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Abstract: The emergence of Light Rail Transit systems (LRTs) could exert considerable impacts on
sustainable urban development. It is crucial to predict the potential land use changes since LRTs are
being increasingly built throughout the world. While various land use and land cover change (LUCC)
models have been developed during the past two decades, the basic assumption for LUCC prediction
is the continuation of present trends in land use development. It is therefore unreasonable to predict
potential urban land use changes associated with LRTs simply based on earlier trends because the
impacts of LRT investment may vary greatly over time. To tackle this challenge, our study aims to
share the experiences from previous lines with newly planned lines. Dongguan, whose government
decided to build LRTs around 2008, was selected as the study area. First, we assessed the impacts of
this city’s first LRT (Line R2) on three urban land use types (i.e., industrial development, commercial
and residential development, and rural development) at different periods. The results indicate that
Line R2 exerted a negative impact on industrial development and rural development, but a positive
impact on commercial and residential development during the planning stage of this line. Second,
such spatial impacts (the consequent land use changes) during this stage were simulated by using
artificial neural network cellular automata. More importantly, we further predicted the potential
impacts of Line R1, which is assumed to be a newly planned line, based on the above calibrated model
and a traditional method respectively. The comparisons between them demonstrate the effectiveness
of our method, which can easily take advantage of the experiences from other LRTs. The proposed
method is expected to provide technical support for sustainable urban and transportation planning.

Keywords: Light Rail Transit; urban land use change; cellular automata; artificial neural network;
land use change prediction

1. Introduction

In China, immoderate urban expansion has given rise to a series of social, ecological and
environmental issues [1,2]. Numerous studies have indicated that the urban land area in this country
exhibited an exponential growth pattern during the past two decades [3–5]. This unprecedented
phenomenon is accompanied by massive rural-urban migration [6,7]. According to the National
Population Census, the percentage of urban population in China grew from 36.22% to 49.68% between
2000 and 2010 [8]. As a consequence, this country has also witnessed an increase in private vehicle
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ownership and usage. Traffic congestion is gradually becoming one of the greatest obstacles to city
development [9–11]. To alleviate these problems, Chinese governments have given a high priority to
the investment in Light Rail Transit (LRT) systems [12,13]. For example, many LRTs have been put into
operation in some large cities (e.g., Shanghai, Tianjin, Nanjing) over the last fifteen years [13–15].

The development of LRTs will inevitably exert substantial impacts on surrounding urban
land use, both spatially and quantitatively [16–22]. For example, population relocation and economic
development may be stimulated by the improved transport accessibility. It is crucial to simulate
and predict the consequent spatio-temporal dynamics of land use if policy-makers decide to build
a new line. However, previous studies mainly focused on the impacts of LRT investment on land
and property values [23–29]. Some others have analyzed the impacts on labor market, crime rate,
and public discourse [30–34]. Less effort has been made to simulate and particularly predict the
potential urban land use changes associated with the development of LRTs. Urban landscape planning
has many benefits in terms of the environment. Urban landscape planning means making decisions
about the future situation of urban land [35]. In this case, it is necessary to predict how the land has
changed over time and the effects of natural factors and human activities on the land [36]. In this way,
successful and sustainable landscape planning studies can be achieved. Recently, Joshi et al. [37]
simulated the impacts of LRT on urban development by using UrbanSim model; Basse [38] proposed a
cellular automaton (CA) model for simulating the impacts of high-speed rail on land use dynamics;
and Aljoufie et al. [39,40] developed a CA-based land use and transport interaction model.

Nevertheless, it remains a tough challenge to better predict potential spatial impacts of LRTs.
While various land use and land cover change (LUCC) models have been developed for geo-simulation
applications during the last twenty years [41–49], the basic assumption for LUCC prediction is the
continuation of present trends and dynamics of land use change into the future [50,51]. Unfortunately,
the impacts of LRT development will vary considerably over time [18,23], which adds more complexity
to the evolution of land use. To better handle this problem, our study attempts to share the experiences
from a previous line with newly planned lines by using an artificial neural network CA model, which
has been widely employed for modeling multiple land use changes (e.g., [50,52,53]). Specifically,
the model parameters calibrated based on previous lines could be reused to predict potential urban
land use changes influenced by new lines. Dongguan is one of the biggest manufacturing bases in
China. The investment in LRTs has become an urgent task for the local government due to a massive
influx of population [54]. As a result, this city is an appropriate case through which we can evaluate
the proposed method.

2. Methodology

In this study, a methodology is developed to provide a modeling framework which can reuse the
experiences from Dongguan’s first LRT (Line R2) for the analysis of a new LRT (Line R1). To do so,
we will first assess the impacts of R2 on its surrounding urban land use over different periods with the
support of buffer operations. Then, the spatial dynamics of land use within a 2 km two-sided buffer
from 2008 to 2011 (the planning stage of R2) will be simulated by using an artificial neural network
cellular automata model.

More importantly, the spatial impacts of Line R1 on its surrounding urban land use during the
same stage can be predicted based on the experiences drawn from Line R2 (i.e., the above calibrated
model). The flowchart of this study is illustrated in Figure 1.

2.1. Assessing the Impacts of LRTs on Surrounding Urban Land Use

The development of Light Rail Transit systems (LRTs) can be divided into four stages, namely the
pre-planning, planning, construction, and operation stages [18,23,55]. Time series of remote sensing
images are helpful for monitoring land use changes over different periods. However, it may be difficult
to identify detailed urban land use types (e.g., industrial or commercial development) from the widely
used Landsat Thematic Mapper (TM) images since the spatial resolution is only 30 m. Therefore,
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Système Probatoire d’Observation de la Terre (SPOT) images, which have a much finer resolution of
2.5 m, are used in this study. To assess the impacts of LRT development on surrounding urban land
use, we also need to build a two-sided buffer because LRTs mainly exert impacts on land use within a
certain proximity [23,24,26]. Previous studies related to the cases in Chinese cities have indicated that
a 2 km buffer is quite suitable for quantifying the LRT impacts on land use [13,14,55]. Nevertheless,
such impacts may vary significantly across regions, economic zones, and policy regime, and we should
analyze the gradual transition of land use changes to better determine the buffer size. Although this
study mainly focuses on the land use changes within a designated buffer, the applicability of the
proposed modeling framework still remains unchanged if the buffer varies. Then, land use transition
matrix will be used for land use change detection within the buffer, while the change trends of each
land use type over different stages can be directly compared by using the following equation [56]:

K =
Ub − Ua

Ua
× 1

T
× 100% (1)

where K denotes the rate of land use changes during a certain period, Ua and Ub denote the area of one
land use type at the beginning and the end of the period respectively, and T denotes the length of the
period (in years).
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Figure 1. Flowchart for predicting the spatial impacts of Light Rail Transits on urban land use.

2.2. Modeling Land Use Changes by Artificial Neural Network Cellular Automata

The simulation and prediction of multiple land use changes are tough tasks given the complex
non-linear relationships of land use conversion. To deal with this problem, Li and Yeh [50] proposed
an artificial neural network cellular automaton (ANN-CA) model, which is an iterative integration
of artificial neural network and CA. At each iteration, CA will simulate spatial dynamics of land use
based on the land use conversion probabilities generated by the network. Since ANN-CA is a useful
tool for modeling multiple land use changes [50], it is selected in our study to simulate and predict
the spatio-temporal changes of industrial development, commercial and residential development,
and rural development.

In general, an ANN consists of three layers, namely input, hidden, and output layers. The first
layer contains m neurons that respectively represent m different spatial variables related to urban land
use dynamics. The number of neurons in the hidden layer could be set as 2m/3 [50], while the output
layer has n neurons. Each output neuron provides a conversion probability corresponding to one land
use type. The network can be trained based on the well-known back propagation learning method [57].
The detailed procedures are introduced as follows [50]:

First, a study area should be represented by a two-dimensional matrix since CA are cell-based
models. Each cell (i.e., matrix element) has m attribute values corresponding to m spatial variables.
These site attributes, which will serve as the inputs to the first layer of an ANN, determine the direction
of land use conversion. They can be formulated as follows:
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X(k, t) = [x1(k, t), x2(k, t), . . . , xm(k, t)]T (2)

where xi(k, t) is the ith attribute value for cell k at time t, and T denotes transposition.
Then, the signals received by the hidden layer can be calculated by using the following equation:

netj(k, t) = ∑ iwi,jxi(k, t) (3)

where netj(k, t) is the signal transmitted from cell k at time t to the hidden layer’s jth neuron, and wi,j
is the parameter between the input and hidden layers. The hidden layer will subsequently make
responses by using a sigmoidal function:

1

1 + e−netj(k,t)
(4)

These responses will be delivered to the output layer as the land use conversion probabilities:

p(k, t, l) = ∑ jwj,l
1

1 + e−netj(k,t)
(5)

where p(k, t, l) is the conversion probability from the current land use type to type l for cell k at time t,
and wj,l is the parameter between the hidden and output layers.

In addition, stochastic perturbation factor and geographical constraints should also be considered
for achieving a more realistic modeling result [58]. Therefore, the above equation can be updated to a
stochastic one:

p(k, t, l) =
(
1 + (− ln γ)α)× ∑ jwj,l

1

1 + e−netj(k,t)
× conk (6)

where γ is a random number ranging from 0 to 1, α is used to control the degree of randomness,
and conk is a constraint value for cell k (e.g., the cells belonging to water bodies will remain unchanged).

The direction of land use conversion will be determined by using the following equation since
each cell can only be converted to one certain land use type at a time:

pmax(k, t, q) = max[p(k, t, l)] (7)

where pmax(k, t, q) is the maximum conversion probability, and q is the corresponding land use type.
In general, only a small proportion of cells will change over a short period. Since CA model

involves many iterations to determine if a cell should be converted or not, a threshold ranging from
0 to 1 can be used to control the rate of conversion so that the cells will change step by step. If the
maximum conversion probability is less than the threshold, the cell will remain unchanged [50,59,60].
This procedure is represented as follows:

St+1
k =

{
q, pmax(k, t, q) > pthreshold
St

k, pmax(k, t, q) ≤ pthreshold
(8)

where St
k denotes the land use type of cell k at time t, St+1

k denotes the type of cell k at time (t + 1),
and pthreshold is a threshold value determined by the total number of urbanized cells derived from the
last observed remote sensing images.

Lastly, confusion matrix and figure of merit (FoM) are used to evaluate the performance of the
models. FoM, which focuses on the changes rather than all the cells, can be calculated by using the
following equation [61]:

Figure o f merit = B/(A + B + C + D)× 100% (9)
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where A is the error caused by observed change simulated as persistence, B is the agreement brought
about by observed change simulated as change, C is the error caused by observed change simulated as
incorrect gaining category, and D is the error caused by observed persistence simulated as change.

3. Results

3.1. Study Area and Data

Dongguan is one of the biggest manufacturing bases in China (see Figure 2). This region consists
of 4 districts and 28 towns with a total area of about 2465 km2. Although the rapid pace of urbanization
in Dongguan has slowed down, it still suffers from a number of “side effects”, such as overpopulation
and poor transport accessibility. To alleviate these problems, the People’s Government of Dongguan
Municipality decided to build LRTs around 2008. Therefore, it has become an urgent task to assess,
simulate, and predict the consequent spatio-temporal dynamics of urban land use.
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Land cover is one of the most important data used to demonstrate the effects of land use changes,
especially human activities [62]. Production of land use maps can be done by using different methods
on satellite images. Some studies have produced land cover maps of the controlled classification
technique over Landsat satellite imagery [63,64]. By using land cover maps, the changes in urban
development and green areas over time could be evaluated [65]. In this study, we obtained time
series of SPOT images in 2006, 2008, 2011, 2013, as well as the blueprints of two LRTs (Line R2
and R1) in Dongguan. Since neither of them has been put into operation when this study began,
the three time intervals, 2006–2008, 2008–2011, 2011–2013, respectively correspond to the pre-planning,
planning, and construction stages of the LRTs [18,23]. In other words, this study focuses only on
the land use changes for these three stages. We visually interpreted all the SPOT images, and then
double-checked the results based on Quickbird images and field investigation. The final results include
five categories: industrial development, commercial and residential development, rural development,
water body, and other land use types. Water bodies are assumed to be constant during the simulation
and prediction procedures [66–68]. In addition, all the results were resampled to a spatial resolution of
28.5 m for saving computational cost.

3.2. Assessing the Impacts of Line R2 on Its Surrounding Urban Land Use

We built a two-sided multi-ring buffer at the interval of 0.5 km for LRT to assess its impacts on
surrounding urban land use. The results presented in Figures 3 and 4 indicate that the LRT mainly
exerted substantial impacts within the first three or four buffers (i.e., 0–1.5/2 km). The values of “K”
(see Equation (1) for the definition) for “0–2 km buffer” and “2–5 km buffer” are quite close at first
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(during 2006–2008). However, these values become significantly different after the planning of the LRT
project. In other words, “K” will become irregular when the buffer size is greater than 1.5/2 km during
2008–2013. Therefore, we just concentrated on the land use changes within the 2 km buffer.

Sustainability 2018, 10, x FOR PEER REVIEW    6 of 16 

(see Equation (1) for the definition) for “0–2 km buffer” and “2–5 km buffer” are quite close at first 

(during 2006–2008). However, these values become significantly different after the planning of the 

LRT project. In other words, “K” will become irregular when the buffer size is greater than 1.5/2 km 

during 2008–2013. Therefore, we just concentrated on the land use changes within the 2 km buffer.   

 

Figure 3. Land use change rate within different buffers over different periods. 

 

Figure 4. Comparison of land use change rate between “0–2 km buffer” and “2–5 km buffer”. 

Figure 3. Land use change rate within different buffers over different periods.

Sustainability 2018, 10, x FOR PEER REVIEW    6 of 16 

(see Equation (1) for the definition) for “0–2 km buffer” and “2–5 km buffer” are quite close at first 

(during 2006–2008). However, these values become significantly different after the planning of the 

LRT project. In other words, “K” will become irregular when the buffer size is greater than 1.5/2 km 

during 2008–2013. Therefore, we just concentrated on the land use changes within the 2 km buffer.   

 

Figure 3. Land use change rate within different buffers over different periods. 

 

Figure 4. Comparison of land use change rate between “0–2 km buffer” and “2–5 km buffer”. 
Figure 4. Comparison of land use change rate between “0–2 km buffer” and “2–5 km buffer”.



Sustainability 2018, 10, 1293 7 of 16

The land use transition matrices at different time intervals are summarized in Table 1. It is
found that all three urban land use types changed relatively slightly before the proposition of the line.
However, a large amount of industrial development and rural development has been converted to
commercial and residential development during the planning stage of R2. Therefore, the area of
commercial and residential development exhibited an obvious upward trend. The results indicate that
the impacts of LRT investment on urban land use will vary considerably over time. It is unreasonable
if we predict potential land use changes associated with a newly planned line simply based on the
change trend during the pre-planning stage.

Table 1. Land use transition matrices within a 2 km buffer of Line R2 (in km2).

Land Use Type
2008 (Observed)

ID CRD RD OLU Total

2006 (Observed)

ID 46.91 0.27 0.11 0.43 47.72
CRD 0.42 27.58 0.10 0.57 28.66
RD 0.34 1.89 19.47 0.22 21.91

OLU 5.04 3.79 0.25 96.97 106.06
Total 52.70 33.52 19.93 98.19 204.34

2011 (Observed)

2008 (Observed)

ID 32.67 10.99 0.39 8.65 52.70
CRD 1.83 23.42 0.58 7.70 33.52
RD 0.85 11.92 4.98 2.18 19.93

OLU 8.38 7.32 0.95 81.54 98.19
Total 43.73 53.64 6.90 100.07 204.34

2013 (Observed)

2011 (Observed)

ID 38.68 0.68 0.17 4.20 43.73
CRD 0.21 49.98 0.08 3.37 53.64
RD 0.10 0.56 5.62 0.62 6.90

OLU 1.96 3.27 0.17 94.67 100.07
Total 40.95 54.48 6.04 102.86 204.34

Notes (the same below): ID denotes industrial development, CRD denotes commercial and residential development,
RD denotes rural development, and OLU denotes other land use types.

More importantly, we can conclude from Figure 5 that the urban land use changes observed in
the whole city were much steadier than the changes within the buffer. In other words, the irregular
land use changes within the buffer were mainly driven by the development of LRT since Dongguan
was already in a stable period of urbanization. Therefore, the land use change information at the city
level cannot be used to predict potential impacts of LRT, either.
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3.3. Simulating the Spatial Impacts of Line R2 on Its Surrounding Urban Land Use

The spatial impacts of Line R2 on its surrounding urban land use during the planning stage can
be simulated by the well-known ANN-CA. This model was calibrated based on the observed land use
maps in 2008 and 2011. The changes in urban development over time can be evaluated by using these
land use maps. Since land use change is mainly due to human activities and natural factors, twelve
spatial variables (normalized into the range [0, 1]) were adopted in light of previous studies [41,50,69].
A detailed description of them is provided in Table 2. In this study, multinomial logistic regression
was employed to analyze the influences and relative importance of these different spatial variables.
We adopted the Statistical Package for the Social Sciences (IBM SPSS version 23, Armonk, NY, USA)
package for performing the regression. The estimated weights and associated statistics for the variables
are displayed in Table S1 (see Supplementary Materials). A positive (or negative) weight means that
the variable positively (or negatively) correlates with the land use conversion probability. For example,
the conversion probability to CRD will increase as the distance from the cell to the nearest LRT station
decreases. By contrast, the conversion probability to RD will decrease in this situation. A higher
weight generally implies a stronger influence. Besides, the p-values for these weights are almost all
less than 0.05, which indicates that this analysis is statistically significant at the 5% level, and these
spatial variables could well explain the urban land use changes in this study. It should also be noted
that the following procedures are the same if other variables are used.

Table 2. Spatial variables used for simulating and predicting urban land use changes.

Spatial Variable Acquisition Method

Distance from a cell to the city center

Euclidean Distance function in ArcGIS

Distance from a cell to the nearest town center
Distance from a cell to the nearest LRT station
Distance from a cell to the nearest highway
Distance from a cell to the nearest railway
Distance from a cell to the nearest road

Area of industrial development within a cell’s 3 × 3 Moore neighborhood

Focal Statistics function in ArcGISArea of commercial and residential development within a cell’s 3 × 3
Moore neighborhood

Area of rural development within a cell’s 3 × 3 Moore neighborhood

Area of other land use types within a cell’s 3 × 3 Moore neighborhood

Current land use type Remote sensing image classification
Slope Derived from DEM

Moreover, we analyzed the land use’s proportional changes that would result from a one
percent increase in each independent variable mentioned above, while other variables were held
constant [70,71]. These results (response elasticities) shown in Table 3 could reflect how land use
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would respond to the changes in different variables. We found that the “Distance from a cell to the
nearest LRT station” is the most influential spatial variable that drives urban land use changes in the
study area. The change of this distance could substantially alter the land use proportions. For example,
the area of CRD will decrease by about 1.51% when this distance increases by 1% (with response
elasticity greater than 1). In addition, the distances to the socioeconomic centers and roadways
have negative influences on the area of CRD. The most probable reason for this phenomenon is that
those regions closer to the socioeconomic centers and roadways could offer more opportunities for
employment and residence. On the contrary, the areas of ID and RD generally increase with the
distances to the socioeconomic centers and roadways. The former is more responsive to “Distance to
the nearest road”, while the latter is more responsive to “Distance to the nearest town center”. Lastly,
we found that “Slope” exerts a negative influence on the areas of ID, CRD, and RD since steeper
regions are usually unsuitable for any land use development. Based on the valuable information above,
we can build the land use models in the next step.

Table 3. Relative responsiveness of land use changes to different spatial variables.

City Center Town Center LRT Station Highway Railway Road Slope

ID 0.40% 0.17% 0.42% 0.19% 0.38% −1.15% −0.58%
CRD −0.69% −1.28% −1.51% −0.35% −0.20% −0.61% −0.33%
RD 0.64% 1.20% 1.28% −0.32% 0.72% 0.56% −0.24%

OLU 0.11% 0.51% 0.50% 0.16% −0.18% 0.90% 0.54%

In this study, the input layer of the network has twelve neurons that represent twelve spatial
variables mentioned above. The hidden layer includes eight neurons, while four neurons are used
in the output layer to represent four land use types. Each output neuron provides a conversion
probability corresponding to one land use type. We used proportional stratified sampling method
to separately select 8000 training and 4000 testing samples from the land use maps. Each sample
contains a cell’s several attribute values (as listed in Table 2), and its final land use state. The former
and the latter will serve as independent and dependent variables, respectively. Therefore, the training
objective is to correctly predict the cell’s land use change (i.e., from initial to final land use state) based
on the attribute values [50]. 30.21% of the cells changed over the calibration period. Then, the training
samples were input into the MATLAB platform for training the ANN-CA, whereas the testing samples
were used to check whether the model is overfitted or not. The training parameters in this study were
decided through an empirical method, that is, we manually tuned the parameters until acceptable
results were obtained. As a result, the learning rate, training epoch, and training goal were set as 0.01,
5000, 0.01, respectively. Finally, the training and testing accuracies are 77.59% and 74.18%.

After training the ANN-CA model, we can simulate the spatial dynamics of urban land use
around Line R2 from 2008 to 2011. The simulation result was compared with the observed land use
map to evaluate the performance of the model. As shown in Figure 6, the spatial patterns of the
two maps are quite similar. In addition, confusion matrix and FoM (figure of merit) were employed
to further quantify the simulation accuracy. Tables 4 and 5 present the corresponding confusion
matrix and the proportion of different urban land use types within the buffer. Similarly, industrial
development and rural development substantially became commercial and residential development
in the simulation result. The overall accuracy and FoM value are 72.55% and 31.62% respectively.
All these results have demonstrated that the spatial land use changes influenced by LRT development
can be well simulated by the calibrated ANN-CA. This model is reliable enough for prediction.
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Figure 6. Simulation of urban land use changes within a 2 km buffer of Line R2: (a) observed in 2008;
(b) observed in 2011; and (c) simulated in 2011.

Table 4. Confusion matrix for simulating urban land use changes within a 2 km buffer of Line R2 (in km2).

Land Use Type
2011 (Simulated)

ID CRD RD OLU Total Omission Error

2011 (Observed)

ID 31.81 3.98 0.96 6.97 43.73 27.26%
CRD 5.61 36.73 4.64 6.66 53.64 31.52%
RD 0.48 1.22 4.25 0.95 6.90 38.41%

OLU 10.08 11.88 2.64 75.45 100.07 24.60%
Total 47.98 53.82 12.50 90.04 204.34

Commission Error 33.70% 31.75% 66.00% 16.20%

Table 5. Proportion of different urban land use types within a 2 km buffer of Line R2 in 2008 and 2011.

Land Use Type
2008 (Observed) 2011 (Observed) 2011 (Simulated)

Area/km2 Percent/% Area/km2 Percent/% Area/km2 Percent/%

Industrial development 52.70 25.79 43.73 21.40 47.98 23.48

Commercial and
residential development 33.52 16.41 53.64 26.25 53.82 26.34

Rural development 19.93 9.75 6.90 3.38 12.50 6.12

Other land use 98.19 48.05 100.07 48.97 90.04 44.06

3.4. Predicting the Potential Impacts of Line R1 on Its Surrounding Urban Land Use

In this study, Line R1 is assumed to be a newly planned line. There are two methods that can
be used to predict the potential impacts of R1 on its surrounding urban land use. The first one,
which we call “CALRT”, builds on the above calibrated ANN-CA. The other one is a traditional way
for LUCC prediction by continuing the preceding change trend of R1 itself (CATraditional hereafter).
Specifically, the spatial dynamics of land use from 2008 to 2011 were predicted according to the change
information during 2006–2008. The model training procedures are the same as those described in the
above subsection. Figure 7 displays a visual comparison between the two prediction results, Table 6
presents the corresponding confusion matrices, and Table 7 shows the proportion of different urban
land use types within the buffer.
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Figure 7. Prediction of urban land use changes within a 2 km buffer of Line R1: (a) observed in 2008;
(b) observed in 2011; (c) predicted by CALRT in 2011; and (d) predicted by CATraditional in 2011.

Table 6. Confusion matrices for predicting urban land use changes within a 2 km buffer of Line R1 (in km2).

Land Use Type
2011 (Observed)

ID CRD RD OLU Total Commission Error

2011 (Predicted by
CALRT)

ID 28.52 4.04 0.84 16.54 49.93 42.88%
CRD 4.97 26.07 1.10 13.47 45.61 42.84%
RD 0.92 4.77 3.72 3.03 12.44 70.10%

OLU 12.30 10.21 2.47 109.63 134.61 18.56%

Total 46.71 45.09 8.13 142.67 242.60

Omission Error 38.94% 42.18% 54.24% 23.16%

2011 (Predicted by
CATraditional)

ID 28.23 9.80 0.77 18.56 57.37 50.79%
CRD 5.72 24.86 2.62 12.12 45.32 45.15%
RD 1.54 4.17 3.27 5.66 14.63 77.65%

OLU 11.21 6.26 1.47 106.34 125.28 15.12%

Total 46.71 45.09 8.13 142.67 242.60

Omission Error 39.56% 44.87% 59.78% 25.46%

Table 7. Proportion of different urban land use types within a 2 km buffer of Line R1 in 2008 and 2011.

Land Use Type
2008 (Observed) 2011 (Observed) 2011 (Predicted by

CALRT)
2011 (Predicted by

CATraditional)

Area/km2 Percent/% Area/km2 Percent/% Area/km2 Percent/% Area/km2 Percent/%

Industrial
development 55.52 22.89 46.71 19.25 49.93 20.58 57.37 23.65

Commercial and
residential

development
25.21 10.39 45.09 18.59 45.61 18.80 45.32 18.68

Rural
development 18.98 7.83 8.13 3.35 12.44 5.13 14.63 6.03

Other land use 142.88 58.89 142.67 58.81 134.61 55.49 125.28 51.64

The cell-based overall accuracies for CALRT and CATraditional are 69.23% and 67.06%, while their
FoM are 17.79% and 15.07%. In addition to spatial dynamics, it is found that the quantitative change
trend during the planning stage of R1 can also be well predicted by CALRT. With respect to the
prediction result by CATraditional, however, the area of industrial development slightly increased, which
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is contrary to the observed pattern. All these comparisons indicate that our proposed method is more
suitable than the traditional method as the former can take the information about the LRT project
into consideration.

4. Discussion

The relative responsiveness values of urban land use changes to different independent variables
are important in future LRT project identification and land use optimization. Policy-makers need to
thoroughly understand how different land uses would change (both spatially and quantitatively) after
the planning of LRT projects [72,73]. For example, when a local government decides to construct new
LRTs in the near future, our proposed method (CALRT) could be employed to pick out some feasible
routes through a pre-assessment of different alternatives. In addition, if policy-makers would like to
maintain a sustainable intensity of land use and a balanced distribution of development and population,
then the relative responsiveness values should be even more carefully taken into consideration during
the planning stage. This valuable information could assist policy-makers in balancing the needs
and interests of LRT projects appropriately. For example, LRT projects could be constructed in
under-developed or less accessible regions to promote urban and economic development since a
shorter distance to LRT stations will generally lead to an increase of the CRD area. By contrast,
improving traffic efficiency is the primary purpose of LRT projects in some over-concentrated
commercial districts. In this situation, LRT stations could be placed at a certain walking distance
from those regions. A collaborative decision-making is still necessary for fashioning the final LRT
plans. Compared with the traditional LUCC prediction method (i.e., CATraditional), CALRT may be
much more helpful under a changing environment. Besides, urban planners or policy-makers may
not only care about a land use model’s cell-based accuracy, but also want to gain more knowledge
from previous planning and development experiences through the model. These advantages of
CALRT are fundamental to city development since previous studies have indicated that a reasonable
transportation network could not only improve transport accessibility, but also contribute to land use
reallocation, urban renewal, etc. [73,74]. On the contrary, the investment in LRTs may contribute little
to urban development or transport accessibility if the routes are not properly arranged.

In this study, the proposed method was applied to a specific problem and specific region, but it
has the potential to be expanded into a broader scale in future studies since these phenomena are not
uncommon throughout the world. For example, a city’s potential land use dynamics may be predicted
based on the experience from other cities with similar land use change patterns. To do so, we should
first analyze the various factors that contribute to land use changes in that case (e.g., how do these
factors influence land use changes). If these different regions share similar change patterns, then the
proposed method could be applied to the project settings (e.g., model parameter estimation) as well
as land use prediction. Although the proposed method shows promise in urban and transportation
planning, some aspects still need to be strengthened and explored in the future given the complex
relationships between land use and transportation. For example, we should test the effectiveness
of our method over different planning stages. Although the two regions in this study share similar
land use change pattern, we may need to measure the similarity between different regions/periods in
future studies. Besides, Line R1 is assumed to be a newly planned line in this study. We need to test
whether our method still works well on truly new lines. In addition, this study only demonstrates
that the experiences of LRT impacts can be reused by other lines within the same city (Dongguan).
It would also be interesting to see whether those experiences can be generalized for other regions.

5. Conclusions

The emergence of LRTs will inevitably exert great impacts on sustainable urban development,
both spatially and quantitatively. It is important to assess, simulate, and particularly predict the
potential land use changes if policy-makers decide to build a new line. By analyzing the first LRT
of Dongguan (Line R2), this study indicates that such impacts will vary substantially at different
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stages of the line. For example, the area of commercial and residential development increased during
the planning stage, whereas the area of industrial development, and rural development decreased
at the same time. By contrast, the urban land use just slightly changed before the proposition of
the line. What’s worse, the urban land use changes within the buffer were much more irregular than
the changes observed in the whole city. These phenomena pose great problems for land use change
prediction since most previous studies assumed that present trends and dynamics of land use change
will continue into the future.

To deal with the challenges, our study suggests applying the experiences from Line R2 to the
analysis of Line R1 (another LRT in Dongguan) with the help of an ANN-CA model. We first simulated
the spatial land use changes within a buffer of R2 from 2008 to 2011 (the planning stage of R2).
More importantly, the impacts of R1 on its surrounding urban land use during the same stage were
predicted by using two methods. The first one is called CALRT, which takes full advantage of the
above land use change information from R2. The other one, CATraditional, is a classical way for LUCC
prediction by continuing the preceding change trend of R1 itself. The experiments have demonstrated
that our method (CALRT) is more suitable than CATraditional in terms of both visual and quantitative
comparisons. For example, the cell-based overall accuracies of the two prediction results are 69.23%
and 67.06%, respectively. Compared with CATraditional, the prediction result by CALRT is more close to
the observed pattern. The main reason is that the information about the LRT projects can be reasonably
considered in CALRT. Our method is expected to provide technical support for sustainable urban and
transportation planning.

Supplementary Materials: The following are available online at http://www.mdpi.com/2071-1050/10/4/1293/
s1, Table S1: The estimated weights and associated statistics for different spatial variables.
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