[image: Frontiers Logo]Research on the evolution and influencing factors of the spatial form of typical tourist towns: a case study of Wulingyuan district, China

ORIGINAL RESEARCH
published: 03 July 2025
doi: 10.3389/fenvs.2025.1588318
[image: image2]
Research on the evolution and influencing factors of the spatial form of typical tourist towns: a case study of Wulingyuan district, China
Tengzhe Long1, Bincheng Luo1, Jinlin Wu1,2, Jing Yang1,2* and Yunzhe Wang1,2
1School of Civil Engineering and Architecture, Jishou University, Zhangjiajie, Hunan, China, 2Rural Planning and Development Research Center of Wuling Mountain Area, Zhangjiajie, Hunan, China
Edited by:
Hugo Wai Leung MAK, Hong Kong University of Science and Technology, Hong Kong SAR, China
Reviewed by:
You Peng, National University of Singapore, Singapore
Zhi Cai, Zhejiang Gongshang University, China
*Correspondence:
 Jing Yang, yangjing2010@jsu.edu.cn
Received: 05 March 2025
Accepted: 09 June 2025
Published: 03 July 2025
Citation:
Long T, Luo B, Wu J, Yang J and Wang Y (2025) Research on the evolution and influencing factors of the spatial form of typical tourist towns: a case study of Wulingyuan district, China. Front. Environ. Sci. 13:1588318. doi: 10.3389/fenvs.2025.1588318
Introduction
Since its reform and opening up, China’s new urbanization strategy, which provides institutional support for the optimization of the spatial form of tourism towns, has made remarkable progress and demonstrated great potential. In this study, the urban area of Wulingyuan District, China, a Natural World Heritage Site, is taken as the research object.
Methods
Based on Landsat remote sensing images at five time nodes between 2000 and 2022, the spatial and temporal characteristics and evolutionary patterns of urban expansion in Wulingyuan are quantitatively investigated and the driving factors are explored using fractal theory, the equal sector analysis method, partial least squares regression (PLSR), and the standard deviation ellipse.
Results
The results reveal the following. (1) From 2000 to 2022, urban expansion has undergone four clear stages, namely, medium-speed, low-intensity, low-speed, low-intensity, medium-speed, medium-intensity, and medium-speed, high-intensity. The period from 2015 to 2022 represents the peak of urban expansion. (2) The built-up land in the urban area has mainly expanded in the form of a belt. The overall direction of expansion tends to be in the southwest and northeast directions, while expansion in the other directions has occurred slowly due to terrain and heritage protection restrictions. (3) In terms of the evolution of spatial forms, the compactness index of the urban area has exhibited a “V”-shaped change, the fractal dimension has continued to decline, and the expansion pattern has undergone three stages: edge expansion dominance, parallel edge expansion and internal infilling, and internal infilling dominance. (4) The urban expansion of Wulingyuan has been driven by multiple factors such as urbanization, tourism, the economy, and policy. The intensity of the roles of these factors, from strongest to weakest, is as follows: urbanization > tourism > economy.
Discussion
Policy factors do not directly promote urban expansion, but rather enforce control over the direction, scale, and boundaries of urban expansion through the dual effects of positive guidance and negative constraints. Based on the results of this study, a conservation-oriented development (COD) path is proposed, aiming to provide a replicable model for other heritage cities or those characterized by ecologically sensitive tourism.
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1 INTRODUCTION
Since its reform and opening up, China has made remarkable progress in urbanization, with the urbanization rate rising to 66.2% (according to data from the National Bureau of Statistics), placing it at the upper-middle level globally. The 2014 Central Urbanization Work Conference established a new urbanization strategy, further clarifying the development path of urbanization with Chinese characteristics. Tourism urbanization, a diversified urbanization mode, is a process of the spatial expansion of the population and industrial agglomeration, as well as urban land, with tourism as the core driving force (Wu et al., 2015). The evolution of the spatial form of tourism urbanization exhibits a dual pattern: it is constrained by macro-policy regulation and the broader urbanization process, while also being profoundly influenced by the endowment of tourism resources and the unique characteristics of the tourism industry. The 20th Party Congress proposed improving the institutional mechanism for new urbanization, stressing the integrated promotion of the coordinated development of large, medium-sized, and small cities and the optimization of the spatial layout of cities and towns. Furthermore, it proposed the provision of institutional guarantees for tourist cities and towns to achieve functional perfection, environmental upgrading, and the improvement of residents’ quality of life. Studying the unique spatial form of tourist towns and exploring the laws of its evolution and influencing factors hold significant theoretical and practical value. This research is crucial for resolving the contradictions in the human-land relationship, balancing the goals of protection and development, and charting a path toward sustainable development.
The study of urban morphology began in the 19th century. With the rise of interdisciplinary research, especially the integration of architecture, geography, and urban studies, the concept of morphology has been incorporated into the framework of urban studies, prompting researchers to observe and analyze the city as an organic whole (Ding, 2015). Urban morphology examines the physical form and spatial layout of human settlements (e.g., buildings, plots, and streets) and how humans interact with and utilize these forms over time (Zhang et al., 2023a). In 1964, Boyce et al. first proposed the concept of urban spatial form from the perspective of the geography discipline (Boyce and Clark, 1964). Global research on urban spatial form can be categorized into two types, namely, research on the external form and internal structure of a city, respectively (Ding, 2015).
Research on external urban form focuses on the description and classification of the contours of urban built-up areas and their evolutionary history. Urban spatial forms can be classified into six main types: centralized, belt-shaped, radial, constellation-shaped, clustered, and scattered (Zhou and Feng, 2007). Moreover, there are three main types of urban expansion: infilling expansion, edge expansion, and leapfrog expansion (Ul Din and Mak, 2021) In large cities, expansion is dominated by edge and infilling expansion, with leapfrog expansion also present, influenced by the economy, topography, and traffic (Wang et al., 2019; Xi et al., 2018; Yue et al., 2013; Zhang et al., 2024). Conversely, small and medium-sized towns and tourist towns are dominated by leapfrog expansion (Xian et al., 2019; Xie et al., 2021; Yu and Ng, 2007); these towns develop around scenic spots or traffic corridors, and are significantly constrained by the tourism economy, policy, and ecology. Research on the internal structure of cities is relatively mature, and focuses on their functional layout and land-use structure (Maimaiti et al., 2021; Terfa et al., 2019; Zhang et al., 2020). In terms of research objects, scholars mainly focus on the dynamic process of the spatial expansion of individual cities (Doe et al., 2022; Xu et al., 2018), city clusters (Rahaman et al., 2019; Xiao et al., 2021), and multiple cities on a global scale (Maimaiti et al., 2021; Terfa et al., 2019; Van der Borght and Barbera, 2023). In terms of content, related research primarily focuses on the urban spatial form of characteristics (He et al., 2023; Shen et al., 2023), evolution (Zhang et al., 2020; Zhang H. et al., 2022; Zhang K. et al., 2022), driving mechanisms (Deng et al., 2020; Liu X. et al., 2024; Wu L. et al., 2019; Xu et al., 2020; Xu et al., 2018), and sustainabilityof urban spatial form (Wang, 2001; Zhang et al., 2023a). The research methodology has exhibited a trend toward diversification; for example, the use of night-time lighting data (Song et al., 2011; Zhang and Liu, 2022) and remote sensing technology (Liu Xiaobo et al., 2024; Xu et al., 2019; Yin et al., 2024) to extract built-up areas has enhanced the objectivity and accuracy of urban spatial research. In recent years, machine learning algorithms have been widely used in remote sensing image classification. Such algorithms can be classified into supervised and unsupervised techniques (Halder et al., 2011; Wu W. et al., 2019). Supervised classification techniques mainly include the random forest (RF) model, the spectral angle mapper (SAM), the Mahalanobis distance (MD), maximum likelihood classification (MLC), support vector machines (SVM) s, and the decision tree (DT) model, among others (Ma et al., 2019; Shih et al., 2019). Unsupervised classification techniques include the affinity propagation (AP) clustering algorithm, fuzzy c-means algorithms, the k-means algorithm, and ISODATA (iterative self-organizing data), among others (Camps-Valls et al., 2011; Maxwell et al., 2018). Accuracy assessment has become a fundamental component of thematic mapping research. A variety of methods have been discussed in the remote sensing literature (Aronoff, 1982; Chughtai et al., 2021; Wickham et al., 2021), with confusion matrices currently at the forefront (Foody, 2002).
As a special urban spatial form, tourism towns have unique spatial needs and development motivations, and their spatial form is closely related to the tourism industry, cultural protection, and the ecological environment. These characteristics have prompted scholars to shift their research perspective from traditional urban spatial form to tourism urban spatial form. Previous studies on the spatial form of tourism towns have focused on two aspects: (1) the evolution of the spatial form of tourism towns and its driving factors (Gao et al., 2020; Ma et al., 2020; Tang et al., 2022; Hui et al., 2017; Wu et al., 2015), and (2) the relationship between the tourism industry and the spatial form of towns (Ma and Liu, 2019; Ma et al., 2019; Ma et al., 2022; Wang and Che, 2023). The former class of research is based on the use of multi-period remote sensing imagery or geographic information data to study the dynamic evolution characteristics of the urban boundary (Chen and Bao, 2012; Gao et al., 2020) or the spatial and temporal differences in urban land-use types (Hui et al., 2017; Wu et al., 2015). In addition, a few studies have innovatively combined the morphological evolution of the urban boundary with the conversion of land-use functions to comprehensively analyze the evolution pattern (Gao et al., 2020; Ma et al., 2020), and have used quantitative or qualitative methods to explore the driving factors. The second class of research, on the other hand, focuses on exploring spatial differentiation in tourism geography. Methods such as kernel density estimation (Ma and Liu, 2019; Ma et al., 2019; Ma et al., 2022) and Getis-Ord Gi* hotspot analysis (Wang and Che, 2023) are adopted to reveal the spatial distribution characteristics of various tourism industry elements. Furthermore, researchers combine these analyses with changes in the morphological contours of study areas to analyze spatial expansion trends, and using standard deviation ellipse (SDE) and other methods to characterize the relationship between the spatial layout of the tourism industry and the spatial form of towns and cities.
Regarding the extant research, while studies on the spatial form of towns are abundant, relatively few studies have focused specifically on the spatial form of tourist towns. Furthermore, the research objects of most studies are the evolution of spatial patterns in large cities or city clusters, while small towns, especially tourist-oriented small towns driven by natural heritage, have been relatively ignored. In view of the limitations of the extant research, Wulingyuan District, a Natural World Heritage Site with tourism as the leading industry, is selected as the research object of this study. This study used fractal theory and equal sector analysis to explore the speed, intensity, direction, and characteristics of Wulingyuan’s spatial expansion, and combined partial least squares regression (PLSR) to quantitatively analyze the driving factors of Wulingyuan’s spatial expansion. The goal is to reveal its evolution pattern and driving mechanism under the dual effects of urbanization development and conservation policies, and to provide a scientific basis for the sustainable development of Wulingyuan and similar areas. The detailed research framework is shown in Figure 1.
[image: Flowchart illustrating the research framework on urban form evolution in Wulingyuan, using RS and GIS. It covers urban spatial development patterns, drivers, and planning, focusing on temporal, spatial, and morphological features. It includes data sources such as remote sensing and GIS, and factors like urbanization, economic, and policy influences, evaluated via PLSR.]FIGURE 1 | The research framework.2 RESEARCH DESIGN
2.1 General situation of the research area
Wulingyuan District is located in the central part of Zhangjiajie City, upstream of the middle and upper reaches of the Zhangjiajie River. It is located in the Wuling Mountains, 32 km away from the Zhangjiajie downtown area, and is a county-level administrative district that was approved by the State Council in May 1988. It was included in UNESCO’s list of Natural World Heritage Sites in 1992. The area under its administrative jurisdiction totals 397.58 km2, which comprises the Natural World Heritage core area (264 km2), a buffer zone (126.8 km2), and a buildable area (6.3 km2) designated to carry out tourism services and residential production functions. This study focuses on the urban expansion of urban built-up land within the buildable area (Figure 2), herein simply referred to as Wulingyuan, the historical evolution of which can be divided into four stages (Table 1).
[image: Map depicting Wulingyuan District in Hunan Province, China, showing township, county, national, and provincial roads. Insets highlight Hunan Province in China and Zhangjiajie City in Hunan. The legend explains symbols for roads, water, heritage sites, and urban areas. Key locations such as Kongkeshu Township and Suoxiyu Street are marked.]FIGURE 2 | The scope of the research area.TABLE 1 | The development process of Wulingyuan.	Stage	Time	Spatial form features	Background
	Preliminary stage with fragmented development	Before 1988	Scattered settlements, decentralized development, and isolated functional zones	Constrained by administrative boundaries; Zhangjiajie, Suoxiyu, and Tianzishan were developed independently, resulting in sluggish progress in both tourism-related development and urbanization processes
	Accelerated development stage with scattered expansion	1988–1992	Sporadic and scattered expansion	The State Council approved the establishment of Wulingyuan; however, there was a lack of a planning system and inadequate management coordination
	Disordered development stage with inadequate planning	1992–1998	Rapid expansion and unregulated sprawl	Following its inclusion on the Natural World Heritage List, tourism-driven growth led to significant urban expansion; however, the ineffective implementation of planning measures gave rise to conspicuous ecological issues
	Sustainable development stage with centralized rectification	After 1998	Intensive layout and diversified functions	With the refinement of relevant regulations, the implementation of ecological resettlement, and the establishment of a monitoring system, the model has transitioned toward one that emphasizes scientific conservation and diversified development


2.2 Data sources and preprocessing
Considering the accessibility of remote sensing images and the policy-oriented characteristics of urban development, five time nodes (2000, 2005, 2010, 2015, and 2022) were selected to explore the evolution of the urban spatial form of Wulingyuan based on the Five-Year Plans. The study period ranges from the 9th to the 14th Five-Year Plans, with 2022 being the second year of the 14th Five-Year Plan. Remote sensing data were obtained from the Geospatial Data Cloud (https://www.gscloud.cn), and Landsat 5 TM, Landsat 7 ETM+, Landsat 8 OLI/TIRS, and Landsat 9 OLI/TIRS remote sensing images with a spatial resolution of 30 m and less than 5% cloudiness were selected (Table 2). Data on the economic, tourism, and urbanization indicators used for the impact factor analysis were sourced from the Hunan Provincial Statistical Yearbook and the Statistical Bulletin on the official website of the Wulingyuan District Government. Topographic maps, Google Earth high-resolution non-offset satellite images, and Wulingyuan planning maps were used to improve the spatial accuracy of urban built-up land classification. Image pre-processing was carried out using ENVI 5.6 software, and a database of multispectral remote sensing images of the study area for the years 2000, 2005, 2010, 2015, and 2022 was formed through radiometric calibration, FLAASH atmospheric correction, band combination, and cropping. The geographic coordinate system used for all spatial data was WGS_1984, and the projected coordinate system was WGS_1984_UTM_ZONE_49N.
TABLE 2 | The satellite data parameters.	Year	Satellite and sensor	Date	Cloud cover
	2000	Landsat 7 ETM+	May 14	0.03
	2005	Landsat 5 TM	September 9	0.17
	2010	Landsat 5 TM	May 2	0.38
	2015	Landsat 8 OLI/TIRS	April 14	0.01
	2022	Landsat 9 OLI/TIRS	October 10	0.1


2.3 Research methods
2.3.1 Fractal theory
2.3.1.1 The expansion rate index Mue and expansion intensity index Iue.
These two indices are essential for characterizing urban expansion and reflect spatiotemporal disparities. The urban expansion rate index measures the average annual growth rate of urban built-up areas across defined time intervals and offers insights into the overall scale and trend of urban growth. It is calculated using (Equation 1). The urban expansion intensity index represents the proportion of area increase in a specific region over a given period relative to the region’s total area. It is calculated using (Equation 2). By normalizing the average annual growth rate of built-up areas, Iue facilitates comparisons and analyses across different periods. This index is frequently utilized to describe, analyze, and compare the trends and magnitudes of expansion across various periods and directions (Peng et al., 2015).
Mue=ΔUijΔtj×ULAij×100%(1)
Iue=ΔUijΔtj×TLAi×100%(2)
where ΔUij expresses the expansion amount of the built-up area of research unit i in period j; Δtj represents the time span of period j; ULAij denotes the total area of the built-up area of research unit i at the start of period j; and TLAi depicts the total land area of unit i (Wang et al., 2023).
2.3.1.2 The compactness index BCI
This index describes the compactness of built-up land use and variations in the outer contour shape. It was initially proposed by Batty (1991), and it is calculated using (Equation 3); (Li et al., 2021):
BCI=2πA/P(3)
where BCI represents the compactness index; A expresses the area of the urban built-up area; and P denotes the perimeter of the built-up area contour. BCI values range from 0 to 1, with higher values indicating a more compact shape, approaching that of a circle (the BCI of a circle is 1). Lower values signify a less compact shape (Zhong et al., 2020).
2.3.1.3 The fractal dimension
The fractal dimension characterizes a fractal pattern or set by quantifying its complexity as the ratio of detail variation to scale variation. There are three general methods applied to the study of urban spatial form fractals: the boundary dimension method, the grid dimension method, and the radius dimension method (Li et al., 2020). Boundary dimensions can effectively reflect the degree of irregularity and morphological stability of the land boundary. Thus, the boundary dimension method is an appropriate choice for studying the evolution of the external boundary morphology of a city. In the study of the external geometric features of urban spatial form, the general consideration is to calculate the fractal dimension of the external spatial form based on the perimeter-area relationship. Specifically, this is done by measuring the lgP-lgA scatter relationship diagram to determine whether the lgP-lgA scatter is on a straight line in a certain scale domain; if it is on the line, then the fractal dimension value D can be derived from the slope of the straight line. It is calculated using (Equation 4).
D=2⁡lnP/4/⁡ln⁡A(4)
where A represents the area of the urban built-up area; P expresses the perimeter of the contour of the urban built-up area; and D denotes the boundary dimension. The value of D is between 1 and 2, with higher values corresponding to the greater complexity and irregularity of the figure. Typically, when 1 < D < 1.5, the urban morphology is relatively simple; when D = 1.5, the city exhibits a random distribution and instability; when 1.5 < D < 2, urban morphology becomes increasingly complex and is primarily represented by outward expansion (Liu et al., 2021).
2.3.2 Equal sector analysis
To explore the anisotropic features of urban expansion, the geometric center of the urban area (the Social Correction Center in Wulingyuan) was established as the central point in ArcGIS 10.8, and a reasonable radius was defined. The urban area was divided into 16 equal-sized, fan-shaped sectors with uniform angles. The construction land area in each sector was calculated for different years. By applying these calculated values, the intensity of urban expansion across the 16 directions in various periods was analyzed. A radar chart was then employed to visualize the urban expansion intensity of the central urban area across the analyzed years, and thus the dominant direction of urban expansion was identified for each year (Sun et al., 2020).
2.3.3 Partial least squares regression model
PLSR is a multivariate statistical method that can address the problem of covariance, simultaneously analyze multiple dependent variables Y, and deal with the effects of small samples. In principle, PLSR assembles three research methods, namely, multiple linear regression, typical correlation analysis, and principal component analysis. Multiple linear regression is used to study the influence relationship, typical correlation analysis is used to study the relationship between multiple X’s and multiple Y’s, and principal component analysis is used to condense the information of multiple X’s or multiple Y’s (Xu and Liu, 2021). The specific calculation steps are as follows.
Step I: The independent and dependent variable matrices are constructed. The p-dimensional independent variable is denoted as X=x11⋯x1p⋮⋱⋮xn1⋯xnp, and the one-dimensional dependent variable is denoted as Y=y1⋮yn.
Step II: Standardization is carried out through (Equation 5). The independent variable X matrix is standardized as follows.
E0=xij−xj¯sjn×p(5)
The dependent variable Y matrix is standardized through (Equation 6) as follows.
F0=yi−y¯syn×1(6)
In these equations,  xj¯ and y¯ are the mean values of xj and y, respectively, and sj and sy are the standard deviations of xj and y, respectively.
Step III: The principal component extraction of the independent variables is carried out. The first component is extracted through (Equation 7) as:
t1=E0w1(7)
where w1 is the eigenvector corresponding to the largest eigenvalue of matrix E0′F0F0′E0, and w1=E0′F0∥E0′F0∥.
The regression of E0 on t1 is calculated through (Equation 8) as:
E1=E0−t1p1′(8)
where p1=E0′t1∥t1∥2.
The second component is extracted through (Equation 9) as:
t2=E1w2(9)
where w2 is the eigenvector corresponding to the largest eigenvalue of matrix E1′F0F0′E1, and w2=E1′F0∥E1′F0∥.
The regression of E1 on t2 is calculated through (Equation 10) as:
E2=E1−t2p2′(10)
where p2=E1′t2∥t2∥2.
This process continues until the mth principal component.
Step IV: Multiple linear regressions are conducted via (Equation 11):
F0=r1t1+r2t2+…+rmtm(11)
Because t1, t2, t3, tm are all linear combinations of E0, (Equation 12) is derived:
F0=r1E0w1*+r2E0w2*+…+rmE0wm*(12)
where wh*=∏j=1h−1I−wjpj′wh, and I is the unit matrix. The following is then obtained calculate the regression coefficient using (Equation 13):
y^*=a1x1*+a2x2*+⋯+apxp*(13)
where aj=∑h=1mrhwhj*.
Then, considering the principle of cross-validity, calculating the cross-validatory predictive power metric through (Equation 14).
Qh2=1−PRESShssh(14)
where PRESSh=∑i=1nyi−y^h−i2 and SSh=∑i=1nyi−y^hi2. When Qh2≥0.0975, the introduction of the new component enhances the explanatory power of the model; conversely, if Qh2 falls below this threshold, the new component does not improve the explanatory power of the model.
Finally, an interpretive test is required to show the level of significance of each variable, calculated through (Equation 15) as follows:
VIPj=kRdy;t1,t2,…,tm∑h=1mRdy;thwhj2(15)
where Rdy;t1,t2,…,tm and Rdy;th respectively represent the cumulative explanatory power of t1, t2, tm over y and th over y. Moreover, Rdy;th=r2y,thRdy;t1,t2,⋯,tm=∑h=1mRdy;thRdX=1k∑h=1m∑j=1kr2Rdxj,th, and r(y, th) and r(xj, th) are respectively the correlation coefficients of the dependent and independent variables with the principal components. The larger the value of VIP, the greater the importance of the variable.
The choice of retaining one principal component in this study was justified based on the following comprehensive assessment. The cross-validity analysis showed that the first principal component had significant predictive power (Q2 = 0.647), and the model had an explanatory power of 77.1%, indicating its ability to adequately capture the core variance of the dependent variable, namely, “Built-up area.” The key variables contributed significantly to the principal components (VIP > 1), further validating the representativeness of the single component. In addition, the regression coefficients of all independent variables passed the significance test (p < 0.05, Table 5), supporting the robustness of the model results. Given the limited sample size (18) and the high covariance among variables, the choice of a single principal component can effectively balance the model’s simplicity and explanatory power, and can also avoid the risk of overfitting in this small-sample context.
2.3.4 Standard deviation ellipse
The standard deviation ellipse analysis method was put forward by Lefever (Lefever, 1926) as a spatial analysis approach that describes the distribution range and directionality of a set of data points. It is frequently employed for the analysis of the spatial distribution patterns of geographical elements. The SDE of tourism-related industries and urban construction land can reveal the main direction of their spatial distribution and their degree of diffusion. The size of the ellipse area indicates the intensity of element agglomeration; the azimuth angle demonstrates the directional trend of the spatial distribution of the element; the center of the ellipse represents the centroid of the spatial distribution of the element; and the major and minor axes indicate the directions with the strongest and weakest element diffusion capabilities, respectively. The calculation formulas are expressed as follows (Tao and Ye, 2022).
The centroid of the ellipse (centroid of the spatial distribution of elements) is calculated through (Equation 16) as:
X¯=∑i=1nXin, Y¯=∑i=1nyin(16)
where Xi and Yi are the coordinates of element i, and n is the total number of elements.
The azimuth angle of the ellipse is calculated through (Equation 17), with components A, B, and C determined through (Equation 18-20), respectively:
tan⁡θ=A+BC(17)
A=∑i=1nX¯2−∑i=1ny¯2(18)
B=∑i=1nx¯2−∑i=1ny¯22+4∑i=1nX¯Y¯2(19)
C=2∑i=1nX¯iY¯i(20)
where X¯ and Y¯ respectively denote the deviations of the coordinates of each element from the average center.
The standard deviations of the x-axis and y-axis are calculated through (Equations 21, 22), respectively:
σx=∑i=1nx¯i⁡cos⁡θ−y¯i⁡sin⁡θ2n(21)
σy=∑i=1nx¯i⁡sin⁡θ−y¯i⁡cos⁡θ2n(22)
2.3.5 Spatial response factor
By comparing the basic parameters of standard deviation ellipses, such as size and orientation, for different periods in Wulingyuan and tourism-related industries, this study provides information on the differences and overlaps between different spatial distributions. It then defines the spatial response coefficient R to quantitatively characterize the degree of spatial response between different element distributions. For example, the quantitative mathematical expression for the spatial response factor RA/B of the spatial distribution A with respect to B is calculated through (Equation 23) as follows: (Ding, 2015). Figure 3 is used to display the overlapping area of the standard deviation ellipses between tourism-related industries and urban built-up area, with the overlapping area reflecting the spatial response between them.
RA/B=Area of spatial overlapArea of spatial distribution A(23)
[image: Venn diagram depicting two overlapping ellipses. The red ellipse represents "Spatial distribution B" and the blue ellipse represents "Spatial distribution A." The overlapping area, labeled as "spatial overlap," is shaded with diagonal lines. Axes are oriented horizontally and vertically.]FIGURE 3 | The graphic representation of the SDE.2.3.6 LULC change analysis
In this study, the supervised MLC method was employed to accurately identify urban land-use types and to map these land-use categories for the study period. The MLC method was chosen due to its optimal classification under Gaussian assumptions by considering the mean vector and covariance matrix for each category (Chughtai et al., 2021). With reference to the classification system of remote sensing monitoring of land-use dynamics in China (https://www.resdc.cn/data.aspx), five land categories, namely, built-up land, agricultural land, grassland, forests, and water bodies, were identified by integrating the spectral and remote sensing imagery features (Table 3). Emphasis was placed on analyzing the characteristics of the spatial and temporal changes of the built-up land.
TABLE 3 | The LULC classification scheme.	LULC class	Description
	Forests	Forestry land with trees, shrubs, bamboo, and coastal mangroves
	Built-up land	Urban and rural settlements and surrounding land used for industry, mining, and transport
	Agricultural land	Paddy fields, dry land, irrigated land
	Water bodies	Natural terrestrial waters and water facility lands
	Grassland	Predominantly herbaceous vegetation, including natural, artificial, and other grasslands


To ensure high classification accuracy, sample selection should adhere to the principle of uniform distribution throughout the study area. First, based on a priori knowledge, the visual interpretation of satellite images, and existing reference data, training samples (regions of interest, ROIs) were created for each land category, and the separability of the training samples was evaluated using the Jeffries-Matusita (JM) distance. Moreover, the pair separation values of the training samples were calculated to be greater than 1.8, indicating good spectral differentiation and that the training samples are not confounded with one other. Second, the supervised classification of remote sensing images was carried out using the MLC method with manual editing, post-classification processing using auxiliary data (Google Earth images and Wulingyuan District planning maps), and majority/minority analysis, which improves the smoothness and reliability of the image classification results. Finally, the accuracy of the classification results was assessed by calculating the overall accuracy, producer accuracy, and user accuracy using a confusion matrix, and the classification reliability was assessed by the kappa coefficient.
2.3.7 Accuracy assessment
In order to verify the reliability of the classification results, this study uses a confusion matrix for accuracy assessment, i.e., by comparing the classification results with the ground truth or higher-resolution images to determine the accuracy and error rate of the classification. Ground truth data were primarily obtained through Google Earth imagery and field research. High-resolution Google Earth images, field research photographs, and land-use maps of Wulingyuan were used as reference data to assess the accuracy of the supervised classification results. Validation sample points, independent of the training samples, were manually and randomly selected to represent each feature type based on high-resolution remote sensing imagery and land-use maps. The classification accuracy was quantified by comparing the classified images with the reference data on an image-by-image basis and constructing a confusion matrix. The specific calculation metrics included overall accuracy (OA), producer accuracy (PA), user accuracy (UA), and the kappa coefficient. The specific formulas can be found in a previous publication (Ul Din and Mak, 2021). These indicators enable a comprehensive assessment of the reliability of the classification results and their consistency with the reference data. The “Confusion Matrix Using Ground Truth ROIs” tool in ENVI 5.6 software was used for calculation. The final calculations yielded overall accuracies of 93.72% (kappa coefficient = 0. 76), 98.65% (kappa coefficient = 0. 88), 98.52% (kappa coefficient = 0. 92), 97.69% (kappa coefficient of 0. 90), and 98.15% (kappa coefficient = 0. 96) for the years 2000, 2005, 2010, 2015, and 2022, respectively. Across all types of satellite image classification, the overall accuracy exceeded 85%, and the accuracy for each LULC type was no less than 70%, which is widely accepted as an indicator of reliable data (Qin et al., 2022; Ranagalage et al., 2020).
2.3.8 Driver selection and indicator system construction
Based on the urban expansion characteristics of Wulingyuan and considering previous studies (Tang et al., 2022; Yin et al., 2024), 11 indicators were selected from three dimensions: tourism (number of tourists, number of tourist attractions, number of tourist hotels, total tourism income), the economy (GDP, total social consumer goods, total local financial income, fixed asset investment), and urbanization (urban population, level of urbanization, disposable income of urban residents). In the tourism dimension, the number of tourists is a visual indicator of the activity and attractiveness of the tourism industry; the number of tourist attractions reflects the degree of development and utilization of tourism resources; and the number of tourist hotels reflects the regional capacity to receive tourists. In the economic dimension, GDP is the core indicator of a region’s overall economic output; total social consumer goods reflect the degree of activity of the regional consumer market; total local fiscal revenue reflects the financial strength of the government; and investment in fixed assets is the key force driving regional economic development and promoting urban expansion. In the urbanization dimension, population concentration and town construction are the intuitive material carriers of urban expansion; the urbanization rate measures the degree of population concentration in towns and cities, reflecting the speed and scale of urbanization; and the level of disposable income of urban residents reflects their demand for spatial quality, which is an important impetus to promote spatial optimization. The PLSR analysis of these indicators revealed that the p-value for the number of tourists was 0.645, which did not pass the significance test; thus, this indicator was excluded. (Because government data prior to 2005 were unavailable, raw data for all years from 2005 to 2022 were used for PLSR analysis. To further explore the influence of tourism factors on urban spatial form, four time nodes (2005, 2010, 2015, and 2022) were selected to analyze the spatial and temporal correlations between tourism-related industries and urban spatial form).
3 RESULTS AND ANALYSIS
3.1 Spatial and temporal features of urban expansion in Wulingyuan
3.1.1 Temporal features of urban expansion
Five time nodes (2000, 2005, 2010, 2015, and 2022) were selected to analyze the characteristics of Wulingyuan’s urban expansion. During the study period, the urban area expanded from 0.976 km2 to 4.955 km2, representing an increase of 3.979 km2, a nearly fivefold expansion. Figure 4 illustrates the changes of the urban expansion intensity index and expansion speed index of Wulingyuan from 2000 to 2022. Urban expansion was found to be volatile: the expansion intensity steadily increased, while the expansion speed index followed a “V”-shaped trend. Based on the comparative analysis of these two indices, the urban expansion process of Wulingyuan can be divided into four stages (Table 4).
[image: Bar chart comparing Expansion Intensity Index and Expansion Rate Index over four periods from 2000 to 2022. The blue bars represent the Expansion Intensity Index, increasing over time. The red bars, illustrating the Expansion Rate Index, show varying trends, peaking in the 2000-2005 and 2015-2022 periods. Both indices use separate y-axes for values.]FIGURE 4 | The expansion intensity index and expansion speed index of Wulingyuan throughout the study period.TABLE 4 | The expansion intensity and speed of Wulingyuan from 2000 to 2022.	Period	Total expansion area (km2)	Average annual increase area (km2)	Expansion speed index	Expansion intensity index	Expansion type
	2000–2005	0.548	0.110	0.112	0.017	Medium-speed and low-intensity
	2005–2010	0.563	0.113	0.074	0.018	Low-speed and low-intensity
	2010–2015	0.843	0.169	0.081	0.026	Medium-speed and medium-intensity
	2015–2022	2.024	0.289	0.099	0.045	Medium-speed and high-intensity


Specifically, in the “medium-speed, low-intensity” development stage (2000–2005), the total expansion area of the urban area was 0.548 km2, with an average annual expansion of 0.110 km2. The expansion speed index was 0.112, indicating a medium-speed expansion, and the expansion intensity index was 0.017, which was the lowest among all the stages. The heritage preservation system was the core driving force in this stage. The pattern of urban expansion in this phase was similar to that of the Ha Long Bay region, where the government promoted the out-migration of residents during the early stages of development to protect the core landscape and to ensure the separation of the “landscape-city” functions, which led to moderate but limited urban expansion (Cobbinah et al., 2019).
In the “low-speed, low-intensity” development stage (2005–2010), the urban expansion speed index decreased significantly, from 0.112 to 0.074, as compared with the previous stage. However, the intensity of expansion increased. This change was closely related to the adjustment of tourism development policies and the improvement of the planning system. This is consistent with Phuket Island’s approach of regulating land use through improved planning and environmental controls, relying on large-scale investments in airports, roads, and sewage treatment facilities to drive a significant increase in the intensity of land use within the city (Moukomla and Marome, 2025).
In the “medium-speed, medium-intensity” development stage (2010–2015), with the gradual improvement of infrastructure and the substantial increase in tourism reception capacity, which triggered spatial reconstruction, the speed and intensity indices of urban expansion respectively increased to 0.081 and 0.026. The urban area increased from 2.087 km2 to 2.930 km2, representing a total expansion area of 0.843 km2. The urbanization process of attracting tourism industry agglomeration through increased investment in tourism infrastructure, which in turn promotes urban expansion and functionality, is similar to the tourism urbanization process in the Florianópolis region of Brazil (Jaramillo-Benavides and Patricio-Karnopp, 2019).
In the “medium-speed, high-intensity” development stage (2015–2022), the urban area of Wulingyuan continued to grow, with an average annual increase of 0.289 km2. Moreover, the speed and strength indices of expansion were respectively 0.099 and 0.045, and urban expansion increased significantly. Supported by national and local policies, the consolidation of tourism elements and the improvement of the planning systems in Wulingyuan have jointly promoted the upgrading of the tourism industry and the synergistic optimization of urban space development.
3.1.2 Spatial features of urban expansion
To analyze the characteristics of the urban expansion direction of Wulingyuan, equal sector analysis was introduced to calculate the expansion intensity in different directions, and radar maps were used to visualize the dominant direction of expansion in each period (Figure 5). The urban expansion of Wulingyuan in the study period was found to be stronger in the northwest (NW), southwest (SW), and northeast (NE) directions, while north-south (N-S) expansion was relatively weak. An overall spatial pattern of “belt dominance and two-side extension” was identified, indicating that the urban expansion of Wulingyuan is restricted by strict topographic conditions. This urban expansion characteristic is similar to that of Dunhuang City, i.e., the optimization of traffic conditions has an obvious pulling effect on urban land expansion (He and Chen, 2017). The topography of Wulingyuan is generally high in the northwest and low in the southeast, and the urban area is mainly located in the river valley downstream of Suoxi Lake. Because the south and north are mostly home to mountains and hills with steep terrain, which limit the N-S expansion of the urban area, urban expansion has primarily occurred along the river valley, basin, and other relatively flat terrain.
[image: Four radar charts depict urban area changes over time from 2000 to 2022. Chart A shows 2000 to 2005 with green and purple areas. Chart B covers 2005 to 2010 in purple and yellow. Chart C illustrates 2010 to 2015 using yellow and light blue. Chart D visualizes 2015 to 2022 with light blue and red. Each chart uses compass directions for orientation, indicating urban growth in specific regions over time.]FIGURE 5 | The radar charts of the urban expansion intensity of Wulingyuan in different directions. (a) 2000–2005 year. (b) 2005–2010 year. (c) 2010–2015 year. (d) 2015–2022 year.Figure 5 presents Wulingyuan’s expansion intensity in different directions in different periods. From 2000 to 2005, the expansion intensity indices in the northwest-west (NWW), northeast-east (NEE), west (W), and southwest-west (SWW) directions were 0.68%, 0.24%, 0.24%, and 0.32%, respectively, which were significantly higher than in other directions. This resulted in two main expansion zones: the NWW-W-SWW west wing and the NEE northeast wing. Among these, the new area of 0.22 km2 in the NWW direction presented the most significant growth, followed by the SWW direction. In contrast, the urban area in the N-S direction experienced almost no expansion, with a low expansion intensity index of each wing. This indicates the slow expansion of the two wings, marking the initial formation of a belt-shaped urban spatial pattern.
From 2005 to 2010, Wulingyuan mainly expanded along the NWW-W-SWW, NE-NEE, and southeast-east (SEE) directions, which had respective expansion intensity indices of 0.38%, 0.33%, 0.14%, 0.25%, 0.19%, and 0.22%. These values are similar to those in the previous period. The expansion intensity remained at an overall low level, and urban expansion presented a dendritic and slow trend.
From 2010 to 2015, compared with the previous period, the speed of expansion increased. Moreover, the belt-shaped pattern became more obvious, mainly along the SW and NE directions. The NE direction exhibited the highest expansion intensity index of 0.78%, and an increase of 0.25 km2 in the urban area. This was followed by the SWW direction, which had an expansion intensity index of 0.57% and an increase of 0.18 km2 in the urban area. These directions represent those with the most rapid expansion in this period.
From 2015 to 2022, the direction of expansion continued to be dominated by the SW and NE, but the discrete nature of the direction increased and the rate of expansion rose further, ushering in another high point of rapid urban expansion.
3.2 Evolutionary features of the urban spatial form of Wulingyuan
Overall, from 2000 to 2022, the compactness index of Wulingyuan exhibited a “V”-shaped evolutionary trend, and the highest value was 0.187. This indicates a relatively low efficiency of urban space utilization, and the characteristics of a belt-shaped layout are obvious. Moreover, the fractal dimension ranged from 1.371 to 1.590. Except for the period from 2000 to 2005, when the fractal dimension was close to 1.5 and the boundary form was unstable, the fractal dimension in other periods remained between 1 and 1.5. This suggests the tendency of the urban spatial form to be simple and regular, with urban expansion is dominated by internal infilling and edge expansion (Figures 6, 7). Regarding expansion stages, three main expansion patterns were observed: “edge expansion dominance” from 2000 to 2005, “parallel edge expansion and infilling from 2005 to 2015, and “infilling dominance” from 2015 to 2022. Wulingyuan’s urban expansion pattern differs from that of other cities, where edge expansion is generally a stable contributor, and the importance of infilling and leapfrog expansion alternate. However, the expansion of Wulingyuan was found to be dominated by edge expansion in the early stage and infilling in the later stage, with minimal leapfrog expansion (Li et al., 2022; Liao et al., 2022; Lu et al., 2023; Terfa et al., 2019).
[image: Line graph showing changes in compactness index and fractal dimension from 2000 to 2020. The compactness index decreases until 2010, slightly rises by 2015, then increases sharply to 2020. The fractal dimension declines steadily over the same period.]FIGURE 6 | The compactness index and fractal dimension of Wulingyuan throughout the study period.[image: Land Use and Land Cover (LULC) maps from 2000, 2005, 2010, 2015, and 2022 are displayed, highlighting changes in forest, built-up areas, agricultural land, water bodies, and grasslands. A legend identifies green as forest, red as built-up, yellow as agricultural land, blue as water bodies, and light green as grasslands. An arrow indicates north, and a scale measures 0 to 1.2 kilometers.]FIGURE 7 | The LULC maps of Wulingyuan in 2000, 2005, 2010, 2015, and 2022.Figure 6 presents the changes in the compactness index and fractal dimension of the built-up urban area of Wulingyuan in different periods from 2000 to 2022. Figure 7 presents the changes in the LULC in the urban area of Wulingyuan and its surrounding areas in different periods from 2000 to 2022. Specifically, Figure 6 reveals that the compactness index and fractal dimension declined rapidly from 2000 to 2005. In this period, the compactness index dropped to 0.160 and urban expansion exhibited a trend of decentralization. Furthermore, the fractal dimension decreased to 1.508, approaching 1.5, indicating the reduced stability and complexity of urban spatial form. From 2005 to 2010, the compactness index and fractal dimension continued to decline. However, the rate of decline slowed, and the pattern of urban expansion gradually shifted from being dominated by edge expansion to one in which edge expansion and infilling were equally important. As the tourism industry entered a period of steady development, the spatial layout of Wulingyuan was slated for optimization, and the city formulated and implemented the Wulingyuan Scenic Spot Master Plan (2005–2020). This plan aimed to promote the intensive and standardized development of tourism service facilities around the core scenic spots. By 2015, the compactness index reached its lowest value of 0.154, with the most dispersed urban construction land, and the fractal dimension decreased from 1.497 to 1.473, indicating the regularity and simplicity of the urban spatial form. Moreover, expansion was dominated by infilling. From 2015 to 2022, the compactness index rebounded to 0.183, a significant increase from 0.154. This indicates the enhancement of the compactness of urban land use, the significant improvement of the land-use efficiency and carrying capacity of tourism, and the effective intensification of development. Moreover, the fractal dimension decreased to 1.371, the lowest value in the entire study period, reflecting the greater regularity of the urban spatial form and the tendency of the belt-shaped pattern to stabilize.
4 ANALYSIS OF FACTORS INFLUENCING CHANGES IN THE URBAN SPATIAL FORM OF WULINGYUAN
The PLSR analysis yielded an R2 value of 0.771, reflecting a good model fit, and all indicators were significantly correlated with the area of Wulingyuan at the 0.01% or 0.05% level. The independent variables with VIP values greater than 1 were found to be the following: the number of tourist attractions (VIP = 1.032), the number of tourist hotels (VIP = 1.156), the urban population (VIP = 1.242), the level of urbanization (VIP = 1.196), and the per capita disposable income of urban residents (VIP = 1.210); these variables have largely influenced the expansion of Wulingyuan. Variables with VIP values between 0.8 and 1 included GDP (VIP = 0.942) and total consumer goods (VIP = 0.934); these also have some explanatory power for the expansion of Wulingyuan. Tourism revenue (VIP = 0.567), total local revenue (VIP = 0.743), and fixed asset investment (VIP = 0.728) were identified as potential influencing factors.
4.1 Tourism factors
Table 5 shows that the VIP values of the tourism-related indicators are ranked as follows: the number of tourist hotels > the number of tourist attractions > total tourism revenue. The regression coefficients of the three variables were calculated as 0.085, 0.092, and 0.049, respectively. The numbers of tourist attractions and hotels were therefore identified as primary drivers of urban expansion, while total tourism revenue was identified as the potential driver. Figure 8 shows the degree of agglomeration and the spatial distribution of tourism-related industries (tourist attractions and hotels) over time from 2000 to 2022. From 2005 to 2022, the overall distribution of tourist attractions and hotels followed a “point-axis diffusion pattern.” This pattern is characterized by the gradual expansion of tourist attractions and hotels, with development extending along the city’s main roads. The core areas of agglomeration varied in different periods.
TABLE 5 | The analysis of factors influencing expansion from 2005 to 2022.	Dimension	Index	Regression coefficient	Standard error	t	p	VIP
	Tourism factors	X1: Total tourism revenue (100 million yuan)	0.049	0.021	2.294	0.035	0.567
	X2: Number of tourist attractions	0.092	0.022	4.141	0.001	1.032
	X3: Number of tourist hotels	0.085	0.016	5.378	0.000	1.156
	Economic factors	X4: GDP (100 million yuan)	0.056	0.014	4.069	0.001	0.942
	X5: Total local fiscal revenue (100 million yuan)	0.066	0.018	3.623	0.002	0.743
	Urbanization factors	X6: Fixed-asset investment (100 million yuan)	0.062	0.017	3.560	0.002	0.728
	X7: Total retail sales of consumer goods (100 million yuan)	0.068	0.016	4.160	0.001	0.934
	X8: Urban population (10,000 people)	0.102	0.017	6.142	0.000	1.242
	X9: Urbanization level (%)	0.111	0.014	8.031	0.000	1.196
	X10: Per capita disposable income of urban residents (yuan)	0.095	0.014	6.774	0.000	1.210


Note: ** and * indicate significant correlations at the 0.01 and 0.05 levels (two-tailed), respectively; independent variables with VIP > 1 are considered core drivers, those with 0.8 < VIP < 1 are secondary drivers, and those with VIP < 0.8 are non-significant drivers.
[image: Four maps display urban expansion from 2005 to 2022 in Baofeng Lake and Paintbrush Road Community areas. Each map shows growth over time with color gradations from blue to red indicating increasing density. Major roads, communities, and the Yujiacun and Wujiayuan districts are marked for reference. A compass and scale are included in each map.]FIGURE 8 | The kernel density maps of tourism-related industries in Wulingyuan in 2000, (a) 2005, (b) 2010, (c) 2015, and (d) 2022.Specifically, in 2005, tourism-related industries were mainly concentrated in the Wujiayu community, Painted Scroll Road community, and Baofeng Lake community. There was a tendency for these industries to extend from the Wujiayu community to the Yujiazui community. During this period, the number of tourist attractions and hotels was relatively small, resulting in the formation of a relatively high-density central area in the Painted Scroll Road community (along Gao Yun Road). From this central area, two main sub-centers were formed to the east and north: the Wujiayu community (along Wuling Road) and the Baofenghu community (along Baofeng Road).
By 2010, the number of tourist attractions and hotels had increased, and the main catchment area remained located in the Painted Scroll Road community. However, the Baofeng Lake community became more clustered. In 2015, due to the strict restrictions on construction activities within the core scenic area, many tourism facilities were relocated to the urban area, resulting in a spike in tourist attractions and hotels. The spatial distribution of tourist attractions and hotels during this period was concentrated in the Baofeng Lake community, in the area surrounding the Wulingyuan government offices, and in the Wujiayu community. The main agglomeration area relocated from the Painted Scroll Road community to the Baofeng Lake community, while the area surrounding the Wulingyuan government offices evolved into a sub-center.
While the number of tourist attractions and hotels further increased in 2022, the growth rate slowed. The main catchment area was relocated to the Wujiayu community, and the Baofenghu community was relegated to the sub-center area.
Figure 9 and Table 6 demonstrate the spatial distribution of tourism-related industries in relation to urban built-up land and the degree of response in different periods from 2000 to 2022. From 2005 to 2010, the SDE of the urban area exhibited a SW-NE trend, with the area increasing from 4.919 km2 to 6.612 km2, and the city further expanded outward. The SDE of tourism-related industries presented a NW-SE trend, and the agglomeration increased relative to that in the previous period. Moreover, the spatial overlap between the urban area and tourism-related industries decreased from 2.318 km2 to 2.303 km2, and the spatial responsiveness index decreased from 0.471 to 0.348.
[image: Four-panel map showing changes over time from 2005 to 2022. Each map includes urban areas, accommodation services, and travel sites, marked by circles and symbols. Red and blue ellipses indicate tourism-related industries and urban area SDE. The legend explains symbols and color codes for urban areas and services.]FIGURE 9 | The standard deviation ellipses of tourism-related industries and the urban area of Wulingyuan in 2000, (a) 2005, (b) 2010, (c) 2015, and (d) 2022.TABLE 6 | The response coefficients of urban construction land to tourism-related industries in 2005, 2010, 2015, and 2022.	Year	Urban area SDE	Tourism-related industries SDE	Overlapping area	Response coefficient
	Coordinates	Area	Azimuth	Coordinates	Area	Azimuth
	2005	110.549°, 29.349°	4.919	75.272	110.540°, 29.346°	3.283	137.725	2.318	0.471
	2010	110.552°, 29.349°	6.612	77.579	110.540°, 29.346°	2.606	133.736	2.303	0.348
	2015	110.555°, 29.350°	8.049	72.245	110.545°, 29.347°	3.200	100.303	3.162	0.393
	2022	110.555°, 29.349°	9.000	70.608	110.546°, 29.348°	5.769	77.295	5.063	0.563


From 2010 to 2015, the direction of the urban area SDE remained the same as that in the previous period. The area increased from 6.612 km2 to 8.049 km2 and the compactness decreased. The SDE of tourism-related industries gradually shifted to the NE-SW direction, with the area increasing from 2.606 km2 to 3.2 km2. These industries expanded to the Yujiazui community, presenting weakened agglomeration. At this stage, the area of spatial overlap between the urban area and tourism-related industries increased from 2.303 km2 to 3.162 km2, and the spatial response of the urban area to tourism-related industries became larger.
From 2015 to 2022, the SDEs of both the urban area and tourism-related industries aligned in the NW-SE direction. During this period, the SDE of the urban area increased from 8.049 km2 to 9 km2, at which time the expansion of the urban area shifted from edge expansion to internal infilling. The SDE of tourism-related industries increased from 3.2 km2 to 5.769 km2, and the degree of agglomeration was weakened. The spatial response coefficient of urban construction land to tourism-related industries increased from 0.393 to 0.563, indicating a stronger spatial correlation between the two.
Overall, the direction of urban area expansion influenced the direction of the expansion of tourism-related industries, which remained consistent with the direction of urban area expansion after 2015. In terms of spatial layout, the comprehensive analysis of the spatial response coefficient, compactness index, and fractal dimension indicates that the increasing number of tourist attractions and hotels has played a role in gradually optimizing the spatial layout of the urban area. However, this sharp increase also presents new challenges for urban planning. On the one hand, the upper-level plan designates most of the northeastern part of the urban area as residential land, which somewhat restricts the outward expansion of tourism-related industries. Consequently, the development of tourist attractions and hotels must focus on the deeper exploration and more efficient use of existing land resources to enhance the efficiency of spatial utilization. This shift became particularly evident after 2015, when the pattern of urban expansion gradually shifted from marginal expansion to predominantly infill development. On the other hand, the spatial response of urban built-up land to tourism-related industries has gradually increased, reaching its highest level. This indicates that between 2015 and 2022, tourist attractions and hotels not only improved the compactness of urban areas but also reduced the complexity of boundaries through rational planning and layout adjustments, achieving more intensive land use and an optimized spatial layout. This series of changes marks the entry of Wulingyuan into a stage of high-quality spatial development characterized by “shaping the city with tourism,” i.e., optimizing urban space through tourism development and promoting the high-quality and sustainable development of the city.
4.2 Economic factors
Table 5 shows that the VIP values of the economic-related indicators are ranked as follows: GDP > total social consumer goods > total tourism revenue > total local revenue > fixed asset investment. The regression coefficients of these four variables are 0.056, 0.068, 0.066, and 0.062, respectively. Among them, GDP and total social consumer goods are the secondary drivers of the expansion of the urban area, while total local revenue and fixed asset investment are non-significant drivers.
From 2005 to 2010, the increased funds from GDP growth and total social consumption goods primarily flowed into the land finance sector. The government obtained funds through extensive land concessions, driving the growth rates of GDP and total social consumption goods to 19.6% and 19%, respectively–the fastest growth rates in this period. Under this development model, the expansion of Wulingyuan mainly relied on land concessions and was dominated by outward growth, resulting in a decline in the compactness index of the urban area.
From 2010 to 2015, with the strengthening of control measures, Wulingyuan ceased large-scale land concessions, and instead significantly invested in the development of tourist attractions and hotels, emphasizing inward infilling. However, the rapid increase in the number of tourist attractions and hotels in this period caused the compactness index of the urban area to decrease to its lowest value. Moreover, the development of the urban area of Wulingyuan was extremely unstable from 2005 to 2015 with complex boundary shapes and a fractal dimension close to 1.5.
Between 2015 and 2022, Wulingyuan continued to invest in tourist attractions and hotels, but the rate of investment slowed with a new focus on improving spatial quality. The urban expansion of Wulingyuan during this period was dominated by internal infilling. The compactness index increased, the fractal dimension decreased sharply, and the urban morphology became more regular. Local fiscal revenue and fixed asset investments continued to provide institutional and financial protection for GDP growth and consumption upgrading through targeted investments, which supported the development of the urban area to a certain extent.
4.3 Urbanization factors
Table 5 shows that the VIP values of the urbanization-related indicators are ranked as follows: urban population size > disposable income per capita of urban residents > urbanization level. Their regression coefficients are respectively 0.102, 0.095, and 0.111, and all three variables were identified as core driving factors.
From 2005 to 2015, the urban population of Wulingyuan increased from 25,400 to 35,300, and the urbanization level rose from 53.59% to 55.21%. The large increase in residential land significantly pushed the expansion of Wulingyuan’s urban area to the northeast. Additionally, rising disposable incomes among urban residents increased demand for public services (e.g., education and healthcare), prompting the government to invest in the construction of schools, community hospitals, and other facilities. These new facilities required additional land, and the separate allocation of land for these facilities contributed to a decrease in land intensification and the compactness index.
From 2015 to 2022, the urban population of Wulingyuan increased from 35,300 to 42,200, and the urbanization level rose from 55.21% to 70.1%. During this period, Wulingyuan focused more on sustainable development. Developers met the demand by building new residential areas and public supporting facilities, as well as renovating existing land. New land expansion was concentrated along the SW-NE transport corridor, forming a belt-shaped layout that reduced disorderly multi-directional sprawl, leading to a decrease in the fractal dimension. The increase in the disposable income of urban residents promoted consumption upgrading and environmental awareness, which supported the government’s “green renewal” project. The optimization of existing land replaced outward expansion, exemplified by the construction of an ecological complex (commercial + green space) following the demolition of inefficient buildings in the Yujiazui community. This project enhanced multifunctional, intensive land use and contributed to an increase in the compactness index.
4.4 Policy factors
As a typical heritage-based tourist city, the evolution of the urban spatial form of Wulingyuan District shows significant policy response characteristics. Research shows that the policy system deeply intervenes in the process of urban spatial expansion through a dual mechanism of positive guidance and negative constraints. To facilitate analysis, this paper divides the relevant policies of Wulingyuan into two dimensions and three types: the positive guidance dimension includes tourism development policies and urban planning and spatial governance policies, while the negative constraint dimension mainly includes ecological protection policies.
In terms of positive guidance, the core role of tourism development policies is to guide the concentration of tourism functions, enhance the momentum of urban expansion, and promote the optimization of urban spatial structure and functional layout by regulating the development path and spatial layout of tourism-related industries. In 2006, the national special support policy for the construction of tourist cities included Wulingyuan in the first batch of pilot cities, providing special financial support for the construction of tourism infrastructure. Driven by this policy, major tourist routes such as Gaoyun Road, Huanglong Cave Avenue, and Wulingyuan East Road were upgraded and renovated, significantly improving the accessibility of the urban area and core scenic spots, and leading to the formation of a main axis of urban spatial expansion from southwest to northeast. In 2015, Wulingyuan was designated as a pilot city for the “all-round tourism” demonstration zone, promoting the deep integration of scenic area resources, tourism functions, and urban space. This policy guides the orderly relocation of facilities originally scattered across ecologically sensitive areas into designated urban zones such as the Wujiaoyu Community, Baofeng Road Community, and areas surrounding the district government. Tourist commercial streets, tourist distribution centers, cultural performance venues, and other facilities gradually gathered in the core area of the city, forming a comprehensive cluster centered on tourism services in the southwestern part of Wulingyuan. This process has promoted the transformation of the city’s tourism functions from a dependent type to a composite development type, further promoting the shift from extensive expansion to infilling of urban space. The urban functional layout has also become more compact and composite, effectively promoting the optimization of the urban spatial structure. Another type of positive guidance policy is urban planning and spatial governance policy, which intervenes in the direction, scope, and form of urban spatial expansion through means such as planning guidance, functional zoning, and land use control. The 2001″Zhangjiajie City Master Plan (2000–2020) “ positioned Wulingyuan District as a dual-function city combining tourism services and ecological living, proposing the Suoxiyu community as the main direction for development. In 2014, the “Wulingyuan District Urban and Rural Master Plan (2013–2030)” first explicitly proposed a “compact city” spatial strategy. This strategy promoted the formation of a functional zoning structure within the city space, with tourism services at its core and administrative offices and residential facilities as supporting functions, effectively improving spatial concentration and land use efficiency. In 2022, the “Wulingyuan Urban Expansion Plan (2021–2035) ” was completed, establishing rigid boundaries for urban expansion by delineating “three zones and three lines. “ New urban projects are required to be strictly controlled within the planned boundaries, promoting urban infill in existing built-up areas. Under the strict restrictions of the newly delineated urban development boundary, Wulingyuan’s future urban expansion will focus on internal land readjustment rather than external expansion. In this context, tourism will become the dominant force driving urban space filling, guiding the reuse of existing land, and restructuring functions. Tourism-related industries will penetrate residential areas, promoting the deep integration of urban living functions and tourism functions. The changing trends in the standard deviation ellipses of tourism-related industries and urban built-up areas in Figure 8 support this judgment.
In the negative constraint dimension, the core role of ecological protection policies is to fundamentally curb the disorderly expansion of urban space by demarcating ecological red lines, implementing zoning protection, and prohibiting construction. Such policies do not directly promote urban growth, but rather force cities to optimize their internal development by establishing strict ecological boundaries. In 2001, the “Wulingyuan World Natural Heritage Protection Regulations” mandated the removal of tourist facilities from the core scenic area, guiding the migration of tourism services to urban built-up area. The 2005 revision of the “Wulingyuan Scenic Area Master Plan (2005–2020)” divided the Wulingyuan area into different protection levels, demarcating core protection areas, construction control areas, and constructable areas, limiting urban expansion to constructable areas and reducing the scope of urban development. After the 2010 “Hunan Province Main Functional Zone Plan” was introduced, Wulingyuan District was designated as a “key ecological functional zone.” Urban construction must comply with ecological bottom line controls, and strict requirements have been imposed on compact urban development. By 2015, urban expansion will shift to a focus on infilling. Overall, positive guidance policies promote the spatial restructuring of Wulingyuan urban areas through functional aggregation and structural optimization, while negative constraint policies strengthen boundary control through spatial restrictions. The interaction between them has led to a shift in the urban expansion model from extensive expansion to intensive, efficient, compact, and orderly development.
5 DISCUSSION
5.1 Comparative analyses
The evolution of traditional urban spatial form mostly presents centralized or clustered characteristics (Xu et al., 2019; Yin et al., 2024), with development patterns often presenting dynamic evolution characteristics alongside urbanization. However, the urban expansion of Wulingyuan has been different from that of typical cities and ordinary tourist cities. Surrounded by mountains on three sides and constrained by World Heritage protection policies, Wulingyuan’s urban growth is limited to eastern expansion, resulting in a persistent belt-shaped structure. Unlike Huangshan City, where the main urban area has transformed from a belt to a cluster (Ding et al., 2014), Wulingyuan’s special geographical conditions and policy restrictions prevent multi-center expansion. As a typical tourism-driven town, Wulingyuan relies on tourism for more than 70% of its economy. This single-industry reliance has resulted in poor resistance to external shocks. For example, the 2019 COVID-19 public health emergency caused Wulingyuan’s GDP to plummet from 5.973 billion yuan in 2018 to 4.326 billion yuan in 2020, a 27.5% decrease, far exceeding the national average decline of 9.6% in cities and towns. Although it has somewhat recovered, the GDP has yet to return to pre-pandemic levels. This dual challenge of spatial form rigidity and industrial homogenization highlights a fundamental contradiction in the sustainable development of tourism towns located in Natural World Heritage Sites.
5.2 Conservation-development tensions and conservation-oriented development pathways
As a Natural World Heritage Site, Wulingyuan has consistently faced the dual pressures of ecological protection and urban development during its urban expansion. On the one hand, strict ecological protection policies prohibit all construction activities within the core scenic area and the ecological red line due to its protected status. On the other hand, the rapid development of tourism and the increased level of urbanization have enhanced the need for urban land expansion and functional reconfiguration. The results of this study show that this tension has been particularly pronounced in the different stages of urban expansion. Since Wulingyuan’s designation as a Natural World Heritage Site in 1992, the rapid increase in tourist facilities in the core scenic area has compromised the authenticity of the landscape. In 1998, UNESCO issued a serious warning, marking the culmination of the conflict between conservation and development. To this end, the 2001″Wulingyuan World Natural Heritage Protection Regulations” called for the relocation of tourism facilities from within the core scenic area to the urban area to alleviate ecological pressure while stimulating urban expansion. This led to three phases of urban expansion: from 2000 to 2005, conservation dominated and development was suppressed, resulting in low-intensity and limited urban expansion; from 2005 to 2015, conservation and development began to harmonize, characterized by parallel edge expansion and infilling; and from 2015 to 2022, conservation and development entered a synergistic and co-promotional stage, urban compactness increased, the fractal dimension decreased, and the urban spatial form tended to be regular and stable.
On this basis, the development path of the conservation-oriented development (COD) model is proposed and verified. COD is a spatial development strategy that prioritizes the authenticity and integrity of the World Heritage Site, aiming to achieve a synergistic outcome between ecological protection and urban development. This is realized through compact development, functional integration, and policy regulation. The model is tailored specifically to Wulingyuan and is characterized by the following: (1) the protection of ecological integrity by limiting urban expansion to designated development zones; (2) the integration of tourism and residential functions in a unified spatial structure to improve land-use efficiency; (3) the promotion of internal infilling and functional densification, thus avoiding fragmentation or leapfrogging; and (4) the use of planning tools (e.g., “three zones and three lines”) to draw strict boundaries and encourage redevelopment within existing built-up areas. The validity of this development path was empirically verified by a number of indicators and multivariate methods, such as the expansion intensity index, expansion speed index, compactness index, fractal dimension, SDE, and PLSR model. Overall, Wulingyuan provides a replicable model for other heritage cities or ecologically sensitive tourist cities, demonstrating how urban development can take place within certain limits to support economic growth and environmental sustainability.
5.3 Policy implications
Based on the findings and the general background of new urbanization, and taking into account Wulingyuan’s designation as a Natural World Heritage Site, the following targeted recommendations are put forward from the four aspects of tourism, the economy, urbanization, and policy. (1) In the tourism dimension, tourism facilities should be relocated to areas where agglomeration effects have already been formed, such as Jundiping Street. Moreover, the infilling of the urban area should be promoted with expansion in the SW-NE directions, with a focus on integrating the tourism service and urban living functions. (2) In the economic dimension, the diversification of industries should be promoted, as should the introduction of new industries such as cultural creativity, healthcare, green agriculture, etc. The aim is to reduce Wulingyuan’s over-dependence on the traditional tourism industry. (3) In the urbanization dimension, the renewal of old cities and urban micro-renovation are encouraged. Activating the inner space of cities via squatter reforms and consolidating unused assets are important considerations. Moreover, urban expansion into edge areas such as mountains and forests should be strictly controlled to safeguard spatial compactness and ecological security. (4) In terms of policy, it is recommended that “conservation-oriented development (COD)” be adopted as the core concept, and that a unified urban spatial management information platform and ecological compensation mechanism be established to coordinate urban development and ecological protection.
5.4 Limitations and future goals
This study uses remote sensing image data and social data to systematically analyzed the characteristics of the evolution of the urban spatial form of Wulingyuan District, China, a Natural World Heritage Site, with a focus on changes in the city’s external form. It offers valuable insights into the spatial development process. However, the spatial resolution of the Landsat remote sensing images used by this study is 30 m. Although the overall accuracy exceeds 85% based on accuracy assessments, there are certain limitations in identifying built-up area boundaries and small-scale land use changes. Additionally, this study is also insufficient in terms of subdividing built-up land types and analyzing the internal spatial structure of the city. This study have focused on the evolution of the boundary morphology of the built-up area, emphasizing external indicators such as compactness, the fractal dimension, and the expansion speed. However, there is currently a lack of quantitative analysis regarding the land-use organization within cities, the degree of functional mixing, and the efficiency of vertical spatial utilization. This gap limits a deeper understanding of the efficiency of spatial organization and functional coordination within cities. Future research could address this by integrating multiple data sources, such as high-resolution remote sensing imagery, land-use maps, POI data, and street network data (Li, 2021; Qian et al., 2021; Zhang et al., 2023b). Additionally, combining methods like spatial syntax, landscape pattern indices, and information entropy (Ortiz-Báez et al., 2021; Xia et al., 2021; Xing and Guo, 2022) would enable the quantification of functional mixing, accessibility, and spatial equilibrium within the city. Furthermore, incorporating network-based spatial structure analysis (Das and Ram, 2024; Fang et al., 2021) could help assess the connectivity between tourism facilities and residents’ living spaces, thus revealing how tourism development refigures the internal morphology of the city at the micro level. In addition, a multi-case comparative study would help validate the utility of the COD model and provide broader policy recommendations for heritage or ecologically sensitive cities.
6 CONCLUSION
Based on Landsat remote sensing image data from 2000 to 2022, the urban area of Wulingyuan, China, a Natural World Heritage Site, was extracted and analyzed. Quantitative assessments were conducted on the scale, speed, intensity, direction, and type of urban expansion. Additionally, the driving factors affecting the evolution of the urban spatial form of Wulingyuan were explored. The key findings of this research are as follows. (1) From 2000 to 2022, the urban area of Wulingyuan expanded from 0.976 km2 to 4.955 km2, a nearly fivefold increase. The overall urban expansion can be divided into four stages: “medium-speed, low-intensity,” “low-speed, low-intensity,” “medium-speed, medium-intensity,” and “medium-speed, high-intensity.” The period from 2015 to 2022 marks the peak time of urban expansion. The relocation of tourism facilities has brought strong momentum to urban expansion, and the area of construction land has increased significantly compared with other periods. (2) The urban expansion of Wulingyuan has mainly occurred along the SW-NE directions, forming a belt-shaped layout constrained by topography and ecological controls that have limited N-S expansion. This spatial pattern, characterized by expansion mainly at the two edges of the belt, is closely linked to the guiding role of the tourism traffic corridor. (3) In terms of spatial form, the compactness index of Wulingyuan has exhibited a “V”-shaped trend, reaching its lowest value in 2015 before gradually rising to 0.183 in 2022. This reflects a shift from crude outward expansion to intensive internal infilling. Concurrently, the fractal dimension decreased overall, indicating the regularization of urban boundaries and the gradual stabilization of urban spatial forms. The urban expansion of Wulingyuan has experienced three phases: edge expansion dominance, parallel edge expansion and internal infilling, and internal infilling dominance. (4) Quantitative analysis using the PLSR model indicated that the intensity of the three types of drivers of urban expansion in Wulingyuan, from highest to lowest, is as follows: urbanization factors > tourism factors > economic factors. Urbanization is a direct driver, primarily by increasing the demand for land to drive urban expansion. Tourism influences the optimization of the urban land-use structure mainly through the adjustment of site layouts, which in turn promotes functional reorganization and structural optimization within the city. Finally, economic factors play a more indirect role, primarily providing financial support that facilitates tourism and urbanization. In addition, policy factors mainly control the direction, scale, and boundaries of urban expansion through the dual functions of positive guidance and negative constraints.
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