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Abstract

:

The accurate prediction of urban growth is pivotal for managing urbanization, especially in fast-urbanizing countries. For this purpose, cellular automata-based (CA) simulation tools have been widely developed and applied. Previous studies have extensively discussed various model building and calibration techniques to improve simulation performance. However, it has been a common practice that the simulation is conducted at and only at the spatial extent where the results are needed, while as we know, urban development in one place can also be influenced by the situations in the broader contexts. To tackle this gap, in this paper, the impact of the simulation of spatial extent on simulation performance is tested and discussed. We used five villages at the rural–urban fringe in Chengdu, China as the case study. Urban growth CA models are built and trained at the spatial extent of the village and the whole city. Comparisons between the simulation results and the actual urban growth in the study area from 2005 to 2015 show that the accuracy of the city model was 7.33% higher than the village model and the latter had more errors in simulating the growth of small clusters. Our experiment suggests that, at least in some cases, urban growth modeling at a larger spatial extent can yield better results than merely modeling the area of interest, and the impacts of the spatial extent of simulation should be considered by modelers.
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1. Introduction


It is important to study land use changes in the rural–urban fringe to understand the location of the transition area between urban and non-urban land use types [1,2]. This is also an area with prominent conflicts between farmland protection and urban expansion [3,4]. Among the many approaches and methods used to study this issue, the simulation method, especially the cellular automata (CA) model has attracted the attention of many scholars [5,6,7]. The CA model has gained widespread application in the simulation of land use dynamics for its ability to integrate the spatial and temporal dimensions [8]. In CA models, past land use changes are used to project future changes and provide guidance for land use management in urbanization [9]. To enhance the performance of CA, researchers have conducted vast research to calibrate and optimize the models [10,11,12].



Attempts have been made in the application of CA models to provide support for urban planning decision making. White and Engelen [13] developed a planning support system by integrating constrained CA (socio-economic constraints) and Geographic Information System. Wu [14] developed an MCE-CA (multi-criteria evaluation) model that is capable of simulating various development scenarios by adjusting multi-dimensional and multi-level influencing factors, and applied it to Guangzhou City. Clarke and Gaydos [15] added an “exclusive layer” to their SLEUTH model to simulate growth control in planning and applied the model to Washington–Baltimore. Yeh and Li [16] proposed a PCA-CA (principal component analysis) model and simulated the land use prospects of Dongguan City guided by five different planning goals. They also proposed an urban density CA model to examine the urban developments of Dongguan under various density control schemes. Zhao and Murayama [17] considered zoning factors in their Tokyo metropolitan urban growth model. However, as reflected by the names of these models, existing research has mainly focused on the design of transition rules and the calibration of model parameters, while the spatial extent of simulation is much ignored.



In fact, spatial extent is one of the essential factors in land use change simulation, and plays an important role in the management of land resources. The understanding of land use change could vary when examining a small piece of land and examining it as part of a much larger region. Attention has been paid to analyzing the land use changes at different spatial extents [18]. Many studies have focused on identifying the driving factors of urban growth at different scales. The appropriate spatial scale not only helps to assess the urban growth accurately but also contributes to reflecting the demands of the people and the directions of urban development [19]. Therefore, discussion of the impact of different spatial extents on the understanding and simulation of urban growth is quite necessary for the management of land resources [20].



To tackle this gap, in this paper, the impact of the spatial extent of a simulation on the modeling performance is tested and discussed. We used five villages in Chengdu, China, as the case study. The urban growth CA models were built and trained at the spatial extents of the villages themselves and Chengdu, where these villages are located. Chengdu is a major city in southwest China and is in a period of rapid urban expansion. Studies on land use changes in Chengdu at different scales are necessary for city planning and sustainable land use management [21]. In this study, the Markov–CA method was used. The accuracy of the two models at different spatial extents is compared and discussed.




2. Materials and Methods


2.1. Study Area


The study was carried out on the rural–urban fringe of Chengdu, which is located in Sichuan province, southwestern China (Figure 1). The area of the city is 12,121 km2, with a population of 14,657,500 inhabitants [22]. The study area is located in Pitong Town, a rural–urban fringe area in the city, and includes five villages named Zhongxing, Liyuan, Hongshi, Boluo, and Fulong. These five villages together have an area of approximately 6.35 km2 and a population of 17,969 inhabitants. Chengdu Plain is the largest plain in southwest China, characterized by a dense river network, fertile soil, and a long farming history, which makes it one of the major agricultural areas of commodity grain and oil production in the country. The city is facing rapid urban expansion driven by the development strategy for western China. The urbanization rate increased from 33.3% in 2005 to 47.7% in 2015, and the rural population decreased by 13.4 million during this period [23]. In the context of rapid urbanization, farmlands, wastelands, and forest areas have been reducing at an alarming rate to meet the growing need for urban land. Therefore, Pitong Town exemplifies fast urbanization and the conflicts in rural–urban fringe zones. Moreover, it also represents the common issues faced by developing countries experiencing urban expansion. Considering all these conditions, we selected this area as the case study to examine the impacts of spatial extent when simulating urban growth.




2.2. Data and Methodology


2.2.1. Data


The land use data were obtained from the classification of the Thematic Mapper satellite images for December 2005, November 2010, December 2012, and December 2015. Based on the quality of the images and the IDRISI 17.0 precision test, the raster grid cell was set as 10 m × 10 m. A grid in the images was equal to a cell in the CA model, with the land use type as the state of the cell. The land use types include farmland, wasteland, natural water, forest, and built-up areas. Farmlands and wastelands were aggregated as a “non-urban” land use type, while natural waters and forests were classified as a restricted area, as no development is allowed according to regulations. The transition matrices of the land use types were calculated for three periods, i.e., 2005–2010, 2005–2012, and 2010–2012.




2.2.2. Model Framework


The Markov–CA model was used as the modeling method in this study. The land use data for 2005, 2010, and 2012 were used to calibrate the models of different spatial extents, while the data for 2015 were used to compare the simulation accuracy of the calibrated models. Two models were developed, at the city scale for Chengdu as a whole and at the village scale for the study area only. The simulation results for the two simulated spatial extents were then compared and discussed.



The driving factors of the land use changes considered in this study include: (1) variables representing the proximity to various types of centers, i.e., the distance to the city center   (  d  city   )  , the town center   (  d  town   )  , and the rail station   (  d  stations   )  ; (2) variables representing the proximity to the transportation networks, including the distance to main roads   (  d  road   )  , railways   (  d  railways   )  , and highways   (  d  highways   )  ; and (3) the distances to rivers   (  d  rivers   )   and constructed land     (  d  constructions   )  . The slope is not considered because the advances in construction and farming techniques have reduced the impact of land slope on the efficiency of land use. The Markov transition matrices were evaluated at both the spatial extents of the city and the village. The simulation results for the urban growth until 2015 were compared between the two models.




2.2.3. Model Calibration


The amount of land use conversion in each period was calculated using the Markov transition matrix, which compares the previous and present land use patterns [24]. The transition matrix shows the conversion between each land use type in different time periods [25]. The amount of change was then distributed to individual land cells in the next step.



The allocation of land use changes was based on the calculation of the conversion potential scores of the cells, which were assessed by multi-criteria evaluation (MCE) [26]. In the MCE, the effects of all influencing factors are combined using the weighted linear method. The conversion potential score was calculated for each land cell (10 m × 10 m). The potential for cell i to be allocated with a particular land use type (   S o   ) can be calculated as follows [27]:


       S    oi   =   ∑   t = 1  n   F  ti    W t   



(1)




where n is the number of cells in the defined neighborhood;    F  ti     is the potential of factor t being normalized to 0 to 255 by the fuzzy clustering module; and    W t    denotes the weight of factor t. The weights were decided by the conversion from the cells in the existing data (Table 1) [28].



The simulation then increases or decreases the amount of each land use according to the potential score. In other words, if the cell has a score of 255 (the highest probability of becoming an integral unit) and a lower score for a non-established cell, then the cell will be converted to the established cell at the next stage. High-potential cells are sequentially converted until the total amount of land conversion decided in the previous step is reached. Besides the factor weight, the selection of a proper neighborhood configuration is also necessary for an accurate simulation. Five neighborhood configurations were tested in this study: 3 × 3, 4 × 4, 5 × 5, 6 × 6, 7 × 7, 8 × 8, 9 × 9, and 10 × 10.



The Kappa consistency coefficient was applied to quantify the similarity between the actual land use changes and the simulation results. In this study, the Cramer’s V correlation coefficient was used to measure the Kappa consistency. By overlapping the land use graphs and Cramer’s V correlation analysis, this method quantifies the degree of matching between the actual land use changes and the simulated results from two spatial extents [27]:


  V =      x 2    N  (  min  (  m , n  )  − 1  )       



(2)




in which    x 2    is derived from chi-square analysis; N is the total number of cells in the map; m and n are the numbers of categories i and j, respectively.






3. Results


3.1. Amount of Land Use Change according to the Markov Model


Table 2 shows the Markov transition matrices derived from the spatial extents of the city and the villages for the period between 2012 and 2015, which was assumed to be the same as the transitions from 2005 to 2012.



Table 2 shows that the urban land increased prominently in the study period and the non-urban land was the main source of land conversion in both the city and the villages. Besides, the area of water bodies reduced in both the city and the villages. There were also several differences in land use changes at the two spatial extents. The non-urban land increased at the city level but decreased at the village level. The urban land was the main direction of change for non-urban land, accounting for 29.62% at the city level and 0.55% at the village scale. These changes can be attributed to the land consolidation of hollow villages, which aimed to promote the re-use of abandoned land in Chengdu. Another related trend was the reclamation of industrial and mining wastelands, promoted by Sichuan province since 2014. Since the land reclamation was balanced at the city level, 14.77% of the forest land was converted to non-urban areas, while no such change at the village scale was observed.



The actual extent of land use changes was obtained by multiplying the probabilities in the transition matrix with the number of cells of the corresponding land use type in 2012. The development probability of a cell in a certain direction was estimated using the Markov module (Figure 2). The probability of non-urban land being converted into urban land seemed higher when estimated at the village level than at the city level. The cells with relatively higher conversion probability were concentrated at the rural–urban fringe, where the development is rapid.




3.2. Simulated Spatial Distribution according to the CA Model


The driving factors were measured using a raster database. The values were standardized to 0–255 by the fuzzy module (Figure 3). These maps were then combined to generate weighted conversion potential estimates, which were utilized in the two CA models to allocate the land use conversion. At this stage, the different neighborhood configurations were compared. The models were run with one of the five neighborhood configurations each time, and the Kappa values of the simulation results were compared (Table 3). The neighborhood configuration of 6 × was selected, considering both the performance of the village and the city model.




3.3. Comparing the Model Performance at the Two Spatial Extents


The calibrated Markov–CA models were then applied to simulate the land use changes until 2015 and compared (Figure 3). Significant differences were observed in the results of the two models. Both models predicted a continuous decrease in the non-urban land and forest area and an increase in urban land. The actual area of development in the study area was 0.72 km2 between 2005 and 2015 based on the land use data for the two years (Figure 3a). The predicted area of development was 0.80 and 0.86 km2 in the city model and the village model, respectively. Therefore, in terms of the total amount of urban expansion, the city model produced a better result.



The accuracy in the spatial distribution of the land use changes was verified by overlapping the actual changes with the simulated changes between 2005 and 2015 (Figure 4). The hotspot of urban growth in this rural–urban fringe area was in the south, close to the city center of Chengdu. It turns out that the accuracy of the results produced by the city model was 7.33% higher than that of the village model (Figure 5). Therefore, the simulation at the city extent produced more accurate predictions in terms of both the total area of urbanization and the location of changes.





4. Discussion


There are several reasons that may explain the differences between the simulation results at the different spatial extents. The first reason is related to the tight connection between life and the economy at the rural–urban fringe and the city center. Surveys have found that people living at the rural–urban fringe mainly rely on the city to make a living, as well as for the provision of supporting facilities [29]. Correspondingly, the function of the town centers is gradually weakened [30]. Therefore, taking the whole city area into consideration helps produce better predictions. Secondly, the changing trends in land demand at the rural–urban fringe may also affect the performance of the simulations. Most residents of the rural–urban fringe in Sichuan province are migrant workers, many of whom leave behind abandoned residential areas. This leads to a phenomenon commonly known as the ‘hollowing village’ [31,32,33]. The provincial government began to promote land reclamation in hollowing villages from 2008, and the Pi district was designated as a showcase area [34]. As a result, many small settlements were restored to arable land.



However, with the rapid economic development in Sichuan province, the number of migrant workers gradually increased after 2012 [35]. The demand for rural construction land gradually increased in the rural–urban fringe zone of Chengdu, and the decline of small settlements was not obvious after this time [36]. Due to the large base area of Chengdu, the urban land was not significantly restored to arable land. Therefore, the accuracy of the simulation using the smaller spatial scale was reduced.



The findings of this research are also limited in several ways. Firstly, as mentioned in the introduction, numerous approaches to developing transition rules have been put forward throughout the development of the CA models. This study adopted the Markov-CA approach, and was therefore subject to further examination regarding whether the findings could also apply to CA models with other transition rules such as MCE-CA and PCA-CA. Besides, only two spatial extents were tested and compared in our work. Building on our results, it would also be interesting to examine the simulation results at more spatial extents such as the county level, the province level, etc.




5. Conclusions


This study demonstrated that the simulation accuracy of land use changes was higher when conducted at a larger spatial extent, in this case, at the city level compared with the village level. Both the total amount of land use change and the spatial distribution of the changes better matched reality. The simulation at the larger extent took greater consideration of the consistency of the overall development.



Land use change in rural–urban fringe areas is a key aspect in the development of a city. This finding is useful for urban planners and policymakers developing urban models that evaluate the directions of development and make land management decisions. Nonetheless, the study was limited, since only the case of Chengdu was used, which may not represent the situation in other cities and regions around the world. Studies of more cities and regions with different socio-economic characteristics are needed in the future.
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Figure 1. Location of Chengdu and the study area. 
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Figure 2. Markov conditional probability of the urban type: left villages and right Chengdu. 
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Figure 3. Comparison between the actual (a) and the simulated growth (b,c) from 2005 to 2015, (b) Simulation results of the village model, (c) Simulation results of the city model. 
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Figure 4. Comparison of the actual land use changes 2005–2015 and the simulated changes in (a) the city model and (b) the village model. 
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Figure 5. Comparison of the ratios of the four types of land in reality and simulation. 
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Table 1. The weight of the driving factor.
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	       d  city      
	       d   town       
	       d   stations       
	       d   road       
	       d   railways       
	       d   highways       
	       d   rivers       
	       d   constructions       





	0.229
	0.168
	0.194
	0.285
	−0.117
	−0.094
	0.186
	0.151
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Table 2. Markov transition matrices for the period of 2012–2015.
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Land Use

	
Transition Matrix at the City Level

	
Transition Matrix at the Village Level




	
Forest

	
Non-Urban

	
Urban

	
Water

	
Forest

	
Non-Urban

	
Urban

	
Water






	
Forest

	
0.747

	
0.209

	
0.037

	
0.007

	
1.000

	
0.000

	
0.000

	
0.000




	
Non-urban

	
0.148

	
0.461

	
0.351

	
0.040

	
0.000

	
0.901

	
0.099

	
0.000




	
Urban

	
0.036

	
0.364

	
0.580

	
0.020

	
0.000

	
0.005

	
0.995

	
0.000




	
Water

	
0.024

	
0.193

	
0.109

	
0.674

	
0.000

	
0.000

	
0.030

	
0.971
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Table 3. The neighborhood configurations with Kappa indices.
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The Kappa Value

	
The Neighborhood Configurations




	
3 × 3

	
4 × 4

	
5 × 5

	
6 × 6

	
7 × 7

	
8 × 8

	
9 × 9

	
10 × 10






	
Village model

	
0.835

	
0.896

	
0.925

	
0.954

	
0.921

	
0.870

	
0.854

	
0.783




	
City model

	
0.603

	
0.685

	
0.700

	
0.741

	
0.753

	
0.733

	
0.710

	
0.752












© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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