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Dividing the development stage and grasping the best time to transition are

significant for resource-based cities (RBCs). However, there is still a lack of

research on how to judge the developmental stage of RBCs through objective

indicators of urban development. Identifying the developmental stage of RBCs

relies heavily on the researcher’s subjective judgment. Based on nighttime light

data, this study utilizes the urban center primacy ratio as a unique indication of

the growth stage of RBCs. This method is more detailed and objective than

studies that define stages of development based on socio-economic indicators.

It provides a fresh viewpoint on the stages of urban life cycle development.

Based on the mining economy’s development cycle, the proportion of mining

employees at 3.9% and 44.9% can be used to divide RBCs into growth, maturity,

recession, and regeneration periods, with 3.9% serving as the dividing line

between RBCs and non-RBCs. In addition, when an RBC reaches maturity, a

particular range of the urban center primacy ratio has a positive correlation with

the GDP growth rate and is negatively correlated outside of that range. This

indicates that this period is crucial for the shift from agglomeration diseconomy

to agglomeration economy. The government and social institutions can use this

period to drive the economic transformation of RBCs through various policies

and actions.
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1 Introduction

Resource-based cities (RBCs) are those cities where the mining and primary

processing of mineral resources dominate economic activities. The main economic

activity of these cities is resource extraction, which is concentrated in the suburbs

(Deacon et al., 2018; Udelsmann Rodrigues et al., 2021). This paper focuses on

objectively and precisely detecting the spatial structural evolution trend of RBCs. The

urban spatial structure expresses the interaction between the physical environment,
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functional activities, and other city components (Anas et al.,

1998). Unlike urban planning, which focuses on the spatial

pattern of cities, this study highlights the spatial

representation of human behavior and economic and social

activities from a geographical perspective. Currently, the

identification of the urban spatial structure focuses mostly on

three facets: first, a model analysis and statistical testing approach

are used to incorporate location information and spatial distance

into the research framework of spatial structure identification

based on statistical indicators such as population size and

employment-population density (Li, 2020; Veneri, 2018;

Garcia–Lopez et al., 2020; Luo et al., 2021). Second,

identifying urban spatial information based on the

multisource remote sensing data, including Landsat, MODIS,

SPOT, DMSP-OLS, and other remote sensing data (Yang et al.,

2022), is performed to help researchers identify urban boundaries

and structures more objectively and accurately (Yang et al.,

2021a; Dembski et al., 2021; He et al., 2021; Hajrasouliha and

Hamidi, 2017). Third, real-time monitoring of urban spatial

dynamics is performed through spatio-temporal big data. This

includes mobile location data, Twitter or Weibo data, public

transportation card data, and so on. (Kim, 2019; Chen et al., 2019;

Chaix et al., 2012; Hu et al., 2018). This research paper uses

remote sensing data to examine the spatial structural evolution of

RBCs over a lengthy period because of the presence of statistical

flaws in statistical data and the difficulty of accessing spatio-

temporal big data.

The evolution of the spatial structure of RBCs has its

specificities. One of the main reasons is that RBCs

significantly differ from the general urban development

model. Generally, spatial agglomeration is helpful to the

growth of cities (Williamson, 1965; Morrison Paul and Siegel,

1999; Matlaba et al., 2012; Du and Vanino, 2021). However, there

is a different story in RBCs: the extractive industry, the economic

backbone of RBCs, relies heavily on mineral resources, and

mineral resources are randomly and scattered distributed in

geographic space. Therefore, the extractive industry also

presents the characteristic of decentralization in space. The

decentralized extractive industry supports forming several

isolated mining areas and mining towns in RBCs. The rise of

mining towns reduces the concentration of economic activities in

the urban center of RBCs and begins a looser urban spatial

structure (Waddington et al., 2001;Dale, 2002; Graulau, 2008).

Marais et al. studied the evolution trend of residential density in

five mining towns in South Africa. The results showed that

mining towns had sustained low-density development due to

path dependence (Marais et al., 2020). Sołtysik conducted a

comprehensive review of European resource cities, and the

results displayed that the distribution of resources strongly

influences the spatial structure of RBCs, showing a distinctly

loose character (Sołtysik and Mazur-Belzyt, 2020). Since, in

developing countries, some RBCs are established only to

obtain mineral resources, the service industry in urban centers

is generally underdeveloped, further weakening the

agglomeration capacity of urban centers (Yakovleva and

Alabaster, 2003; Kotsadam and Tolonen, 2015; Farahani and

Shadi, 2017). This shows that the pattern of spatial structure

evolution of RBCs is decentralized. However, few studies have

explored the specificities of the evolution of the spatial structure

in RBCs, which limits scholars’ exploration of the life cycle theory

of RBCs.

The evolution of the spatial structure of RBCs is mainly

influenced by the rise and fall of resource-based industries. For

example, when the resources of RBCs are depleted, the evolution of

the urban spatial structure will change fundamentally. Therefore,

RBCs’ spatial structure change trend is closely related to the

development stage. Because of the apparent differences in the

spatial agglomeration and dispersion characteristics between non-

RBCs and RBCs, the spatial structure is a suitable indicator light to

objectively evaluate the development stage of RBCs (Yang et al.,

2021b; Guo et al., 2020). There is a long history of research on the

classification of RBC development stages (Batty, 2006; Czamanski

and Broitman, 2018). The model first appeared when reflecting

Canada’s mature mining economic system in 1971 (Lucas, 2019).

Based on this, the life cycle theory and stage division of RBCs have

been continuously improved (Bradbury and St- Martin, 1983; Yu

et al., 2018). In general, scholars believe that the development of

RBCs can be divided into five stages (Figure 1): Rise, growth,

maturity, recession, and regeneration (Bruce et al., 2004; Prideaux

and Timothy, 2011). However, the main problem is that there is no

consensus on the signs of the division of stages. For example,

Wilson took 20% as the criterion of resource-dependent

communities (Wilson, 2004), while Bruce and Clemenson

thought that the criterion should be 25% and 30%, respectively

(Bruce et al., 2004; Clemenson, 1992). It can be found that the

current classification of RBCs’ development stages is mainly based

on subjective judgments made by socio-economic data (Halseth

and Sullivan, 2002; Jia et al., 2004). One of the most

straightforward approaches, comparing the population or

economic size of the central and peripheral areas, reflects the

degree of urban agglomeration or dispersion (He et al., 2019).

However, intracity statistics is not easily accessible, even for

common indicators like population or economic size (Dong

et al., 2021). In particular, for the long-timescale data needed to

study the evolution of RBCs, these data are time-consuming and

not very accurate to obtain. In summary, through the analysis of

the current studies related to the division of urban development

stages, few studies have classified the development stages of RBCs

from the perspective of the urban spatial structure, and it is

innovative to explore the evolution of the spatial structure of

RBCs by using nighttime light data. This research differs from

previous analyses of urban spatial evolution based on light data in

two ways. First, unlike studies based on DMSP-OLS nighttime

light image data only, this study constructs long time-series image

data from 2000 to 2017 by integrating two nighttime light image

data sets derived from DMSP-OLS and NPP-VIIRS, respectively.
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Second, the research of urban space based on the light image is

mainly the identification of space form. This study combines image

and statistical data to identify the key parameters that cause spatial

structural transformation and thus objectively identify the

development stages of RBCs.

This study aims to divide the development stages of RBCs

from the perspective of the spatial structure, and the results

support exploring the optimal time window for the

implementation of transformation policies in RBCs. First, the

degree of aggregation of RBCs in central cities was measured by

using nighttime light data. The threshold model was used to

analyze the non-linear relationship between the industry and

spatial structure in the complete life cycle of RBCs and classify

the development stages from the perspective of the urban spatial

structure; finally, the relationship between spatial agglomeration

and economic growth at different development periods is

explored to point out the optimal period for the

implementation of transformation policies in RBCs.

This study is organized into five sections. The second section

briefly describes the study area, data sets, and methodologies. The

third section integrates the two data sets of DMSP-OLS and NPP-

VIIRS and identifies the key parameters that trigger the spatial

structure and developmental stage transition. The fourth section

investigates the correlation between agglomeration and growth in

different stages of development and determines the optimal stage of

policy intervention. Finally, the fifth section concludes the studywith

some remarks.

2 Materials and methods

2.1 Study area

As mentioned earlier, there is still no widely recognized

standard definition for RBCs. The National Sustainable

Development Plan for RBCs (2013–2020) classifies 126 RBCs

based on three key indicators: Intensity of extractive functions,

output scale factor, and degree of resource contribution. Based on

the accessibility of data, 110 RBCs were identified as the research

subjects, and these 110 RBCs are scattered in 23 provinces in

mainland China (Figure 2). Regarding resource types, coal-based

cities have the most significant number of 43, accounting for

40%, followed by comprehensive-based cities with 23. The

number of ferrous metal and oil and gas cities is relatively

similar, 8 and 10, respectively. The number of non-metal and

non-ferrous cities is 12 and 14, respectively.

Notably, although the government regards these cities as

RBCs, resource-based industries or communities are not the only

factors considered in identifying them. As preferential policies

and transfer payments are involved, factors such as regional

balance also have a particular impact. Therefore, from an

objective point of view, some cities may only be in the early

FIGURE 1
RBC development stage division.

FIGURE 2
Resource-based cities in China.
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stage of RBCs or may no longer be RBCs. However, because these

cities are at different stages, our research has a comprehensive

examination of the various stages of the life cycle of RBCs.

2.2 Data

The measurement of the urban spatial structure is mainly

based on remote sensing data (Zhao et al., 2021). Light image

data are a good proxy for urban spatial structure and expansion

studies. Croft has been using light data to identify built-up areas

of cities since the 1970s (Croft, 1978). Since then, many scholars

have applied light data to studying urban spatial expansion and

different types of urban spatial structures at long time scales

(Milesi et al., 2003; Henderson et al., 2003; Yang et al., 2020).

Especially in developing countries where statistical data are not

perfect, light data are undoubtedly a reliable means to analyze the

spatial structure of mining towns and their evolutionary

processes.

Light image data are used to measure RBCs’ spatial structure

and evolution. The study of the urban spatial structure usually

uses demographic or economic data from different areas within

the city (Champion, 2001; Kim, 2007; Wu et al., 2022). However,

it is difficult to obtain statistical data in different areas within the

city, especially continuous socio-economic statistics over a more

extended period. Therefore, the study uses continuous nighttime

stable light image data as the primary data for measuring the

urban spatial structure. Plenty of studies have shown a significant

positive correlation between light and the intensity of economic

activity (Mellander et al., 2015; Henderson et al., 2012).

Nighttime light data serve as objective data to capture the

faint light on the earth’s surface in real time, and it can

obtain information that is unavailable from remote sensing

during the daytime. Because the vast majority of stable

nighttime lighting comes from artificial light sources in cities,

it is widely used in areas such as economic vitality estimation,

urban built-up area identification, urbanization monitoring, and

carbon emissions (Zhao et al., 2014; Zhang et al., 2017; Bagan

et al., 2019). To further verify the relationship between DN (DN

stands for brightness level) and human activity intensity, several

scholars have carried out calibration work and found that the DN

values fit linearly well with other data sources characterizing the

intensity of economic activity, such as urban GDP and total

electricity consumption works well (Cui et al., 2020; Zhao et al.,

2019). This shows that the nighttime light data can meet the

requirements of my research and can reflect the spatial structural

differences in the intensity of economic activities between the

central city and the suburban areas.

The light image data used in this study are DMSP-OLS and

NPP-VIIRS. DMSP-OLS nighttime light image data are

nighttime remote sensing data captured by the National

Oceanic and Atmospheric Administration’s Operational

Linescan System (OLS) sensor carried by the Defense

Meteorological Satellite Program (DMSP), a dedicated

weather satellite. In 2013, with the decay and expiration of

DMSP/OLS, the Visible Infrared Imaging Radiometer Suite

(VIIRS) nighttime light band on board the Suomi National

Polar-Orbiting Partnership (Suomi-NPP) became the successor

to DMSP/OLS. Compared to DMSP/OLS, NPP/VIIRS has

higher subsatellite spatial resolution and better detection

capability for nighttime lights. Therefore, the nighttime

lighting used in this study is the 2000–2013 DMSP/OLS

(Version 4) and NPP/VIIRS DNB for the

2012–2017 monthly synthetic product data sets (Levin and

Zhang, 2017). The study differs from the existing analysis of

urban spatial evolution based on light data in two aspects: 1)

unlike studies based on DMSP-OLS nighttime light image data

only, this study constructs long time-series image data from

2000 to 2017 by integrating two nighttime light image data sets

derived from DMSP-OLS and NPP-VIIRS, respectively; 2) the

research of urban space based on the light image is mainly the

identification of space form. This study combines image and

statistical data to identify the key parameters that cause spatial

structural transformation and thus objectively identify the

development stages of RBCs. Indeed, statistics is also

essential. Hence, socio-economic data such as the proportion

of employees in extractive industries and GDP growth rate are

derived from the China Urban Statistical Yearbook

2001–2018 and the Statistical Yearbook of provinces and cities.

2.3 Methods

2.3.1 Urban center primacy ratio estimated
center

The urban spatial structure focuses on the degree of

agglomeration of economic activities in the urban center,

draws on measurement methods such as industry

concentration, and constructs an RBC center urban spatial

concentration based on light data to characterize the spatial

structure of the resource-based city. To avoid the deviation of

the measurement results due to the incomparable light image

data of consecutive years, it is first necessary to use the

constant target area method to perform regression

correction and saturation correction on the image data

(Huang et al., 2014). Elvidge et al. (2009) inter-corrected

the DMSP/OLS nighttime light image data set for a long

time series by extracting the presence of relatively stable

image elements in the remote sensing image as an invariant

target region. Therefore, He-gang City in the Heilongjiang

province study selected the same image as the target region for

the quadratic regression calibration model:

DNcal � a × DN2
hg + b × DNhg + c, (1)
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whereDNcal is theDN value of the image pixel after correction in

Hegang City; DNhg is the DN value of the image pixel to be

corrected in Hegang City; and a, b, and c are all parameters

obtained in the fitting process.

Saturation correction for the whole country is carried out by

using the parameters of each expected correction image and the

reference image correction model regression:

DN′ � a × DN2 + b × DN + c, (2)

where DN’ is the DN value of the image pixel after correction in

the national area, and DN is the DN value of the original image

pixel in the national area.

Since the available years of DMSP-OLS nighttime light image

data are 2000–2013, this study uses the 2013–2017 NPP-VIIRS

nighttime light data to make up for the lack of DMSP-OLS

nighttime light image data. The integration of the two data types

is based on the data cross-correction method proposed by Li in his

study of nighttime light dynamics in Syria. There are four main

steps: 1) the spatial resolution resampling of all image data of NPP-

VIIRS synthesis data and DMSP-OLS was reduced to 1 KM in

December 2013, achieving the spatial resolution of the two kinds of

data; 2) using the DMSP-OLS dataDN value in the range of 0–50 as

amask, the average of the pre-processedNPP-VIIRS data is counted,

and the data simulation is achieved by fitting; 3) theNPP-VIIRS data

for 2013 and December 2017 were fitted with fitted parameters, and

then the fitted image was smoothed with a Gaussian low-pass filter

by Matlab; and 4) using the continuity correction method,

conditions are set by comparing the DN values of the data with

the DN value of the previous period and thus correct the DN values

of the later period.

The specific method for measuring the spatial concentration

of the urban center area is as follows:

PR � N1

∑n
i�1Ni

, (3)

wherePR is the urban center primacy ratio,N1 is the total amount of

lights in the urban center, and∑n
i�1Ni is the total amount of lights of

all i districts and counties in the resource-based city.

2.3.2 Threshold panel model
Compared with the linear model, the threshold effect model,

developed by Hansen (1999), can more accurately explore the

relationship between the dependent variable and the independent

variable. The threshold effect model is designed to capture the

inflection point formed by a significant change in the marginal

effect of the independent variable y with a change in the

dependent variable x. The regression equation does not need to

be set as nonlinear in advance but only needs to be set in the linear

form for regression, which is a process that effectively circumvents a

priori errors. The accurate identification of nonlinear relationships

and inflection points among variables makes this model widely used

in policy analysis and research (AbdulahiShu and Khan, 2019;

Vinayagathasan, 2013). Our research hopes to identify the

different development stages of RBCs by confirming the nonlinear

impact of resource-based economic development on the urban spatial

structure and determining turning points. Therefore, the threshold

panelmodel is the rightmethod to test the impact of a resource-based

economy on the urban spatial structure. The former is represented by

the proportion of employees in the extractive industry, and the urban

center primacy represents the latter.

FIGURE 3
Research framework for this study.
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Existing studies have shown that the urban spatial structure is

also affected by economic development and city-scale factors

(Meijers and Burger, 2010; Paulsen, 2012). Therefore, such

factors should be added to the regression model as control

variables. This study refers to the research of Clarke et al.

(2006) to construct a threshold regression model.

PRit � μit + β1PRBIitI(git ≤ γ1) + β2PRBIitI(γ1 ≤git < γ2)

+ βnPRBIitI(γn−1 ≤git < γn) + θ1TNEit + θ2RGDPit

+ ϵit,
(4)

Here, PR is the urban center primacy; PRBI is the proportion

of employees in resource-based industries, reflecting the

proportion of resource-based industries in the economic

structure. Other control variables that affect the spatial

concentration of urban center areas include the level of

economic development expressed in terms of per capita GDP

(RGDP), and the city size is expressed in terms of the total

number of employees (TNE). The meanings of git, μit, I, γn, and

ϵit are the same as above. In addition, i represents the city, t

represents the year, yit and xit are the explained variable and the

explanatory variable, respectively, and β is the corresponding

coefficient vector. git is the threshold variable; γ is the specific

threshold value; I is an index function (I is 1 when the conditions

in parentheses are met and 0 otherwise); μit is used to reflect the

individual effects of the city, and ϵit is a random interference

item. According to the panel threshold model estimation method

FIGURE 4
DMSP-OLS and NPP-VIIRS nighttime light data before and after processing in 2013. (A) and (B) are raw and processed DMSP/OLS in 2013; (C)
and (D) are raw and processed NPP/VIIRS in 2013.
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proposed by Hansen, this study first assigned any git as the initial

value to γ and performed OLS estimation to obtain the

corresponding residual sum of squares, then determined the

optimal threshold value according to the principle of

minimizing the residual sum of squares, and then obtained

the estimated value of each slope coefficient (Figure 3).

3 Spatial structure and development
stages of RBCs

3.1 Measurement of the spatial structure
based on nightlight image data

The nighttime light data are used to measure the urban

spatial structure from 2000 to 2017, but there is a lack of

continuous comparable light data, and the information needs

to be integrated and processed. The nighttime light image data

have the characteristics of timeliness, wide coverage, and

practicality, so they can better meet the demand for the study

of the urban spatial structure. Since the available years of DMSP-

OLS image data are 2000–2013 and the data after 2013 are not

available, this study uses the NPP-VIIRS nighttime light data

from 2013 to 2017 to make up for the shortage of DMSP-OLS

nighttime light image data. However, there are apparent

differences between the two satellite image data: different

sensor parameters, spatial resolutions, and spectral response

modes. In this study, the two nighttime light data are

processed concerning the data correction method proposed by

Li in the study of nighttime light dynamics in the Syrian region

(Li et al., 2017).

To verify the rationality of the processing method, the

differences between the raw and processed data are compared

based on the overlay of DMSP/OLS and NPP/VIIRS data in

2012 and 2013 (Figure 4). The overall integration effect of the

nighttime light image data was evaluated by comparing the

FIGURE 5
Comparison of data integration effects in 2012 and 2013. (A) and (B) are the rawDMSP andNPP lighting data fits in 2012 and 2013; (C) and (D) are
the processed DMSP and NPP lighting data fits in 2012 and 2013.
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differences between the raw DMSP/OLS and NPP/VIIRS data

and the processed NPP/VIIRS and DMSP/OLS data. The results

showed that compared with the raw data, the correlation between

the NPP/VIIRS and the DMSP/OLS of the processed data

obtained by this research method was significantly enhanced,

and the standard error was reduced considerably. R2 reached

0.85 and 0.85, respectively, and RSS was only 23.46 and

23.36 after excluding outliers (Figure 5). The simulation

parameters obtained from the 2013 data are still stable when

applied to the 2012 data, so the overall integration of the data is

considered well and this processing method is feasible.

3.2 Urban spatial structure of RBCs

Compared with non-RBCs, RBCs have a significantly lower

urban center primacy (PR) and a continuous widening

gap. Figure 6 shows that RBCs are mostly light blue in color,

and the PR of RBCs in other regions is below the 0.25 horizontal

line, except for those in the central region. In 2017, the average

PR of RBCs was 0.328, while the average of non-RBCs was 0.421,

significantly higher than that of RBCs. From the perspective of

changing trends, the PR of Chinese cities from 2000 to 2017 rose

first and then declined, and compared to 2000, the overall

decrease was 0.0021. The orange area in the figure is

significantly less in 2017 compared to 2000. This may be due

to the multi-center development trend of some large cities in

China. For example, the overall planning of Hangzhou proposes

a multi-center urban spatial structure of “one master, three

assistants, and six groups.” During this period, the PR of

RBCs decreased by 0.0008, reflecting the trend of narrowing

the gap between RBCs and non-RBCs. However, the degree of

spatial agglomeration of RBCs is still significantly low, indicating

that the relatively scattered spatial structure remains.

Furthermore, we have also analyzed the spatial structure of

cities with different resource types, and the results showed that

there are also differences among these cities. The PR of ferrous

metal RBCs is higher than the average level in Chinese cities. The

urban center area of ferrous metal cities has the highest PR, with

an average of 0.392. The figure even exceeds the average level of

Chinese cities. However, the levels of coal, oil and gas, non-

metallic and non-ferrous metals, and PR are significantly lower.

The average PR is 0.346, 0.345, 0.337, and 0.289, respectively.

Generally, the PR of RBCs is lower than the city’s overall level.

In addition, there is a significant difference between RBCs

and non-RBCs in the correlation between the spatial structure

and the scale of employees. In non-RBCs, with the expansion of

urban employment, urban center PR generally shows an

increasing trend, while the two variables of RBCs show a

decreasing trend (Figure 7). Comparing with non-RBCs

proves that RBCs are primarily concentrated in mining areas

on the periphery of the central city. The differentiated results

further confirmed that the spatial structure is a good indicator for

identifying RBCs and non-RBCs.

3.3 Development stages of RBCs

There is a strong correlation between the spatial

concentration of resource-based urban centers and the

proportion of resource-based industries such as extractive

industries (Li and Zhang, 2001; Li et al., 2013). The higher

FIGURE 6
Spatial concentration of central urban areas in China. (A) 2000; (B) 2017.

Frontiers in Earth Science frontiersin.org08

Lu et al. 10.3389/feart.2022.929927

https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org
https://doi.org/10.3389/feart.2022.929927


the ratio of the extractive industry in the urban economy, the

more developed mining towns that rely on extractive industry

activities. Mining towns’ rapid economic growth and population

growth have reduced the degree of agglomeration in the urban

center. Therefore, the high proportion of the extractive industry

in the urban economy leads to a low level of spatial concentration

in urban center areas.

Empirical analysis has been done using the proportion of

employees in the extractive industry as the threshold variable.

The results showed that the dual-threshold test of the balance of

employees in the extractive industry had the highest significance

at the 1% level (Table 1), and the p-value was less than 0.01, so

there were two thresholds of 0.039 and 0.449 (Table 2). The test

result and p-value are obtained through repeated sampling

300 times by the self-sampling method.

The results demonstrated that the increase in the share of

resource-based industries has a significant impact on the urban

spatial structure, and the threshold test result reached a significance

level of 1%. Importantly, the impact of the proportion of resource-

based industries (PRBI) on the urban spatial structure is not linear.

Two obvious mutation thresholds have been found (Table 3). The

first threshold is that the PRBI reaches 3.9%. When the PRBI is less

than 3.9%, there is a positive correlation between urban spatial

concentration and the PRBI, and the correlation coefficient is 1.870.

This means that the urban spatial concentration increases as the

PRBI increases. When the PRBI is higher than 3.9%, the two

variables are still positively correlated. The difference is that the

correlation coefficient is significantly reduced to 0.435 from 1.870.

The findings show that when the share of resource-based industries

is more than 3.9%, its role in promoting the agglomeration capacity

of urban center begins to decrease.

The most significant turning point comes from the second

threshold when resource-based industries account for 44.9%.

After this value is exceeded, the concentration of urban center

areas decreases as the proportion of resource-based industries

increases. In other words, the development of resource-based

industries has weakened the agglomeration capacity of urban

centers. This differs from the spatial agglomeration of economic

activities usually caused by industrial externalities.

According to the two thresholds, the interaction between

PRBI and PR is further sorted out. PRBI accounts for only 3.9%,

indicating a relatively low proportion of the mining economy and

relatively few industrial workers. It is difficult for these workers to

support a mining town, so they prefer to live in the urban center.

Finally, mining and economic development strengthen the

agglomeration capacity of the urban center. This is the reason

FIGURE 7
The difference in the correlation between the spatial structure and the scale of employees in RBCs and non-RBCs. (A) RBCs; (B) non-RBCs.

TABLE 1 Double threshold estimate and confidence interval.

Threshold value Estimated value 95% confidence interval

γ1′ 0.039 [0.016, 0.359]

γ2′ 0.449 [0.449, 0.449]

TABLE 2 Threshold effect test results.

Threshold test Critical value

F Value p-value 1% 5% 10%

Single threshold 37.929*** 0.007 35.517 22.259 18.411

Double threshold 151.539*** 0.000 −16.109 −28.120 −33.993

Triple threshold 0.000 0.080 0.000 0.000 0.000

***, **, * indicate significant at 1%, 5%, 10% statistical level.
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why when the mining economy was at a relatively low level, the

degree of agglomeration in the urban center continuously

increased as the mining economy grew. This also shows that

when the PRBI is less than 3.9%, there is no diffusion effect on the

urban spatial structure, and the characteristics of RBCs are not

obvious. In adddition, the proportion of 3.9% of resource-based

industry employees is also significantly higher than the national

urban average of 1.07%. Therefore, this value can be used as an

important node for the transformation of ordinary cities to RBCs

or RBCs to regenerative cities. Meanwhile, the results of the

control variables are consistent with theoretical expectations, and

the coefficient of the RGDP variable is significantly positive,

indicating that the increase in the level of economic development

has promoted the increasing degree of agglomeration in the

urban center. There is a significant negative correlation between

TNE and PR, demonstrating that the larger the scale of

employees, the more dispersed the urban spatial structure.

The proportion of employees in the resource-based industry

reached 44.9%; nearly one-half of the labor force is employed in

the mining sector. The mining economy has dominated the

urban economy (Figure 8). After exceeding this level, the

further growth of the mining economy has led to the

decentralized development of urban space. This indicates that

mining towns surrounding RBCs are built under the support of

the mining economy, and their dependence on urban centers is

also significantly reduced. The effect of decentralization in

peripheral mining towns is the same or surpasses the impact

of economic agglomeration in the urban centers. Therefore,

44.9% of PRBI can be used as an essential indicator that RBC

is entering the decentralized development stage. At this stage,

the urban spatial structure of these RBCs showed prominent

decentralization characteristics. However, not all RBCs will

stage spatial dispersion. In other words, although each

mining town’s development will weaken the urban center’s

agglomeration power, not all RBCs have sufficiently

developed mining towns that can completely offset or

even exceed the agglomeration power of urban centers. In

the case of China, from 2000 to 2017, there were only four

cities with more than 44% of employees in the extractive

industry.

TABLE 3 Double threshold estimate and confidence interval.

Variables Coef Std.Err T P>|t| 95% Conf.
Interval

xitI(git < 0.039) 1.870 0.342 5.47 0.000 [1.120, 2.540]

xitI(0.039< git < 0.449) 0.435 0.044 9.95 0.000 [0.350, 0.521]

xitI(git > 0.449) −0.265 0.054 −4.92 0.000 [−0.370, −0.159]

lnRGDP 0.023 0.003 7.17 0.001 [0.017, 0.029]

lnTNE −0.072 0.009 −7.88 0.000 [−0.090, −0.054]

_cons 0.948 0.110 8.62 0.000 [0.732, 1.164]

FIGURE 8
The identification of the resource-based urban development stage. Each line in the figure represents the life cycle trajectory of different RBCs,
and the dotted line indicates that some cities cannot exceed a PRBI of 44.9% during their life cycle.
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The abovementioned is the first half of the life cycle of RBCs.

The first threshold value of 3.9% can be taken as a turning point

for RBCs from the resource-based stage to the non-resource-

based stage, and the second threshold is a sign that RBCs shift

from agglomeration development to decentralized development.

Correspondingly in the latter half of the life cycle of a resource-

based city, the values of the first and second thresholds become

the demarcation point between recession and regeneration as

well as decentralization and agglomeration.

The first threshold is a sign of a rise or regenerative period,

while whether the spatial structure is scattered or not is not

suitable as a marker for a maturity or recession period. The

changing trend of the proportion of employees in resource-based

industries is still an important indicator of the development stage

of RBCs. According to the change in the percentage of employees

in extractive industries from 2000 to 2017, RBCs can be further

divided into three types: cities in a period of growth, recession,

and maturity. It is clear that those cities where the proportion of

employees in the extractive industry continues to increase are in

the growth period; those where the proportion of extractive

industry employees continues to decrease are recession cities.

Defining maturity cities is a tricky issue. RBCs have two

important characteristics: one is that the proportion of

employees in resource-based industries has experienced a

process of growth first and then decline, and the other is that

the development is relatively stable. Therefore, the maturity

period of RBCs is defined as the range between Time1 and

Time2 (Figure 8), where Time1 and Time2 are the first years to

the left and right of the year in which the global maximum is

located, respectively, satisfying y=f(x)=90% of global maximum

y’. If there is no extreme point or the gap between the extreme

point and the maximum point is greater than 1%, the year in

which the maximum point is located is identified as the maturity

period.

4 Spatial agglomeration and
economic growth of RBCs at different
development stages

4.1 Evolution trend of the spatial structure
of RBCs at different development stages

According to the criteria of resource-based urban

development, 110 RBCs in China were divided into four

stages, growth, maturity, recession, and regeneration periods,

between 2000 and 2017. The median of the PRBI of the four types

of cities from 2000 to 2017 was calculated to characterize the

changing trend of the spatial structure of RBCs at different stages.

The results are basically in line with our expectations. RBCs in

the development stage have continued to decline in spatial

agglomeration, while those cities in the recession stage have a

significant increase in the agglomeration of economic activities in

the urban center. The degree of agglomeration of cities in the

maturity stage and regeneration stage tends to decrease and

increase, respectively, in the process of fluctuating

development (Figure 9).

Differences in the PRBI trends reflect the significant impact

of resource-based industries on the urban spatial structure during

the evolution of RBCs’ life cycle. In the emerging stage of RBCs,

resource extraction is an important pillar of urban economic

development, and socio-economic activities are basically

organized and arranged around the resource extraction

industry. Ultimately, the scattered distribution of mineral

resources leads to the decentralization of the urban spatial

structure. When an RBC is in a recession stage, the situation

is completely different. Due to the exhaustion of resources, the

mining economy cannot support the development of the entire

economy alone. The gradual development of non-resource-based

industries has prompted cities to present the characteristics of

non-RBCs, that is, the rapid concentration of economic activities

in the urban center.

4.2 Spatial structure and economic growth
of RBCs at the different stages

The abovementioned analysis has suggested that there are

obvious differences in the spatial structure of RBCs at different

stages, and we also want to know whether such a spatial structure

is conducive to the economic growth of cities or not. For non-

RBCs, spatial agglomeration tends to be beneficial to the

economic efficiency and growth of the city (Fujita et al., 1999;

Krugman, 1991). However, some important questions need to be

answered for RBCs, such as whether agglomeration is also

FIGURE 9
Trends in the spatial concentration of the urban central area
of RBCs at different periods of development.
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beneficial to urban development in the transformation process of

RBC development or not and whether policy measures should be

adopted to limit urban decentralization at the beginning of RBCs

or not. These answers are an essential basis for the focus and

timing of sustainable development intervention policies

for RBCs.

There is no doubt that before resources are exhausted, the

government should intervene in RBCs to promote their

transformation, but when is it appropriate? As early as 1983,

Bradbury used the coal resource town of Quebec-Labrador to

propose a work strategy for establishing early warning, financial

assistance, transfer training, and relocation, taking into account

the pattern of the development cycle of the extractive industry

and changes in jobs (Bradbury and St- Martin, 1983). Lu et al.

(2007) also compared the differences in the transformation of

RBCs in China and Western countries and argued that the main

reason for the decline of RBCs inWestern countries was a change

in comparative advantage, while in China, it is mainly resource

depletion and the lack of compensation mechanisms. There is no

shortage of resource-based towns that have paid a significant cost

or even disappeared due to missing the best time for

transformation (Cao et al., 2015; Chen et al., 2018; Martinez-

Fernandez et al., 2012). Therefore, it is essential to determine the

direction of the transformation policy and the timing of

intervention.

To accurately understand the development pattern of RBCs,

it is necessary to distinguish RBCs in different stages of

development. After classifying RBCs according to the

classification criteria proposed above, the results of Robustness

LOWESS confirmed the above theoretical expectations

(Figure 10). The concentration of economic activity in the

urban center area is not significantly correlated with urban

economic growth when the mining economy in RBCs

proliferates and dominates the urban economy. However,

there is a significant negative correlation when the

concentration in the urban center area is too high. When the

FIGURE 10
Correlation analysis between the spatial concentration and economic growth of regional central cities at (A) growth period, (B)maturity period,
(C) recession period, (D) regenerative period.
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mining economy is in maturity stage, there is an inverted “U”

relationship between the concentration of economic activities in

the urban center area and the city’s economic growth. With the

decline of the mining economy, the concentration of economic

activities and economic growth shows a more apparent positive

correlation.

In general, during the period of the rapid growth of the

mining economy, the high concentration of socio-economic

factors in the urban center area was not conducive to the

economic development of RBCs and showed the characteristic

of agglomeration diseconomy. In the maturity period, the

agglomeration diseconomy began to shift to the agglomeration

economy gradually, and the positive externality of the

agglomeration economy began to emerge. When the mining

economy entered a period of recession and regeneration, the

rapid concentration of economic factors in the urban center area

significantly boosted the economic growth of RBCs, showing

apparent characteristics of an agglomeration economy.

Moreover, the characteristics of agglomeration economies

and agglomeration diseconomy exhibited by RBCs are also

present in non-RBCs. Still, the processes and reasons for

transforming the two types of cities are significantly different.

RBCs are transforming from agglomeration economy to

agglomeration diseconomy, while non-RBCs are the opposite.

Moreover, cost-saving and efficiency improvement are the

common reasons for the agglomeration economy in RBCs and

non-RBCs. Still, the reasons for the agglomeration diseconomy of

the two types of cities are entirely different. The agglomeration

diseconomy in the early stage of RBCs is determined by the

industrial characteristics of the basic material-oriented layout of

the mining economy, while the agglomeration diseconomy in the

later stage of non-RBCs is due to the excessive concentration of

factors in the space that makes the city appear with traffic

congestion and labor cost increase.

Finally, the mature RBCs have a distinct agglomeration

economy characteristic that indicates the important timing

and overall policy direction for policy interventions related to

urban transformation. The diseconomy of agglomeration makes

it inappropriate for the government to adopt policies that

promote the spatial concentration of economic factors during

the growth period of rapid development of RBCs. Still, it is

necessary to clarify this period’s short-term and transitional

features, and the construction of large-scale, permanent urban

facilities is inappropriate. When the city enters a maturity stage,

especially when it is in recession, the government should

promote the gathering of population, industry, and other

socio-economic factors to the urban center area through

comprehensive measures such as land supply, industrial

guidance, and allocation of public services and facilities and

constantly strengthen the urban center agglomeration capacity. It

should be emphasized that industrial guidance is not to

concentrate heavy industries such as electricity and raw

material industry to the metropolitan center area but to

attract high-tech and manufacturing industries that can

promote industrial transformation and upgrade the city and at

the same time focus on the development of manufacturing and

service industries that have a solid ability to absorb employment

to attract the population to the urban center area through a large

number of jobs and promote the smooth transformation of RBCs

into generic cities.

5 Discussion

As shown by the estimated results, the degree of

agglomeration in the central city of RBCs is much lower than

that of non-RBCs, and the performance of spatial agglomeration

development in RBCs is closely related to the development stage.

PRBI acts as a signal indicator in response to the RBC stage and

determines the current stage of RBC development.

On the one hand, when RBCs are in the growth period,

decentralized development patterns dominate urban spatial

development. This is when the mining economy is booming

and the suburbs and mining towns around the central city are

developing better. Land and infrastructure policies should

focus on infrastructure development and public services for

residents in areas outside the central city, including the

economic and transport links between the central city and

the surrounding towns. On the other hand, as RBCs enter a

maturity stage, city government managers need to realize that

this stage is a critical period in the transformation of

agglomeration diseconomy to agglomeration economy and

therefore need to make advance deployment and planning for

urban change and start to focus on building the economy of

the central city. The central city is the core area of the city’s

economy and a significant growth pole of the city economy.

The central town strengthens the city’s industrial

agglomeration function by attracting the agglomeration of

production factors such as talents, information, and capital.

For RBCs whose urban spatial structure is still at the stage of

scattered development, the government should not only

further improve the urban infrastructure to enhance the

regional radiation capacity of the central city but also

expand the industrial space to the transportation system

and broaden the scale of investment attraction. At the

same time, efforts should be made to attract or cultivate

several key enterprises with advanced technology, apparent

advantages, and sustainable profitability to create conditions

for a smooth transition from the maturity period to the

recession period.

There are limitations in the current study: 1) the formulation

of the spatial structure of RBCs is relatively broad, and there is a

lack of specific description and analysis of the urban spatial

structure of typical RBCs at long time scales; 2) the research

object of this paper is 110 resource-based prefecture-level cities,

and there is a lack of attention to the development of the urban
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spatial structure at more minor scales, such as county-level cities

or districts, leading to the lack of comprehensive results of the

relevant research.

6 Conclusion

RBCs transform from a particular type of city that relies on

the decentralized development of mineral resources to a

general city driven by an agglomeration economy to realize

the city’s sustainable development. Therefore,

reunderstanding the development stage of RBCs from the

perspective of spatial structure transformation is

meaningful for promoting the sustainable development of

RBCs and determining the timing of intervention in

transitional policies. The results show that when the

proportion of employees in the mining industry reaches

3.9% and 44.9%, it will significantly impact the urban

spatial structure. The former indicates that the

decentralized resource-based economy began to have a

significant impact, and the role of agglomeration on

economic development has weakened; the latter suggests

that the surrounding mining towns are more attractive

than the central city, and the city has begun to decentralize

development. Combining with the changing trend of the

proportion of employees in the mining industry, the four

development stages of growth, maturity, recession, and

regeneration are quantitatively identified.

Generally, the spatial concentration of RBCs in the growth and

maturity periods tends to decrease. In contrast, the overall PR in

the recession period shows an increasing trend, and the PR in the

regeneration period is relatively stable. Significant differences exist

in the correlation between the economic growth of RBCs and the

degree of urban spatial agglomeration in the four development

stages of RBCs. In a set of rapid development of resource-based

industries, spatial aggregation and economic growth are negatively

related; in the maturity stage of stable development, there is an

inverted “U"-shaped relationship, and a high degree of

agglomeration in urban centers is not conducive to economic

growth; when resource-based industries enter a period of

recession, spatial aggregation and economic growth show a

positive correlation as a whole; for regenerative cities, where the

extractive industry accounts for less than 3.9%, agglomeration and

growth also show a positive correlation.

To a large extent, the transformation of RBCs from

agglomeration diseconomy in the rapid growth stage to

agglomeration economy in the background of maturity and

recession is also the process of transforming RBCs to non-

RBCs. The maturity stage is when the correlation between

RBCs’ GDP growth rate and spatial structure has changed

significantly. Therefore, the maturity stage has become a

critical period for the economic transformation of RBCs.

When RBCs develop to a maturity stage, land, industry, and

infrastructure policies should gradually change from

decentralized development to cluster development oriented

toward the central city. Measures to promote the

concentration of social and economic factors in the urban

center will benefit RBCs’ economic sustainability in the later

period.
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