conditions. Referring to the studies of Li et al. (2014) [27], we fully consider
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the influence of changes in land use types on the relevant neighborhood areas; therefore, we introduce
the neighborhood function into the CA model to further improve the model. Consequently, the CA
model in this paper is composed of four parts: (1) development suitability, (2) a neighborhood function,
(3) random factors, and (4) constraint conditions.

2.2.1. Development Adaptability

Determining development suitability (i.e., the global probability of development) is the key task
when constructing transformation rules in the CA model. Development suitability measures how
suitable a cell of non-urban construction land use is for conversion to urban construction land use
under the joint impact of multiple geographic factors (e.g., transportation factors, location factors,
natural factors, and socio-economic factors). In this paper, a logistic function constructed
by the training data from the CART decision tree is used to express development suitability:

1

bij = 1+exp(—2)’ ©®)

where P;; is the probability that the cell located at position ij in the lattice space will be converted
to a state of urban construction land use, and its magnitude is between 0 and 1. Z represents
the influence of all types of spatial variables in the extraction rules of the CART decision tree on changes
in urban construction land use.

2.2.2. Moore Neighborhood

When determining whether a cell will experience a state conversion in land use type,
the conversion probability is influenced by the cell’s relevant neighborhood domain. To determine
the degree of influence of the neighborhood domain on the cell, we use the Moore neighborhood Qf]»
to reflect whether a certain cell will change to a construction land use type in the CA model [28,29],
as shown by Equation (6):

Y3x3 con(Sfj = urban)
3x3-1 ’

Qj; = ©)

where ij represents the effective value of a 3 x 3 neighborhood on the cell at time t and at position
ij, con(x) is a conditional function; and Sfj is the current state of the cell. When the cell is already

in an urban construction land use state, Sfj is 1; otherwise, it is 0.

2.2.3. Random Factor

The spatial changes that affect the simulations of changes in urban construction land use
are relatively complex. Moreover, conventional spatial variables such as natural disasters,
policy adjustment, local GDP, and climate change, are very difficult to represent as influence factors
in the model. Therefore, an arbitrary term (a random factor) is introduced into the CART-CA model
to account for unanticipated combined effects on the actual situation. The mathematical expression
of this random factor (RA) follows [30]:

RA=1+(—1Inv)", @)

where RA is a random factor; 7y is a random number between 0 and 1, and « is the parameter that
controls the arbitrary variable (i.e., it is defined to be a positive integer between 1 and 10).

2.2.4. Constraint Conditions

The change simulation in urban construction land use fully considers objective spatial
constraint conditions such as restricted-development units (e.g., bodies of water, mountains, parks,
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and high-quality farmlands). Therefore, the spatial constraint conditions that the cell must meet
to transform into an urban construction land use state are expressed as follows:
¢ 0 The cell is prohibited from developing into urban construction landuse
con(Sj;) = . . , (8
1 The cell can develop into urban construction landuse

where con(Sfj) is used to express whether the cell at position ij at time ¢ can be converted into
an urban construction land use state, and S!. represents the current state of the cell. We can
determine whether development occurs based on the cell’s attribute value because some cells cannot
be developed. The state value of a restricted-development area Sf]- is defined as 0, and the state value
of a non-restricted-development area S!, is defined as 1.

Using these four parts, the transformation rule of the CART-CA model is constructed to determine
the specific development probability that a cell at position ij will be converted to urban construction
land use at time (f + 1), Pl.tj“:

Pif],+1 = RA X Pyj x con(Sj;) x Qj; = (14 (= 1Iny)") x Py x con(Sj;) x Q, )
Whether the cell is actually converted to urban construction land use is determined
by the following condition:

10
P! < Piesnord The cell is not converted to urban construction landuse (19)

Pl-t]- > Pinreshold The cell is converted to urban construction landuse
1] —

where Pyjypsi014 is a defined threshold at which the land use changes to urban construction land use.
When the value of Pit]. is greater than or equal to the threshold value Py es1,014 and the cell at position ij
is in a non-urban construction land use state, then the cell is converted to the urban construction land
use state; otherwise, the cell’s state does not change.

2.3. Fulfillment of the CART-CA Model

We used the CART-CA model to perform a simulation of urban construction land use expansion.
The main research ideas were as follows: (1) we determined the factors that affect changes in urban
construction land use (including both natural and socio-economic factors); (2) based on the analysis
of existing data, we adopted the CART decision tree to train the weight of impacting factors and
construct the logistic regression function; (3) combined with the logistic regression function obtained
by the CART training, we constructed a CA model to predict variations in urban construction land
use; (4) we simulated and predicted changes in urban construction land use; and (5) we conducted
an evaluation of the accuracy of the simulation results.

In this paper, the CART-CA model architecture is divided into three modules: the data processing
module, the CART decision tree module, and the CA module. The data processing module performs
the initial data preprocessing, clips and merges the lattice data, and performs initial classification [31].
The CART training module samples the data, completes the data preprocessing, extracts the impact
factor rules, and generates the functional relations of the logistic regression. The CA module includes
the definition and fulfillment of the different compositional parts in the CA model, i.e., data processing,
simulation, accuracy evaluation, prediction analysis, and the results. Figure 2 shows the overall
architecture of the CART-CA model.
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Figure 2. The basic architecture of the cellular automata (CA) model.

Cellular Automata Module

Cellular Automata

A

Simulation

Simulation prediction
Obtain results

3. Model Application in Urban Land Use

3.1. Research Area

7 of 17

Xinyang City, Henan Province is rated one of the top ten best cities to live in China. Its total
land area is 18,925 km?2, of which the municipal district is 3691 km?. For this study, we selected
the municipal district of Xinyang City (namely, the main city areas of the Shihe District and Pinggiao
District), located at a longitude of 114°07' E and a latitude of 32°13' N. The study area is shown
in Figure 3.The research area is an overlapped area including the Wuhan economic circle, the Wanjiang
City zone, and the Central Plains Economic Region. Xinyang City is an important research example

because of its critical location.
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Figure 3. Study area map.
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3.2. Data Source

The basic data for the model was sourced from Landsat remotely sensed satellite image data
(The thematic mapper(TM)data were Landsat 5 images in 2008, Landsat 8 images were used
in 2014) (satellites orbits 123/037 and 123/038, respectively) with a spatial resolution of the images
of 30 m x 30 m and from a map of the administrative boundaries of Xinyang City, a road map
of Xinyang City, a map of the distribution of the administrative centers, and a map of the distribution
of the river systems in Xinyang City.

After obtaining the relevant research data, the data was preprocessed using the following steps:
First, the TM data from both periods was classified into construction land and non-construction
land use. After adopting a normal supervised classification method, many noisy points
remain in the construction land use data (e.g., river systems, forest land/shrub, and bare land),
and the classification error was relatively large. To improve the classification accuracy for construction
land use, we added the Operational Linescan System (OLS) nighttime light data to the classification
process to improve the accuracy. Changes in the light intensity of pixels in the OLS nighttime light data
over time can represent changes in urban construction land use [32,33]. The OLS nighttime light data
intuitively reflects the intensity of human activity [34] and can be used to effectively extract changes
in the urban construction land use of a given area. Next, we input all the data into the CART decision
tree for training.

3.3. Simulation of the CART-CA Model

3.3.1. Transformation Rules of the CART-CA Model
(1) Overall Development Probability

In this paper, because we consider the influences of the spatial characteristics of cells, we used
the spatial variables of highway, national highway, provincial road, county road, urban center,
district center, and town center as the impact factors for rule extraction using the CART decision
tree. The impact factors are shown in Figure 4.We selected the image classification data of the TM
urban construction land use in the research area (Xinyang City) during 2008 as the initial simulation
data for the model. In the data processing module, the image classification data are first converted
to text files and then used in the training module of the CART decision tree for sampling. The sampling
results are shown in Figure 5.We derived the weights of different spatial variables and compared and
analyzed the weights of the derived impacting factors. Based on the weights of the acquired impacting
factors, we constructed the logistic regression function shown in Table 1.

Legend

Value
- High: |

- Low: 0

(a) High speed (b) State road (c) Town centre (d) Provincial Highway .4,

I e Meters

Figure 4. The map of the distance between the primitive cells and various related factors.
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Table 1. The weight of influencing factors for the suitability of urban construction land.

Factors X1 X3 X3 Xy X5 X6 X7 Constant
Coefficient +1.0074 —0.3384 —1.4125 +0.5350 —1.2192 —3.4121 —2.9956 +1.4676

In Table 1, X; represents the distance to an urban center, X, represents the distance to a highway
road, X3 represents the distance to a national highway, X4 represents the distance to a district center,
X5 represents the distance to a provincial road, X represents the distance to a town center, and X7
represents the distance to a county road.

As Table 1 shows, from 2008 to 2014, variable X, (the distance to a town center) has the largest
influence on urban development changes in Xinyang City, followed by the influence of county-level
roads X7; the influences of the other factors have a smaller proportional effect. In the main research
area, five streets in the Pingqiao District and eight streets in the Shihe District are densely distributed
in the city center, which further increases the weight of these impact factors.

Based on the weights of the impact factors obtained from training the CART decision tree,
we constructed the logistic regression function relationship and introduced the grid data (in tif file
format) into the CA model. This data was used to determine the development suitability of the cellular
automaton model (namely, the global development probability) during the model simulation, as shown
in Figure 6.

Legend
High: 1
[} b 0 44,000
Low: 0 ™ Meters

Figure 6. The probability of the overall development influenced by cellular and various factors.
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(2) Cellular Transformation Rules

The CART-CA model established in this paper consists of four parts: development suitability, P;;;
Moore neighborhood, Qf-]- ; a random term, RA; and a constraint condition, con(Sfj). The development
suitability is expressed through the logistic regression function constructed by the weights
of the impact factors mined by the CART decision tree. The random term RA uses the random
function. Through multiple tests, we found that the best simulation was obtained when the random
factor was 0.7 [35]. Because of the abundant river system resources in Xinyang City, this paper treats
the river system as the model’s constraint factor. The attribute value of a lattice cell is set to either
0 or 1; where a 0 means that the cell cannot be converted to construction land use, and a 1 means
the cell can be converted to construction land use. The probability that the cell will be converted from

non-urban construction land use to urban construction land use at a certain time, Pl.th, follows [36]:
t+1 t t

Based on existing studies [37] and repeated tests of the model, the conversion threshold was
set at 0.2. In other words, when the value of P is greater than 0.2, the value of a cell is 1, and it is
converted to urban construction land use; otherwise, the cell’s value is 0, and it is not converted
to urban construction land use. The specific process is shown in Figure 7.

/ Remote sensing / Termination of / S
image of the remote sensing i’”*ﬁs”;
beginning year images database
Image preprocessing | T

Distance to the city center
Distance to roads
Distance to the center of
the district

Q.
o
-
2
7}

Land use
classification chart

‘ Change of urban land use ‘

Sample points \ 4
Bootstrap Randomization—){ CART Dedision, Tree ‘

Training

WS IYSIN

Construct Logistic
suitabilit Regression Function

Urban development | _ Neighborhood
probability function

¢ Random factor
Threshold
comparison Restrictions

Convert to urban land ? —Multiple iterations}»

A

Simulation
results

Figure 7. The CA model flowchart.

3.3.2. Results

In the CART-CA model, we use the logistic regression algorithm constructed by the CART
decision tree to calculate the transformation probability of urban construction land use. On this basis,
we combined the random factors, constraint condition, and cellular neighborhood function to calculate
the development probability for the transformation of a cellular area to urban construction land use
and achieve a dynamic simulation. The original Landsat image data is used as a reference to highlight
the authenticity and scientific soundness of the simulated results, shown in Figure 8a,b. The result can
directly reflect the real changes of city construction land in Xinyang City in 2008 and 2014, respectively.
The simulation uses the urban construction land use in Xinyang City during 2008 as the initial data
(as shown in Figure 8c), and it simulates the urban construction land use in 2014 using the CART-CA
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model (as shown in Figure 8e). The red areas in Figure 8d,f denote regions transformed from non-urban
construction land use to urban construction land use and light-green denotes non-urban construction
land use. During the simulation process, we performed dynamic calculations to determine the number
of cellular areas that transformed into urban construction land use in the study area for each iteration
of the simulation. The prediction uses the urban construction land use in Xinyang City during 2014
as the initial data (as shown in Figure 8d) and combines the variation trends of land use in Xinyang City
to predict the distribution of urban construction land use in Xinyang City in 2020 using the CART-CA
model (as shown in Figure 8f).

@ ' ()

(e) (f)
Unland [ New land Original land [l Water Oﬂ%ters

Figure 8. The map of the Xinyang urban construction land simulation forecast. The (a) represents
Landsat image of Xinyang in 2008. The (b) represents Landsat image of Xinyang in 2014.
The (c) represents original urban land of Xinyang in 2008. The (d) represents real result of urban
construction land in 2014. The (e) represents simulation results of urban construction land in 2014.
The (f) represents forecast of urban construction land use in 2020.
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3.3.3. Assessing Accuracy

The complicated changes in urban construction land use are subject to influence from many
uncertain factors; therefore, in the accuracy assessment, the model could not accurately simulate
the actual situation. From the existing research [38,39], the actual construction land and model
simulated land use change matrix were first calculated in 2014 (Table 2). As can be seen
from the confusion matrix, the accuracy rate of urban construction land was 78.09%, 89.63%
for the simulation accuracy rate of non-urban construction land, the overall accuracy reached 85.98%,
and the Kappa coefficient was 0.734.

Table 2. Comparison between the simulation results of the CART-CA model and the actual situation.

2014 Simulation Results
Unchanged Changed  Overall/%

Unchanged 198,682 22,991 89.63

Actual situation Changed 22,486 80,135 78.09
Overall accuracy 85.98

Kappa 0.734

However, in the accuracy assessment, it is not appropriate that only the confusion matrix and
the global accuracy are considered to evaluate the accuracy. Pontius et al. [40] significantly improved
the accuracy evaluation using the pixel resolution and independent variables evaluation, and ruled
out the area of land type unchanged, which makes a more scientifically accurate evaluation. In this
study, the methods from Pontius et al. are applied to the land uses in Xinyang City. Experimental
results show that the expansion of the urban construction land is Xinyang City is mainly in the main
city zone, while the land changes in the surrounding suburbs are not obvious. On the other hand,
the inherent urban construction land and the inherent non-urban construction land have little change
over a large region, which can exclude the hypothesis that unutilized land is better for accuracy
verification. As shown in Figure 9.

N

A

0 22,000
T Meters

B Gain of build Persistent build Persistent not-build
(@) (b)

Figure 9. Actual construction land and simulated construction land map. The (a) is a real change
in land use from 2008 to 2014. The (b) is a simulated change in land use from 2008 to 2014.
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Four indicators are used by Pontius to test the accuracy, which provides a scientific method
for accuracy assessment [41]. They are the following.

N = Correct because the actual non-construction land has not changed and the simulation results
have not changed (null successes).

F = Actual land has not changed and the simulation has changed (false alarms).

H = Correct due to the conversion of the inherent construction land into simulated land (hits).

M = Errors due to the observed changes are predicted as unaltered (misses).

The change situation of urban land use is tested through the four indicators. The accuracy
and error rate are presented through OC, PC, T and so on which are explained in detail as follows.

Observed Change (OC)=M + H

Predicted Change (PC)=H + F

Total Error (T) =M + F

After calculation [42], the total accuracy is 81.38%, the OC is 8.36%, and the PC is 16.3%.
Although the accuracy is lower for the whole region, it excludes the changeless construction land
in space and takes the changed region into consideration. On the contrary, the way in which the whole
region is evaluated makes the result more accurate, but there exists a certain “pseudo accuracy”
because of not excluding changeless land.

By analyzing the evaluation results of Table 2 and Figure 10, the CART-CA model could simulate
the expansion of urban construction land, and the simulation results are close to the actual results,
which could meet the dynamic simulation of urban construction land change.

100 4 - Correct due to the actual non-construction land has

not changed and the simulation results have not
changed (N=78.36% )

- The actual land has not changed and the simulation has
changed (F=13.28%)

Correct due to conversion of the inherent construction
land into simulated land (H=3.02%)

Percentage of accuracy evaluation

Errors due to the observed changes are predicted as
unaltered (M=5.34%)

0 .

Figure 10. At a 30-by-30 m fine resolution, the overall landscape of the overall prediction of success
and error.

4. Discussion

This discussion covers the following relevant points.

(1) We review the rule extraction process for the model. The CART-CA model constructed in this
paper extracts the sample data mainly through the CART decision tree and adopts the Bootstrap
algorithm to train the weights assigned to the different impact factors to generate the logistic regression
equation to extract the rules. After rule extraction, the CART decision tree can promptly generate
a binary tree, trim it to retain the optimum classification results as the weights of the spatial variables,
and combine those with the weights of the different impact factors from the training of the Bootstrap
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algorithm to construct the logistic regression function, which is the focus of this paper. That function is
then used to represent the suitability of urban expansion, combined with the neighborhood function,
random factor, and the constraint condition for simulation and training. The experiment results
indicated that the CART-CA model gains a significant advantage from using the CART decision tree
to analyze the data, and it is easy to establish the parameters of the impact factors. This approach both
avoids over fitting and considers the spatial variables fairly well. Meanwhile, the model’s simulation
results when predicting urban construction land use are reasonable, and its accuracy is relatively high.
Building a successful model for predicting urban construction land use changes is advantageous from
many aspects because such a model can provide a reference for future studies of laws and policies
for land use changes.

(2) Based on the changes in the urban construction land use of Xinyang City (Figure 8), the speed
of development in the south and northwest of the main urban area of Xinyang City occurs relatively
slowly; the city has mainly expanded east and north. The scale of expansion is relatively large,
and the overall development state of the city exhibits a good tendency. Specifically, the urban
construction land use in Xinyang City expands mainly along the traffic arteries to the east and
north. The magnitude of expansion is obvious and corresponds to the layout and planning of urban
construction in Xinyang City. In the west and south, due to the influence of constraint conditions such
as water bodies (Shihe and the Nanwan reservoir), the expansion of urban construction land use is
restricted to some extent, and there are few new urban construction land conversions. By observing
the urban distribution pattern in Figure 8 combined with the urban planning layout of Xinyang City,
we found that the development of Xinyang City has a relatively strong dependence on transportation
and government policies; meanwhile, it is mutually corroborated with the selected impact factors
of urban development (transportation and regional centers). This indicates that the development
of small cities has a relatively strong dependence on transportation and government factors. Moreover,
from the simulated prediction of the expansion of urban construction land use in Xinyang City in 2020,
we can see that Xinyang City will continue its eastward-expanding trend. The area of construction land
use in the Pingqiao District will obviously increase, and the scale of the city will expand continually.
The occupancy rate of urban construction land use will increase continually, accelerating the future
pattern of urban expansion.

(3) Urban expansion and evolution is a complicated process affected by many factors. In this paper,
the influences on the expansion of urban construction land use are reflected by identifying the spatial
impact factors that have relatively large correlations. Therefore, we needed to analyze the significance
of spatial impacting factors [43—45]. Based on the results of the significance calculations, we obtained
the influences of different spatial variables on the overall variations of urban construction land use
in Xinyang City. The influence was highest for the following spatial factors: distance to national roads,
distance to city centers, and distance to provincial roads. These results indicate that for the continued
expansion of urban construction land use in Xinyang City, the regions closest to the city center that
have easy access to roads and good locations will be the first-choice areas for urban construction land
use. Lesser influences were indicated for the spatial factors of distance to the district center, distance
to the township center, and distance to the county roads. The influence of distance to a highway
was relatively small. These spatial variables jointly promote the transformation from non-urban
construction land use to urban construction land use, and they affect the urban development patterns
of Xinyang City.

(4) The complex geographic factors in the research area exaggerate the instability in the simulation
and the accuracy of its land use predictions. Therefore, there are still some deficiencies in the model.
In the selection of the spatial influence factors, because the selected research area was a small city, it was
difficult to obtain GDP data and per capita income data, which means that the consideration of impact
factors was not as thorough as it could be. Furthermore, the impacts of some factors (such as roads)
are not easy to predict, which further increases the simulation difficulty.
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5. Conclusions

In the CA model, effectively determining the conversion rule is the core of the model. In this study,
we mined the sample data using the CART decision tree for data mining and trained the weights
of different impacting factors to construct the logistic regression function relationships to obtain
the cellular conversion rules. When extracting rules, the CART decision tree effectively considers
the impact factors, extracts the rules in a reasonable fashion with high efficiency, and achieves
relatively high simulation accuracy. Meanwhile, by introducing the random factor, we improved
the optimum results of the CART decision tree, and avoided over fitting. The resulting model has
relatively good tolerance to random factors when predicting the expansion of urban construction
land use. The neighborhood function calculation is an important factor that affects the development
probability of the cellular areas. It is most applicable to regions with complicated land use types,
and increases the thoroughness of consideration when calculating the probability that the central cell
(of the neighborhood) will convert to a different land use type. Furthermore, we also measured the
degrees to which different variables contributed to the prediction results and interpreted the role
of different spatial variables in urban expansion.

In this paper, using Xinyang City from 2008 to 2014 as an example, the CART decision tree was
applied to data of the changes in urban construction land use. Impact factors were used to mine
the evolutionary patterns of urban land use in the urban area of Xinyang City. By combining the Moore
neighborhood, constraint conditions, and cellular conversion rules based on constraint conditions,
the changes in land use in the urban area of Xinyang were simulated and we then used the model
to predict future changes in urban construction land use in the study area. The results indicate that
the transformation rules obtained through the CART method were relatively accurate; in comparison
with the CA model alone, the transformation rules constructed using the CART method have a clear
structure and obvious outcomes—and they can be combined with the CA model. The CART-CA model
established by integrating the CART decision tree achieves a relatively high accuracy when simulating
changes in urban construction land use, and the simulation results are reliable.
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