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Abstract 

During the accelerated transition toward greener and more decarbonized development, 

urban regeneration initiatives have emerged as an important policy instrument for en-

hancing the synergistic effect of pollution and carbon reduction (SEPCR). Using panel 

data for 282 prefecture-level-and-above cities from 2006 to 2022, this study exploits the 

Ecological Restoration and Urban Repair (ERUR) pilot as an exogenous policy shock and 

applies a multi-period DID framework to identify its impact on SEPCR. The results show 

that the ERUR policy significantly enhances SEPCR by approximately 1.9%, and the find-

ings remain robust across multiple robustness checks, including parallel trend tests, 

stacked DID, and double machine learning. Heterogeneity analyses reveal that policy ef-

fects differ across cities with varying geographical locations, resource endowments, in-

dustrial characteristics, and spatial forms. Mechanism analyses suggest that the improve-

ment in SEPCR is primarily driven by economies of scale, industrial structure upgrading, 

and energy intensity improvement. This study extends the quantitative assessment frame-

work of SEPCR and provides robust empirical evidence on how urban regeneration initi-

atives can be systematically harnessed to enhance urban SEPCR performance, offering 

important academic insights and policy-relevant implications for promoting green trans-

formation, urban sustainable development, and ecological civilization construction. 

Keywords: urban regeneration; ecological restoration and urban repair; synergistic effect; 

pollution reduction; carbon emission reduction 

 

1. Introduction 

Currently, environmental deterioration and climate change pose simultaneous and 

increasingly severe challenges worldwide. Rising concentrations of greenhouse gases 

have accelerated global temperature increases and intensified extreme climatic events, 

while persistent regional and compound air pollution continues to undermine human 

health and ecological resilience. These challenges are closely interconnected, since human 

activities like fossil fuel combustion and industrial production are major sources of green-

house gases such as carbon dioxide (CO2), as well as pollutants including sulfur dioxide 

(SO2), nitrogen oxides (NOx), and particulate matter (PM) [1]. This overlap in sources and 

emission processes implies that traditional policy frameworks characterized by 
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fragmented governance and single-objective regulation may entail high implementation 

costs, efficiency losses, and even offsetting policy effects [2]. Consequently, a transition 

toward a more systemic, integrated, and coordinated governance approach has become 

an inevitable policy choice. Against this backdrop, the concept of SEPCR has emerged and 

has gradually gained broad recognition in environmental governance [3]. SEPCR is theo-

retically rooted in the notion of “co-benefits” introduced by Ayres and Walter in 1991, 

which emphasizes that climate mitigation policies can simultaneously reduce emissions 

of traditional air pollutants [4]. The IPCC incorporated the idea of co-benefits in its Third 

Assessment Report and further emphasized the multi-objective synergies of policy inter-

ventions in its Fifth Assessment Report, thereby providing theoretical grounding for co-

ordinated pollution–carbon governance. In recent years, empirical studies have examined 

SEPCR across a range of environmental regulatory instruments, offering accumulating 

evidence on the practical feasibility of such coordinated governance [5]. 

The process of urbanization and the accompanying urban regeneration initiatives 

constitute a critical context through which the effectiveness of SEPCR is shaped. Cities, as 

centers of population, economic activity, and social interaction, account for approximately 

70% of global energy-related carbon emissions [6]. Urban spatial form, functional struc-

ture, infrastructure efficiency, and development patterns fundamentally determine the ul-

timate effectiveness of SEPCR [7]. As the global urbanization rate has exceeded 50%, the 

world has entered a new phase of urbanization focused on enhancing the quality and ef-

ficiency of existing urban spaces. Urban regeneration has become one of the core means 

to drive the green and sustainable urban transformation. In addition, the scope of urban 

regeneration has evolved from a narrow focus on reconstruction and redevelopment to-

ward a more comprehensive approach emphasizing ecological restoration, inclusiveness, 

resilience, and sustainability [8]. China, as a key emerging economy and one of the world’s 

major sources of carbon emissions, has experienced rapid industrialization and urbaniza-

tion while facing mounting environmental pressures and the need to transform its devel-

opment model. China’s urbanization rate surpassed 50% in 2011 and exceeded 67% by 

2024. The previous growth model driven by extensive spatial expansion has generated a 

range of urban challenges, including resource constraints, environmental pollution, and 

increasingly frequent extreme heat events. These challenges have made urban regenera-

tion an essential pathway for achieving greener and more sustainable urban development. 

To address these challenges, China has formally articulated the “30·60” dual-carbon 

goals at the national strategic level. It has also identified coordinated progress in carbon 

reduction, pollution control, ecological improvement, and economic development as a 

key pathway toward ecological civilization and high-quality growth. Moreover, an inte-

grated urban regeneration approach, known as ERUR, was introduced in 2015. The ERUR 

policy emphasizes incremental and systematic spatial interventions aimed at restoring de-

graded natural ecosystems and repairing missing or inefficient urban functions. In doing 

so, it seeks to alleviate human–land relationship tensions arising from rapid urbanization, 

including spatial shortages, ecological degradation, loss of urban character, and land-use 

imbalances, thereby improving environmental quality and enhancing urban functionality 

[9]. Beginning with the designation of Sanya as the first national pilot city in 2015, the 

ERUR policy has been progressively implemented nationwide, providing a valuable 

quasi-natural experimental setting for examining whether and how urban regeneration 

initiatives can enhance SEPCR. 

Early studies on pollutant emissions and carbon emissions largely followed separate 

research paths. Pollution-related studies initially focused on single indicators such as SO2 

and PM2.5, and later shifted toward composite pollution indices, with increasing attention 

to multi-pollutant coordinated control and related health effects [10]. In contrast, carbon 

emissions research expanded from aggregate emission control to efficiency assessment, 
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analysis of driving factors, and the examination of spatial interaction effects [11]. Alt-

hough the research focuses differ, both strands share similar theoretical foundations and 

analytical frameworks, particularly in their discussion of key drivers such as economic 

agglomeration, thereby providing an important basis for research on SEPCR. Recent stud-

ies suggest that policies such as low-carbon city pilots, carbon emissions trading, and pol-

lution permit trading can enhance SEPCR through industrial and energy structure trans-

formation [12]. However, most existing studies focus on sector-specific or single-objective 

pilot and market-based policies, while other studies examine intervention targets such as 

infrastructure development or urban agglomeration in isolation [13]. By contrast, the 

ERUR program represents a comprehensive urban regeneration initiative. It improves ur-

ban quality through spatial restructuring, functional reconfiguration, infrastructure up-

grading, and the reshaping of social networks. Its effects on SEPCR and the underlying 

mechanisms remain insufficiently explored. Urban regeneration is essentially a profound 

process of spatial reorganization. Its impacts may differ from those of conventional envi-

ronmental or economic regulatory policies, as it can more directly affect the built environ-

ment, residents’ lifestyles, and the spatial configuration of economic activities. Accord-

ingly, a key research gap arises. Can comprehensive urban regeneration initiatives, as ex-

emplified by the ERUR policy, significantly enhance SEPCR? If so, through what mecha-

nisms, and with what heterogeneous effects? Addressing these questions is crucial for im-

proving urban regeneration policy design and maximizing its environmental benefits. 

Therefore, this study employs panel data from China’s 282 prefecture-level-and-

above cities over the period 2006–2022 to examine the effects of the ERUR policy on SEPCR. 

The potential marginal contributions of this study can be summarized as follows. First, 

the study advances measurement strategies by constructing an integrated framework that 

captures both pollution and carbon reduction. By combining the Super-SBM model with 

the coupling coordination degree model, the study provides a systematic measure of 

SEPCR and its dynamic evolution over time. Second, the ERUR policy is embedded within 

the analytical framework of urban regeneration initiatives. Using a multi-period DID 

model, the study provides causal evidence of the synergistic environmental effects of ur-

ban regeneration policies. Third, through heterogeneity and mechanism analyses, the 

study highlights the context-dependent nature of policy impacts, considering geograph-

ical location, resource endowments, industrial characteristics, and urban spatial form. It 

identifies three key channels—economies of scale, industrial structure upgrading, and en-

ergy intensity improvement. Overall, this study enriches the literature on spatial policy 

instruments by clarifying how urban regeneration initiatives contribute to SEPCR. The 

findings provide empirically grounded insights that can inform coordinated pollution-

carbon governance and improve environmental governance systems in China and beyond. 

This paper is organized as follows. Section 2 reviews the related literature. Section 3 

presents the theoretical analysis and develops the research hypotheses. Section 4 describes 

the methods and data sources. Section 5 reports the empirical results. Section 6 provides 

further analysis, including heterogeneity analysis and mechanism testing. Finally, Section 

7 presents the conclusions. The research framework is illustrated in Figure 1. 



Sustainability 2026, 18, 1767 4 of 32 
 

https://doi.org/10.3390/xxxxx 

 

Figure 1. Research Framework. 

2. Literature Review 

Reviewing the existing literature, studies directly relevant to this research can be clas-

sified into three categories: independent studies on pollution reduction systems or carbon 

reduction systems, studies on synergistic pollution and carbon reduction governance, and 

studies on urban regeneration initiatives. 

The first category of the literature focuses on pollution abatement and carbon miti-

gation as independent research domains, typically treating them as two separate systems 

and analyzing them in isolation. Regarding pollution reduction, existing studies mainly 

examine the control of atmospheric pollutants such as SO2, PM2.5, and NOx. Indicators in-

cluding pollutant emissions and concentration levels are commonly used to assess envi-

ronmental quality [14,15]. In terms of carbon emission reduction, the literature primarily 

relies on indicators such as total CO2 emissions, per capita carbon emissions, and carbon 

emission intensity. These measures are widely applied to evaluate carbon emission effi-

ciency and have been extended to related areas such as green innovation [16–18]. In addi-

tion, many studies have incorporated pollution reduction systems [19] or carbon mitiga-

tion systems [20] into the Environmental Kuznets Curve (EKC) framework to explore the 

relationships between economic growth and environmental outcomes from these two per-

spectives. 

The second category of the literature mainly investigates the feasibility, evaluation 

methods, and driving factors of SEPCR. First, existing research has provided evidence for 

the presence of synergistic effects across multiple dimensions, including emission sources, 

spatial distribution, and governance effectiveness. For example, Liu et al. (2020) found 

that CO2 and various air pollutants share 22 common pathways among the top 100 major 

emission routes [21]. Wang et al. (2021) showed that a reduction of 1000 tons of industrial 

carbon emissions can lead to a simultaneous decrease of 1 ton of composite air pollutant 

emissions [22]. Zheng et al. (2018) further verified that air pollution control policies pro-

mote carbon emission reduction [23]. Second, a wide range of methods has been employed 

to measure SEPCR. These include correlation coefficient evaluation approaches [24], 
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entropy-based methods and index construction [25], nonlinear programming models [26], 

super-efficiency SBM models combined with inverse DEA methods [27], as well as cou-

pling coordination degree models integrated with spatial analysis [28]. Third, with regard 

to influencing factors, energy regulation and innovation [29], digital economy growth [30], 

and the development of green digital financial systems [31] have been shown to exert pos-

itive effects on SEPCR. Building on the premise that coordinated governance enables en-

vironmental policies to address multiple objectives simultaneously, an expanding litera-

ture has further explored the synergy-enhancing effects of policy implementation. Empir-

ical evidence suggests that a variety of environmental policy instruments—including low-

carbon city pilots [32], carbon trading policies [33], pollution discharge fee policies [34], 

renewable energy policies [35], and “zero-waste” city initiatives [36]—can effectively pro-

mote SEPCR. Finally, existing studies generally find that the synergistic effects generated 

by such policies are not limited to administrative boundaries but instead diffuse spatially 

across regions. Positive spillovers are mainly realized through technological spillovers, 

knowledge diffusion, industrial linkages, and demonstration and competition effects as-

sociated with regional collaborative governance [37]. In contrast, negative spillovers pri-

marily stem from regional disparities in environmental regulation. These disparities may 

induce a “pollution haven” effect, whereby polluting or carbon-intensive industries relo-

cate from regions with stricter regulatory regimes to those with comparatively lenient reg-

ulations [38]. Notably, the ERUR policy differs fundamentally from conventional policies 

that focus on industrial adjustment, energy transition, or market-based regulation, while 

also complementing them. ERUR takes urban space as its primary carrier and emphasizes 

systematic restoration [39]. By improving both natural and built environmental quality, it 

enhances SEPCR from the perspectives of adaptation and optimization of existing urban 

stocks. Unlike policies such as low-carbon city pilots or renewable energy demonstrations, 

which mainly target source-based emission reduction, ERUR places greater emphasis on 

integrated end-of-pipe capacity enhancement and process optimization. As a result, its 

spatial spillover mechanisms extend beyond traditional technological or industrial diffu-

sion. They also encompass ecological connectivity, landscape demonstration effects, and 

the joint construction of regional ecological security patterns, thereby offering a novel 

pathway for enhancing SEPCR. 

The third category of the literature explores urban regeneration and its related stud-

ies. As a core strategy for sustainable urban transformation, urban regeneration facilitates 

efficient resource allocation, mitigates urban decline, and upgrades urban spatial struc-

tures [40]. It functions as a lever for urban spatial governance while delivering environ-

mental benefits through targeted interventions within the urban fabric. With the acceler-

ation of urbanization and rising public expectations for higher-quality living conditions, 

the objectives of urban regeneration have moved beyond the traditional model of large-

scale slum clearance. Instead, urban regeneration has evolved toward an integrated 

framework that combines old district revitalization, ecological greening, and functional 

enhancement [41,42]. Related research has expanded to a variety of specific contexts, in-

cluding territorial spatial governance [43], urban road planning [44], micro-renewal of ur-

ban villages [45], soil erosion control and conservation [46], and the transformation of eco-

logical resources into economic value [47]. From a global perspective, urban regeneration 

practices differ markedly across stages of development. In Europe and North America, 

regeneration efforts have primarily concentrated on revitalizing deteriorating urban areas 

and modernizing infrastructure. By contrast, most cities in developing countries, includ-

ing China, remain in a phase of development-oriented transformation. Rapid urbaniza-

tion has generated a set of common challenges, including ecological degradation, infra-

structure shortages, deterioration of the built environment, and rising pollution emissions 

[48]. Against this backdrop, China’s ERUR practice adopts systematic ecological 
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interventions and spatial optimization to achieve multiple objectives simultaneously. 

These objectives encompass improvements in environmental quality, enhanced SEPCR 

performance, and stronger urban competitiveness. By integrating environmental restora-

tion with urban development, ERUR directly addresses the core concern of developing 

countries to balance economic growth with ecological protection, highlighting its distinc-

tive value in advancing urban green transformation. However, the environmental effects 

of urban regeneration have not yet reached a clear consensus in the literature. Previous 

studies have reported potential positive [49], negative [50], nonlinear [51], and even insig-

nificant relationships [52] between urbanization and carbon emissions. Notably, research 

that treats the ERUR policy as a policy shock within the context of urban regeneration 

remains relatively limited. According to Zhao et al. (2024), the ERUR policy yields a sig-

nificant improvement in land-use carbon efficiency, although the effect becomes evident 

only after two years [9]. 

In summary, prior studies provide valuable theoretical insights for this research, 

while leaving several issues unresolved. Most prior research examines carbon emissions 

or air pollutants separately, with limited attention to multi-pollutant synergies and inte-

grated environmental outcomes. Similarly, studies on urban regeneration initiatives 

largely rely on qualitative analysis, and relatively few quantitatively assess SEPCR. Ad-

dressing unresolved issues in the existing literature, this study conducts a comprehensive 

empirical investigation into how urban regeneration initiatives influence SEPCR. 

3. Theoretical Analysis 

3.1. Spatiotemporal Patterns of Pollution and Carbon Emissions in China 

The ERUR policy was officially launched in 2015. To identify the stylized facts of 

pollution and carbon emissions before and after its implementation, data on industrial 

SO2 and CO2 emissions from the year preceding the policy launch (2014) to the end of the 

sample period (2022) are examined. Spatial maps are generated using ArcGIS 10.8.1, 

where the natural breaks classification method is applied to visualize and compare the 

spatiotemporal changes in the two types of emissions, as depicted in Figure 2. The spatial 

pattern of SO2 emissions reveals that, over time, the emission range in 2022 was substan-

tially narrower than that in 2014, and both the total emission level and the high-emission 

threshold declined significantly, indicating a strong constraining effect of pollution-con-

trol efforts. Spatially, high SO2-emission zones remained concentrated in the industrial-

ized regions of East China and North China. However, the pollution intensity within these 

hotspots was markedly reduced. While spatial clustering persisted, the overall scale of 

pollution substantially contracted. In contrast, the spatiotemporal dynamics of CO2 emis-

sions exhibit different characteristics. Temporally, the overall emission range expanded 

between 2014 and 2022. While total emissions increased, the rise in the high-emission 

threshold was relatively moderate, implying that carbon reduction constraints may have 

slowed, but not reversed, emission growth. Spatially, the distribution of CO2 emissions 

remained relatively stable. North and East China consistently exhibited high-emission 

levels, whereas western regions maintained comparatively low emissions. This spatial 

path dependence reflects persistent interregional differences in economic performance, 

sectoral composition, and patterns of energy use. In high-emission regions, carbon reduc-

tion efforts were closely linked to industrial restructuring and energy efficiency improve-

ments. Nevertheless, the upward shift in the emission range suggests that ongoing struc-

tural transformation has yet to fully offset emission growth. In contrast, western regions 

with lower emission baselines appear more capable of advancing carbon reduction in con-

junction with ecological conservation. 

Taken together, the differentiated spatiotemporal patterns of SO2 and CO2 emissions 

reveal two key features of SEPCR. First, pollution reduction has generally progressed 
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more rapidly than carbon reduction. SO2 emissions have been effectively curtailed 

through end-of-pipe control technologies, which are relatively easy to implement and 

yield immediate results. Carbon reduction, by contrast, depends on deep transformations 

of industrial structures and energy systems, making progress more gradual. Second, pol-

lution and carbon emissions exhibit substantial spatial overlap, as high-emission regions 

are often also pollution hotspots. Consequently, regulatory actions targeting energy-in-

tensive industries are likely to generate simultaneous reductions in pollution and carbon 

emissions, highlighting the inherent spatial synergy underlying SEPCR. 

  

  

Figure 2. Spatiotemporal Patterns of SO2 and CO2 in China. Note: The map is based on the standard 

map of the National Administration of Surveying, Mapping and Geoinformation (Approval No. 

GS(2024)0650), the base map was not modified, the same applies below. 
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3.2. The Direct Impact of ERUR on SEPCR 

As an important policy instrument for advancing urban sustainability, the ERUR in-

itiative influences SEPCR primarily by integrating ecological restoration with comprehen-

sive urban repair actions. Ecological restoration focuses on the systematic rehabilitation 

of degraded ecosystems, with particular attention to water bodies, green spaces, and 

mountainous areas. By optimizing ecological spatial structures and improving connectiv-

ity within ecological networks, this approach increases the carbon sequestration potential 

of forests, wetlands, and soil systems. At the same time, natural processes such as vegeta-

tion photosynthesis and microbial degradation enable the simultaneous promotion of car-

bon sequestration and pollutant removal [43]. Urban repair, by contrast, targets structural 

deficiencies in the built environment, including spatial disorder and outdated infrastruc-

ture. By shifting away from energy-intensive urban expansion, enhancing human-man-

aged carbon sinks, and improving energy structures, urban repair facilitates the optimi-

zation of existing urban space and the development of green infrastructure. These 

measures improve resource utilization efficiency and public service provision while re-

ducing carbon emissions and pollutant generation at the source [40]. In summary, the 

ERUR policy establishes an ecological foundation through ecological restoration and pro-

vides contextual support through urban repair. Together, these two pathways form an 

integrated support system linking natural and built environments. By strengthening car-

bon sequestration capacity and curbing emissions at their origin, the policy guides urban 

development toward a cleaner, low-carbon, and higher-quality pathway, thereby provid-

ing institutional and practical support for the realization of SEPCR objectives. Accord-

ingly, Hypothesis 1 is proposed: 

H1. The ERUR policy can enhance SEPCR in cities. 

3.3. Mechanism Analysis of ERUR on SEPCR 

3.3.1. Economies of Scale Effect 

According to the EKC, in the early stages of economic development, economic 

growth is accompanied by rising resource consumption and pollutant emissions, leading 

to environmental degradation. After income surpasses a certain turning point, environ-

mental quality gradually improves due to technological progress, industrial upgrading, 

and increased environmental awareness, forming an inverted U-shaped relationship. 

Some studies further propose an N-shaped EKC, emphasizing that environmental pres-

sure may rise again in the absence of sustained policy intervention. This highlights the 

critical role of structural policies in achieving long-term environmental improvement [53]. 

As a comprehensive spatial governance initiative aimed at promoting high-quality 

urban development, the ERUR policy facilitates SEPCR through two interrelated stages: 

advancing the EKC turning point and consolidating the post-turning-point trajectory. In 

both stages, the economic scale effect serves as a key transmission mechanism. Before the 

EKC turning point, ERUR strengthens the urban development foundation through the 

coordinated implementation of ecological restoration and urban repair. Ecological resto-

ration rehabilitates degraded ecosystems and enhances the carbon sequestration and pol-

lution reduction capacities of natural sinks such as forests and wetlands, thereby directly 

reducing pollutant and greenhouse gas emissions. At the same time, urban repair im-

proves the built environment by promoting green infrastructure and upgrading existing 

urban space. This process replaces energy-intensive and highly polluting facilities and 

curbs incremental emissions from urban operations. Together, these interventions en-

hance environmental carrying capacity and spatial quality, attract high-end factors such 

as capital, technology, and talent, and generate a virtuous cycle of factor attraction, aggre-

gation, and diffusion [45], thereby creating favorable conditions for economic expansion. 
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After the EKC turning point, the economic scale effect further releases SEPCR benefits 

through multiple channels. First, at the technological level, economic agglomeration fos-

ters dense innovation networks and market demand, encouraging firms to upgrade green 

processes and products and accelerating the diffusion and application of green technolo-

gies [17]. Second, at the institutional level, economic development promotes the integra-

tion of environmental objectives into local governance and official evaluation systems. 

This strengthens environmental regulation, raises entry barriers, and forces the transfor-

mation of highly polluting and carbon-intensive firms [54]. Third, at the resource alloca-

tion level, factor agglomeration improves allocation efficiency and resource utilization. 

Meanwhile, infrastructure sharing and centralized governance under economies of scale 

reduce the marginal costs of pollution control, enabling coordinated source-based reduc-

tions in pollutants and greenhouse gas emissions [6]. In summary, by following the evo-

lutionary logic of the EKC, the ERUR policy provides a systematic theoretical foundation 

and practical pathway for achieving SEPCR during the process of urban economic growth. 

Based on this, Hypothesis 2 is proposed: 

H2. The ERUR policy enhances SEPCR in cities through the economies of scale effect. 

3.3.2. Industrial Structure Upgrading 

With ecological restoration and urban repair as its dual core, the ERUR policy sys-

tematically drives the transformation of urban development patterns from extensive ex-

pansion to qualitative enhancement. It establishes a solid spatial and ecological founda-

tion for industrial structure adjustment and green upgrading. On the supply side, the 

ERUR policy generates implicit environmental regulation by enhancing ecological carry-

ing capacity and restructuring urban spatial functions. Ecological restoration improves 

ecosystem stability and self-purification capacity, while urban repair optimizes the built 

environment and land use efficiency. Together, these measures increase compliance costs 

and operational pressures on high-pollution and high-energy-consumption industries 

[55]. As their development models conflict with the policy’s green orientation, traditional 

high-emission and overcapacity industries face shrinking profit margins and tighter re-

source constraints, leading some enterprises to relocate, transform, or exit the market [56]. 

This process releases key production factors, including land and capital, which can be 

reallocated toward low-pollution, high value-added green industries, thereby facilitating 

industrial agglomeration, technological diffusion, and industrial structure upgrading 

from the upstream of production. On the demand side, the ERUR policy significantly en-

hances urban ecological livability and residents’ quality of life. Ecological restoration im-

proves the accessibility and ecosystem service functions of green spaces and water bodies, 

while urban repair upgrades public service facilities and the overall living environment. 

These improvements increase residents’ willingness to pay for high-quality ecological en-

vironments and strengthen preferences for green consumption, stimulating demand for 

green goods and services [57]. In response to these demand-side signals, firms are incen-

tivized to incorporate environmental considerations into strategic decision-making and 

adjust production processes to enhance green competitiveness, thereby promoting indus-

trial upgrading through demand-pull mechanisms [58]. In summary, by integrating sup-

ply-side structural reforms with demand-side guidance, the ERUR policy advances green 

industrial transformation and contributes to the realization of SEPCR. Drawing on the 

above theoretical discussion, Hypothesis 3 is proposed: 

H3. The ERUR policy enhances SEPCR in cities by facilitating industrial structure upgrading. 
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3.3.3. Energy Intensity Improvement 

Lower energy intensity is essential for advancing SEPCR in cities. Prior studies indi-

cate that a 1% increase in energy intensity is associated with an approximately 0.27% rise 

in carbon emissions, underscoring the fundamental role of energy efficiency improvement 

in enhancing environmental performance [59]. Under the ERUR policy framework, the 

coordinated implementation of ecological restoration and urban repair provides multiple 

pathways for reducing energy intensity. Ecological restoration creates spatial platforms 

for renewable energy deployment, such as distributed photovoltaic and biomass systems. 

At the same time, urban repair enhances the capacity to absorb and integrate clean energy 

by upgrading infrastructure and advancing smart grid development. This integration 

lowers dependence on high-carbon energy sources, increases the penetration of clean en-

ergy in urban systems, and promotes the restructuring or phase-out of energy-intensive 

sectors [33]. In addition, the ERUR policy promotes cleaner energy consumption by fos-

tering green industrial clusters. Such industries generally exhibit lower energy intensity 

while generating relatively high value added. Their agglomeration directly reduces re-

gional energy intensity and indirectly improves energy efficiency in traditional industries 

through technology spillovers and economies of scale, jointly reducing air pollutants and 

CO2 emissions [35]. Moreover, the integration of green technologies with existing energy 

systems enhances energy allocation and utilization efficiency through dynamic monitor-

ing and optimized scheduling, further reducing energy input per unit of economic output 

and strengthening synergistic pollution and carbon reduction effects [29]. In summary, by 

reshaping urban energy structures and improving energy efficiency, the ERUR policy con-

tributes to lower energy intensity and provides systematic support for achieving SEPCR 

and advancing urban green and low-carbon transformation. Thus, Hypothesis 4 is pro-

posed: 

H4. The ERUR policy enhances SEPCR through improvements in energy intensity. 

4. Research Design 

4.1. Model Setting 

To evaluate the impact of urban regeneration initiatives on SEPCR, this study treats 

the ERUR policy as a quasi-natural experiment and employs a multi-period DID for causal 

identification. The estimations are performed using Stata 18.0. The baseline model is spec-

ified as follows: 

𝑆𝐸𝑃𝐶𝑅𝑖𝑡 = 𝛼1 + 𝛽1𝐸𝑅𝑈𝑅𝑖𝑡 + 𝜃1𝑋𝑖𝑡 + 𝜇𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡 (1) 

In Equation (1), 𝑆𝐸𝑃𝐶𝑅𝑖𝑡 represents the level of SEPCR for city i in year t. 𝐸𝑅𝑈𝑅𝑖𝑡 

indicates whether the ERUR policy was implemented in city i in year t. 𝑋𝑖𝑡 represents a 

series of control variables that may affect SEPCR, including the economic development 

level (lnpgdp), population density (pop), financial development (fin), government inter-

vention (gov), and communication scale (CS). 𝜇𝑖  and 𝛿𝑡  denote city fixed effects and 

year fixed effects, respectively, and 𝜀𝑖𝑡 is the random disturbance term. 

4.2. Variable Selection 

4.2.1. Explained Variable 

The measurement of SEPCR follows a two-step empirical framework. First, indica-

tors are selected from an input–output perspective to construct an evaluation system (Ta-

ble 1). The Super-SBM model with undesirable outputs is subsequently applied to meas-

ure pollution reduction efficiency (PRE) and carbon reduction efficiency (CRE) at the city 

level using DEArun software, as specified in the following equation [27]. 
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𝑛

𝑗=1,≠𝑘

𝜆𝑗;  𝑦
𝑑 ≤ ∑ 𝑦𝑠𝑗

𝑑

𝑛

𝑗=1,≠𝑘

𝜆𝑗;  𝑦
𝑢 ≥ ∑ 𝑦𝑞𝑗

𝑢

𝑛

𝑗=1,≠𝑘

𝜆𝑗;

𝑥 ≥ 𝑥𝑘;  𝑦
𝑑 ≤ 𝑦𝑘

𝑑;  𝑦𝑢 ≥ 𝑦𝑘
𝑢; 𝜆𝑗 ≥ 0

𝑖 = 1,2, … ,𝑚;  𝑗 = 1,2, … , 𝑛;

𝑠 = 1,2, … , 𝑟1;  𝑞 = 1,2, … , 𝑟2;

;  

(2) 

Here, 𝜌 represents either PRE or CRE. 𝑚,  𝑟1, and 𝑟2 represent the numbers of input 

indicators, desirable output indicators, and undesirable output indicators, respectively. 𝑥, 

𝑦𝑑 , and 𝑦𝑢 correspond to the elements in the input matrix, desirable output matrix, and 

undesirable output matrix, respectively. 𝑛 denotes the sample size, which consists of 282 

prefecture-level-and-above cities. 

Table 1. Indicator Selection and Definitions of SEPCR. 

Primary Indicator Secondary Indicator Description 

  PRE CRE 

Input Fixed capital stock Stock of urban fixed-asset investment at constant 2004 prices 

 Employment Year-end number of employees in urban work units 

 Energy consumption 

City-level energy consumption estimated by fitting the relationship 

between nighttime light intensity and provincial energy consumption 

[60,61] 

 Built-up area Built-up area of municipal districts 

Desirable output GDP GDP at constant 2004 prices 

Undesirable output 
Pollution Composite In-

dex or CO2 Emissions 

Pollution Composite Index, con-

structed using the entropy method 

based on indicators such as SO2 

emissions, smoke and dust emis-

sions, and PM2.5 concentration 

CO2 Emissions from fossil fuel 

combustion, cement production, 

and natural gas combustion 

In the second step, a coupling coordination degree model is adopted to construct a 

composite indicator of SEPCR. Traditional studies typically rely on pollutant and carbon 

emission indicators to capture changes in emission levels. Such approaches are unable to 

quantify the interaction between pollution reduction and carbon reduction, which may 

lead to a partial interpretation of policy effects. To address this limitation, the coupling 

coordination degree model treats PRE and CRE as two interrelated subsystems. The cou-

pling degree (C) measures the strength of interaction between the subsystems, while the 

coordination degree (D) reflects the quality of their synergy. Combined with an index of 

comprehensive development, this framework provides an integrated characterization of 

system-level benefits, whereby the joint effect of coordinated governance exceeds the ad-

ditive contributions of each subsystem. Following Liu et al. (2021) and Chen et al. (2023), 

the model is specified as follows [28,62]: 

𝐶 =
2√𝑃𝑅𝐸 × 𝐶𝑅𝐸

𝑃𝑅𝐸 + 𝐶𝑅𝐸
 (3) 

𝑇 = 𝑎 × 𝑃𝑅𝐸 + 𝑏 × 𝐶𝑅𝐸 (4) 

𝑆𝐸𝑃𝐶𝑅 = √𝐶 × 𝑇 (5) 
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Here, 𝑃𝑅𝐸 and 𝐶𝑅𝐸 represent the values of these indicators after range standardi-

zation. 𝐶 denotes the coupling degree, and T is the composite coordination index. a and 

b are parameters whose values are undetermined (with 𝑎 = 𝑏 = 0.5, treating both sys-

tems as of equal importance). 𝑆𝐸𝑃𝐶𝑅 represents the coordination degree. Considering 

that SEPCR reflects both the coupling relationship between PRE and CRE, as well as their 

development levels, it provides an integrated measure of SEPCR. Accordingly, the subse-

quent empirical analysis focuses on identifying the relationship between ERUR and 

SEPCR. 

4.2.2. Explanatory Variable 

In March 2015, China’s Ministry of Housing and Urban–Rural Development officially 

launched the ERUR pilot program, designating Sanya as the first national pilot city. Fol-

lowing Sanya’s notable implementation outcomes, the second and third batches of ERUR 

pilot cities were announced in March and July 2017, respectively, covering a total of 58 

cities (Table 2). To mitigate confounding effects in the policy evaluation, this study ex-

cludes county-level cities, focusing exclusively on data from prefecture-level cities for the 

policy effect assessment, totaling 51 cities (as shown in Figure 3). The ERUR policy imple-

mentation year is treated as the baseline for the policy shock. The time dummy variable, 

Post = 1, marks the years post shock, while Post = 0 reflects the years prior to the shock. 

Additionally, the individual dummy variable Treat = 1 is defined for ERUR pilot cities, 

and Treat = 0 for non-pilot cities. It should be noted that, to account for potential imple-

mentation lags and reduce estimation bias, a mid-year cutoff rule is applied. Specifically, 

when the ERUR policy was implemented before June 30, it is regarded as taking effect in 

the same year; otherwise, it is regarded as taking effect in the following year [63]. There-

fore, this study sets the pilot commencement year for the second batch of cities as 2017 

and for the third batch as 2018. 

Table 2. List of ERUR Pilot Cities. 

Batch Pilot Time Cities 

First Batch March 2015 Sanya 

Second Batch 
March 

2017 

Fuzhou, Xiamen, Quanzhou, Zhangjiakou, Kaifeng, Luoyang, Xi’an, 

Yan’an, Nanjing, Ningbo, Harbin, Jingdezhen, Jingmen, Hulunbuir, 

Ulanhot, Guilin, Anshun, Xining, and Yinchuan 

Third Batch 
July 

2017 

Baoding, Qinhuangdao, Baotou, Arxan, Anshan, Fuyuan, Xuzhou, Suzhou, 

Nantong, Yangzhou, Zhenjiang, Huaibei, Huangshan, Sanming, Jinan, 

Zibo, Jining, Weihai, Zhengzhou, Jiaozuo, Luohe, Changyuan, Qianjiang, 

Changsha, Xiangtan, Changde, Huizhou, Liuzhou, Haikou, Zunyi, Kun-

ming, Baoshan, Yuxi, Dali, Baoji, Golmud, Zhongwei, and Urumqi 
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Figure 3. Study Cities. 

4.2.3. Mechanism Variables 

This study selects economic density, the industrial structure upgrading index, and 

energy intensity as core mechanism variables. The specific indicators are defined as fol-

lows. (a) Economic density (ED) is measured as the natural logarithm of GDP per unit of 

urban land area (104 CNY per square kilometer). (b) The industrial structure upgrading 

index (ind) is constructed based on the methodology proposed by Liu et al. (2024), by 

forming a vector based on the value-added shares of the primary, secondary, and tertiary 

sectors in GDP, and then computing the cosine similarity between this vector and a pre-

defined benchmark vector [64]. (c) Energy intensity (energy) is defined as energy con-

sumption per unit of GDP (tons of standard coal per 104 CNY). 

4.2.4. Control Variables 

The control variables are as follows: (a) Economic development level (lnpgdp) is 

measured as the natural logarithm of real GDP per capita. Higher economic development 

generally implies stronger capital accumulation, technological capacity, and human re-

sources, which may support SEPCR improvement. (b) Population density (pop) is meas-

ured by the number of permanent residents per square kilometer, capturing the degree of 

population concentration. Population agglomeration may affect resource utilization effi-

ciency and the effectiveness of environmental governance. (c) Financial development (fin) 

is measured as the ratio of the year-end balance of deposits and loans of financial institu-

tions to regional GDP. A more developed financial system can improve resource alloca-

tion efficiency and facilitate financing for pollution and carbon reduction projects. (d) 

Government intervention (gov) is proxied by the ratio of local general budgetary expend-

itures to general budgetary revenues. Fiscal intervention may strengthen policy imple-

mentation capacity through public spending and regulatory support. (e) Communication 

scale (CS) is measured by the number of mobile phone subscriptions at year-end (in units 

of 10,000). Well-developed communication infrastructure facilitates information diffusion, 
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cross-regional coordination, and regulatory efficiency, thereby potentially improving 

SEPCR outcomes. 

4.3. Data Sources and Descriptive Statistics 

Based on the principles of data availability and temporal continuity, prefecture-level 

cities with a high percentage of missing observations are excluded. The final sample con-

sists of panel data for 282 prefecture-level-and-above cities over the period 2006–2022. The 

primary data sources include the EPS Global Statistical Data Platform, the China City Sta-

tistical Yearbook, and statistical yearbooks and annual economic and social development 

bulletins published by provincial and municipal governments. Nighttime light indicators 

are constructed by harmonizing DMSP-OLS and SNPP-VIIRS data, following the method 

proposed by Wu et al. (2021) [65]. PM2.5 concentration data are sourced from the China 

High-Resolution PM2.5 Dataset (2000–2023) provided by the National Tibetan Plateau Data 

Center, while CO2 emissions data are obtained from the Center for Global Environmental 

Research (CGER). Missing observations are imputed using linear interpolation for a small 

subset of the data. 

Before conducting the baseline regression, this study performs correlation analysis 

and VIF tests. The results indicate that VIF values for the primary variables are all well 

below 10, with a mean VIF of 2.18, also below 5, thereby mitigating the potential influence 

of multicollinearity. Table 3 summarizes the descriptive statistics for the main variables. 

Regarding the dependent variable, the maximum SEPCR value is 0.929, indicating that 

synergy between the PRE and CRE has not yet achieved full coordination. The minimum 

value is 0, suggesting that in some cities the two subsystems operate largely inde-

pendently, with weak policy integration and an extreme imbalance between the subsys-

tems. The mean SEPCR value is 0.498, with a standard deviation of 0.119, reflecting sub-

stantial heterogeneity in the effectiveness of coordinated pollution and carbon reduction 

governance across cities. With respect to the key explanatory variable, the mean value of 

ERUR is 0.058, implying that only a limited number of cities are covered by the ERUR 

policy, and the overall policy coverage remains relatively narrow. This highlights the need 

for a comprehensive empirical assessment of the impacts of such urban regeneration ini-

tiatives. Control variables exhibit considerable variation across cities, reflecting the reality 

of uneven regional development in China. The values of mechanism variables also exhibit 

significant differences, providing essential data support for subsequent examinations of 

the underlying transmission mechanisms of policy impacts. 

Table 3. Descriptive Statistics. 

Variables Obs Mean SD Min  Max  

SEPCR 4794 0.498 0.119 0 0.929 

PRE 4794 0.285 0.141 0 1 

CRE 4794 0.242 0.112 0 1 

ERUR 4794 0.058 0.233 0 1 

lnpgdp 4794 10.537 0.711 7.921 12.456 

pop 4794 476.966 603.842 5.166 8854.081 

fin 4794 2.377 1.178 0.504 21.297 

gov 4794 2.910 1.958 0.649 18.399 

CS 4794 418.321 479.352 15 4433 

ED 4794 7.045 1.346 2.190 11.996 

ind 4794 5.514 0.204 4.867 6.260 

energy 4794 2.693 1.559 0.237 21.200 
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4.4. Trend Analysis 

Figure 4 depicts the progression of SEPCR differences across the treatment and con-

trol groups, as well as relative to the national average, before and after the policy was 

enacted. The results show that the gap between the treatment and control groups increases 

steadily over time, with a noticeable acceleration after the second round of large-scale ur-

ban pilot programs in 2017. The difference between the treatment group and the national 

average remains positive and shows a sustained upward trend, indicating that pilot cities 

consistently outperform the national SEPCR average. In contrast, the gap between the 

control group and the national average is negative and continues to widen, suggesting 

persistently lower SEPCR levels in non-pilot cities. Overall, these trends provide initial 

evidence that the ERUR policy may improve SEPCR, a proposition that is examined more 

rigorously in the subsequent analysis. 

 

Figure 4. Trends Analysis Results. 

5. Results 

5.1. Parallel Trend 

This study uses the year immediately before ERUR policy implementation as the 

baseline year and defines an event window of four years before and after the policy. Ob-

servations more than four years prior to implementation are grouped into period −4, while 

those beyond four years after implementation are classified into period 4. Figure 5 illus-

trates the dynamic effects of the ERUR policy on SEPCR. The results indicate that, before 

policy implementation, the estimated coefficients are statistically insignificant and mostly 

hover around zero, suggesting that the treatment and control groups follow parallel 

trends in SEPCR. After implementation, the coefficients rise steadily over time,  implying 

that the ERUR policy is associated with a sustained enhancement in SEPCR. 
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Figure 5. Parallel Trend Test Results. 

5.2. Baseline Results 

Table 4 reports the estimated effects of the ERUR pilot policy on SEPCR. Column (1) 

presents the results without control variables or fixed effects. The estimated coefficient of 

ERUR is positive and statistically significant at the 1% level, providing preliminary evi-

dence for a positive association between ERUR and SEPCR. Column (2) further adds a set 

of control variables and includes both city and year fixed effects. The baseline coefficient 

of ERUR is 0.019, statistically significant at the 1% level, indicating that the ERUR policy 

increases urban SEPCR by approximately 1.9%. This result suggests that ERUR improves 

both emission reduction efficiency and carbon sequestration capacity through the carbon 

sequestration effects of ecological restoration and the source-based emission reduction ef-

fects of urban repair. Together, these effects support the transition of urban development 

toward a more sustainable, low-carbon trajectory. Overall, the results substantiate the pos-

itive impact of ERUR on SEPCR, supporting Hypothesis 1 and providing a basis for the 

subsequent mechanism analysis. 

In addition, to verify that ERUR has a significant effect on both PRE and CRE, but 

with a stronger impact on SEPCR, the individual effects of the ERUR pilot policy on both 

are presented in Columns (3) and (4) of Table 4. In light of these results, the subsequent 

empirical analysis will focus solely on the relationship between ERUR and SEPCR. 

Table 4. Baseline Regression Results. 

 (1) (2) (3) (4) 

Variables SEPCR SEPCR PRE CRE 

ERUR 0.021 *** 0.019 *** 0.014 ** 0.017 ** 

 (0.006) (0.006) (0.007) (0.007) 

lnpgdp  0.033 *** 0.026 ** 0.034 *** 

  (0.010) (0.012) (0.010) 

pop  0.000 *** 0.000 0.000 *** 

  (0.000) (0.000) (0.000) 

fin  −0.010 *** −0.003 −0.005 ** 

  (0.003) (0.003) (0.003) 

gov  0.004 0.006 ** 0.005 ** 
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  (0.002) (0.003) (0.003) 

CS  0.000 *** 0.000 0.000 

  (0.000) (0.000) (0.000) 

Constant 0.497 *** 0.132 −0.006 −0.151 

 (0.000) (0.106) (0.130) (0.111) 

City effects Yes Yes Yes Yes 

Year effects Yes Yes Yes Yes 

N 4794 4794 4794 4794 

Adj R-squared 0.908 0.917 0.930 0.856 

Note: Robust city-level clustered standard errors are shown in parentheses. The same applies to the 

following tables. *** and ** indicate significance at the 1%, and 5% levels, respectively. 

5.3. Robust Test 

5.3.1. Placebo Test 

To address concerns about unobserved selection bias and verify that the estimated 

impacts originate from the ERUR policy itself, this study implements a placebo test by 

randomly reallocating cities to the treatment and control groups to generate a pseudo pol-

icy variable. A total of 500 random shocks are applied to the 282 cities, and counterfactual 

tests are conducted using the baseline regression model, yielding 500 estimated coeffi-

cients. As shown in Figure 6, relative to the actual policy effect, the estimated coefficients 

obtained from the placebo shocks are concentrated around zero and approximately follow 

a normal distribution. These coefficients are significantly smaller than the true estimate of 

0.019, and most of the associated p-values are statistically insignificant. This indicates that 

the fictitious ERUR policies generated through random assignment do not produce sig-

nificant effects in the 500 simulations. Therefore, the relationship between ERUR and 

SEPCR is not significantly influenced by other unobserved factors. The policy effect iden-

tified in the baseline regression can thus be attributed to the ERUR policy, and the placebo 

test is passed. 

 

Figure 6. Placebo Test Results. 
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5.3.2. Stacked Regression Estimator 

When identifying policy effects using a multi-period DID model, differences in policy 

impacts across implementation waves give rise to heterogeneous treatment effects, which 

could potentially bias the estimated coefficients in the baseline regression. To address this 

potential bias, we follow Cengiz et al. (2019) and adopt a stacked DID approach [66]. The 

stacked DID method groups observations based on treatment timing and conducts regres-

sions accordingly, aggregating the resulting estimates with appropriate weights. Specifi-

cally, the sample is first partitioned based on the timing of policy implementation. Within 

each subsample, treated units and clean control units are constructed. The subsamples are 

then stacked to form a pooled dataset, on which the regression analysis is conducted. Ta-

ble 5 reports the results of the stacked DID estimations, further supporting the role of the 

ERUR policy in promoting SEPCR. Figure 7 presents the parallel trend plot reconstructed 

based on the stacked estimates, suggesting that the baseline results are robust to the po-

tential biases discussed above. 

Table 5. Stacked DID Results. 

Variables SEPCR 

ERUR 0.017 *** 

 (0.006) 

Controls Yes 

City effects Yes 

Year effects Yes 

N 12,648 

Adj R-squared 0.914 

Note: *** indicates significance at the 1% levels. Robust standard errors in parentheses. 

 

Figure 7. Parallel Trends Based on the Stacked DID Estimator. 

5.3.3. Goodman-Bacon Decomposition 

When treatment effects are heterogeneous, the two-way fixed-effects model may suf-

fer from biased weighting, potentially distorting the DID estimates. To address this con-

cern, this study applies the Goodman-Bacon decomposition [67] to systematically 
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decompose the DID estimator and examine its components in detail. By analyzing the 

relative weights of comparison groups, we assess the extent of potential estimation bias 

and its contribution to the overall results, as reported in Table 6. As shown in Panel A, the 

net effect of the ERUR pilot policy on SEPCR, measured by comparing treated cities with 

control cities, accounts for a dominant share of the total weight, and the sign of the esti-

mated coefficient remains unchanged. In contrast, the comparison component reflecting 

treatment effect heterogeneity, arising from comparisons between later-treated and ear-

lier-treated groups, accounts for only 0.5% of the total weight. This indicates that hetero-

geneous treatment effects have a negligible impact on the baseline estimates. Panel B fur-

ther supports this, showing that valid comparison components account for 97.9% of the 

total weight. Overall, the Goodman-Bacon decomposition results support the reliability 

and robustness of the study’s main findings. 

Table 6. Goodman-Bacon Decomposition Results. 

Panel A: Without Control Variables 

DID Comparison Weight Average DID Estimates 

Earlier T vs. Later C 0.010 −0.001 

Later T vs. Earlier C 0.005 −0.007 

T vs. Never treated 0.985 0.022 

Panel B: With Control Variables 

 Beta Total Weight 

Timing groups −0.003 0.015 

Never timing 0.022 0.979 

Within −0.332 0.006 

5.3.4. Anticipation Effect Test 

Anticipatory responses to the ERUR policy may lead to different SEPCR trends be-

tween the treatment and control groups prior to implementation, potentially complicating 

the identification of the net effect of the policy pilot on SEPCR. To test for anticipatory 

effects, this study shifts the ERUR policy implementation by one, two, and three years, 

respectively, and constructs the corresponding lead policy variables, denoted as ERUR_1, 

ERUR_2, and ERUR_3. After adding the lead terms to the baseline regression, Table 7 

shows that the core coefficient remains significant, whereas the lead variables themselves 

are insignificant. This suggests that the ERUR policy does not exhibit anticipatory effects 

on SEPCR, thereby providing further support for the robustness of the parallel trends as-

sumption. 

Table 7. Expectation Effect Test. 

 (1) (2) (3) 

Variables SEPCR SEPCR SEPCR 

ERUR 0.014 *** 0.016 *** 0.017 *** 

 (0.004) (0.004) (0.005) 

ERUR_1 0.006   

 (0.005)   

ERUR_2  0.004  

  (0.005)  

ERUR_3   0.003 

   (0.005) 

Constant 0.132 0.132 0.132 

 (0.106) (0.106) (0.106) 

Controls Yes Yes Yes 
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City effects Yes Yes Yes 

Year effects Yes Yes Yes 

N 4794 4794 4794 

Adj R-squared 0.917 0.917 0.917 

Note: *** indicates significance at the 1% level. Robust standard errors in parentheses. 

5.3.5. PSM-DID 

To address potential selection bias in evaluating the ERUR policy, we follow Heck-

man (1998) and employ a PSM-DID approach as a robustness check [68]. Specifically, all 

control variables are used as matching covariates. A 1:2 nearest-neighbor matching pro-

cedure is conducted annually, after which the multi-period DID model is re-estimated on 

the matched sample. As reported in Column (2) of Table 8, the estimated coefficient for 

ERUR remains statistically significant, further supporting the robustness and validity of 

the baseline regression results. 

Table 8. PSM–DID Test. 

Variables PSM-DID 

ERUR 0.019 *** 

 (0.006) 

Constant 0.154 

 (0.106) 

Controls Yes 

City effects Yes 

Year effects Yes 

N 4691 

Adj R-squared 0.920 

Note: *** indicates significance at the 1% level. Robust standard errors in parentheses. 

5.3.6. Exclusion of Other Policies 

To address potential bias from overlapping effects of other pollution- and carbon-

related policies during the sample period, three major environmental regulations are in-

dividually added to the baseline specification. These include: (a) the Low-Carbon City 

Pilot (LCCP) policy, implemented since 2010, which seeks to identify pathways for align-

ing economic development with carbon emission reduction; (b) the Emission Trading 

Scheme (ETS), launched in 2007, which serves as a market-based mechanism for regulat-

ing pollutant emissions; and (c) the Priority Air Pollution Control Zone (PAPCZ) policy, 

established in 2013, which enhances air pollution control in key regions through targeted 

regulatory measures. As shown in Table 9, the main results remain robust after accounting 

for the potential confounding effects of these concurrent policies. 

Table 9. Exclusion of Other Policies Results. 

 (1) (2) (3) (4) (5) 

Variables SEPCR SEPCR SEPCR SEPCR SEPCR 

ERUR 0.019 *** 0.017 *** 0.019 *** 0.018 *** 0.016 *** 

 (0.006) (0.006) (0.006) (0.006) (0.006) 

LCCP  0.009 **   0.009 ** 

  (0.004)   (0.004) 

ETS   0.015 ***  0.012 ** 

   (0.005)  (0.005) 

PAPCZ    0.012 ** 0.011 ** 

    (0.005) (0.005) 
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Constant 0.132 0.125 0.128 0.121 0.113 

 (0.106) (0.105) (0.105) (0.104) (0.104) 

Controls Yes Yes Yes Yes Yes 

City effects Yes Yes Yes Yes Yes 

Year effects Yes Yes Yes Yes Yes 

N 4794 4794 4794 4794 4794 

Adj R-squared 0.917 0.917 0.917 0.917 0.918 

Note: *** and ** indicate significance at the 1%, and 5% levels, respectively. Robust standard errors 

in parentheses. 

5.3.7. Other Robustness Tests 

To ensure the reliability of empirical findings, we conduct a series of additional ro-

bustness tests. First, to address potential bias from separately measuring PRE and CRE 

prior to coupling, this study follows Zhu et al. (2023) and uses industrial SO2 and CO2 

emissions to measure pollution and carbon reduction levels, respectively [69]. These indi-

cators are then coupled to construct an alternative measure of SEPCR. Given that green-

house gas and air pollutant emissions are undesirable outputs, a lower value of the cou-

pling coordination index indicates a stronger interdependence between pollution and car-

bon emissions, thereby indicating a higher level of synergistic performance. The corre-

sponding regression results are reported in Column (1) of Table 10. Second, to test the 

generalizability of the policy effects, this study follows Yu and Hu (2024) and re-estimates 

the model after excluding China’s four centrally administered municipalities, 28 provin-

cial capital cities, and 15 sub-provincial cities, which typically play a leading role in re-

gional development [70]. The estimation results are presented in Column (2) of Table 10. 

Third, to eliminate potential interference from COVID-19, observations from 2020 are ex-

cluded from the sample, with the corresponding results shown in Column (3) of Table 10. 

Fourth, in constructing SEPCR using the coupling coordination degree model, equal 

weights are initially assigned to PRE and CRE (a = b = 0.5). To assess the sensitivity of the 

results to alternative weight specifications, the weights are redefined as (a, b) = (1/3, 2/3) 

and (2/3, 1/3), following Song (2018) [71], with the results shown in Columns (4) and (5) 

of Table 10. Finally, drawing on Chernozhukov et al. (2018), this study employs a double 

machine learning (DML) framework for further robustness checks [72]. The sample is ran-

domly split at a 1:3 ratio, and Lasso regression is used for parameter estimation, with the 

results presented in Column (6) of Table 10. In addition, neural network methods are ap-

plied for identification, and the corresponding results are shown in Column (7). Overall, 

these robustness checks consistently indicate that the ERUR policy exerts a statistically 

significant and positive effect on SEPCR, in line with the baseline findings. 

Table 10. Other Robustness Tests Results. 

 (1) (2) (3) (4) (5) (6) (7) 

 

Outcome Var-

iable Re-

placement 

Exclusion of 

Central Cities 

Exclusion of 

COVID-19 

Interference 

a = 1/3 

b = 2/3 

a = 2/3 

b = 1/3 

Lasso Regres-

sion 

Neural Net-

work 

Variables SEPCR SEPCR SEPCR SEPCR SEPCR SEPCR SEPCR 

ERUR −0.404 ** 0.016 ** 0.019 *** 0.019 *** 0.019 *** 0.018 *** 0.195 *** 

 (0.190) (0.006) (0.006) (0.006) (0.006) (0.003) (0.057) 

Constant −4.274 ** 0.061 0.171 0.102 0.161   

 (2.049) (0.115) (0.104) (0.107) (0.105)   

Controls Yes Yes Yes Yes Yes Yes Yes 

City effects Yes Yes Yes Yes Yes Yes Yes 

Year effects Yes Yes Yes Yes Yes Yes Yes 
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N 4794 4199 4512 4794 4794 4794 4794 

Adj R-squared 0.923 0.911 0.917 0.905 0.926   

Note: *** and ** indicate significance at the 1%, and 5% levels, respectively. Robust standard errors 

in parentheses. 

6. Further Analysis 

6.1. Heterogeneity Analysis 

6.1.1. Geographical Location Heterogeneity 

Based on China’s regional classification, the full sample is divided into four subsam-

ples—Eastern, Central, Western, and Northeastern regions—and separate regressions are 

conducted. As reported in Table 11, the ERUR policy exhibits a statistically significant 

positive effect on SEPCR primarily in the eastern region. Although the estimated coeffi-

cients for the central, western, and northeastern regions remain positive, they are not sta-

tistically significant, with magnitudes decreasing in the order of Western, Central, and 

Northeastern China. These regional disparities likely reflect differences in development 

foundations and factor endowments. The eastern region benefits from stronger economic 

capacity and technological advantages, which facilitate industrial upgrading toward high 

value-added and low-pollution sectors, thereby amplifying the SEPCR-enhancing effect 

of ERUR. In contrast, the central and western regions face constraints stemming from 

weaker economic bases, limited access to high-end production factors, and the relocation 

of pollution-intensive industries from the east. These factors increase energy-intensive ac-

tivities and may weaken policy effectiveness. Notably, the western region displays a rel-

atively larger coefficient than the central region, possibly because ecological restoration 

generates higher marginal returns in areas with more fragile ecological baselines. By com-

parison, the northeastern region is characterized by slow industrial restructuring, heavy 

reliance on energy-intensive industries, and weaker factor agglomeration, which together 

limit ERUR’s capacity to enhance SEPCR. 

Table 11. Geographical Location Heterogeneity Results. 

 (1) (2) (3) (4) 

Variables Eastern Central Western Northeastern 

ERUR 0.021 *** 0.008 0.017 0.003 

 (0.008) (0.012) (0.011) (0.010) 

Constant −0.063 0.528 *** 0.036 −0.933 *** 

 (0.174) (0.159) (0.251) (0.313) 

Controls Yes Yes Yes Yes 

City effects Yes Yes Yes Yes 

Year effects Yes Yes Yes Yes 

N 1462 1360 1411 561 

Adj R-squared 0.948 0.927 0.907 0.900 

Note: *** indicates significance at the 1% level. Robust standard errors in parentheses. 

6.1.2. Resource Endowment Heterogeneity 

Following Tang et al. (2025), the 282 cities are further classified into resource-based 

and non-resource-based cities, followed by group-specific regression analysis [13]. Table 

12 indicates that the ERUR policy significantly improves SEPCR in non-resource-based 

cities, whereas it has no significant effect in resource-based cities. This heterogeneity pri-

marily reflects differences in industrial path dependence. Non-resource-based cities are 

less constrained by resource-dependent industrial structures, enabling the ERUR policy 

to enhance SEPCR through strengthened environmental and spatial constraints that 
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accelerate the exit or relocation of pollution-intensive firms, as well as through improved 

urban amenities that attract capital and technology and facilitate the adoption of green 

technologies. Conversely, resource-based cities are heavily reliant on industries centered 

around mineral resources. In these cities, ERUR mainly raises operating costs for incum-

bent firms but has limited capacity to induce rapid adjustments in industrial composition 

or energy structures. Moreover, ecological restoration efforts often concentrate on reme-

diating extraction-damaged areas, providing only limited support for SEPCR. As a result, 

the overall policy effect in resource-based cities remains weak. 

Table 12. Resource Endowment Heterogeneity Results. 

 (1) (2) 

 Resource-Based Non-Resource-Based 

ERUR 0.006 0.019 *** 

 (0.006) (0.005) 

Constant 0.030 0.238 *** 

 (0.129) (0.090) 

Controls Yes Yes 

City effects Yes Yes 

Year effects Yes Yes 

N 1938 2856 

Adj R-squared 0.906 0.934 

Note: *** indicates significance at the 1% level. Robust standard errors in parentheses. 

6.1.3. Industrial Characteristic Heterogeneity 

To examine urban industrial heterogeneity, the sample is divided into old industrial 

base cities and non-old industrial base cities based on the National Plan for the Adjust-

ment and Renovation of Old Industrial Bases (2013–2022) [30]. Table 13 indicates that the 

ERUR policy has no significant effect on SEPCR in old industrial base cities, while it has a 

statistically significant positive effect in non-old industrial base cities. This heterogeneity 

primarily reflects differences in historical industrial structures and development trajecto-

ries. Old industrial base cities are dominated by heavy industry and traditional manufac-

turing, characterized by high energy consumption, emissions, and strong path depend-

ence and resource curse effects. High sunk costs, employment inflexibilities, and techno-

logical limitations in these cities impede industrial transformation, making it difficult for 

ERUR to prompt swift adjustments in industrial and energy systems. In contrast, cities 

outside old industrial bases tend to have more diversified industrial structures, with lower 

reliance on heavy industries and higher shares of tertiary and high-tech sectors. This flex-

ibility enhances their ability to adopt green policies and technologies, enabling ERUR to 

more effectively promote industrial and energy optimization and support low-carbon de-

velopment pathways. 

Table 13. Industrial Characteristic Heterogeneity Results. 

 (1) (2) 

 Old Industrial Base Cities Non-Old Industrial Base  

ERUR 0.001 0.033 *** 

 (0.008) (0.008) 

Constant −0.016 0.103 

 (0.165) (0.146) 

Controls Yes Yes 

City effects Yes Yes 
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Year effects Yes Yes 

N 2142 2652 

Adj R-squared 0.924 0.924 

Note: *** indicates significance at the 1% level. Robust standard errors in parentheses. 

6.1.4. Spatial Form Heterogeneity 

Urban sprawl is a typical spatial expansion pattern in the process of urbanization, 

characterized by disorderly outward expansion of built-up areas toward urban peripher-

ies in a low-density, dispersed manner [73]. To examine the heterogeneous effects of urban 

spatial form on SEPCR, we adopt the urban sprawl index constructed by Wang and Wang 

(2023) [74], as specified in Equation (6). Based on this index, ERUR pilot cities are classified 

into high-intensity urban sprawl and low-intensity urban sprawl groups for separate re-

gression analysis. In this index, 𝐴𝑖𝑡 and 𝐴𝑖𝑙   denote the built-up area of city i in year t 

and in the baseline year (2006), respectively. 𝑃𝑖𝑡   and 𝑃𝑖𝑙   represent the corresponding 

population sizes in the respective years. 

𝑆𝑝𝑟𝑎𝑤𝑙 =
𝐴𝑖𝑡 𝐴𝑖𝑙⁄

𝑃𝑖𝑡 𝑃𝑖𝑙⁄
 (6) 

Table 14 reveals that cities with low-intensity urban sprawl exhibit significantly 

stronger effects in SEPCR, whereas cities with high-intensity sprawl display insignificant 

synergistic effects. In low-sprawl cities, compact and orderly spatial structures facilitate 

integrated environmental governance. Reduced commuting distances increase the feasi-

bility of low-carbon mobility options, which in turn lowers fossil energy use and curbs 

carbon emissions and air pollutant generation at the source. At the same time, the estab-

lishment of urban growth boundaries protects ecological land, such as green spaces and 

wetlands, thereby enhancing their functions in carbon sequestration and pollutant re-

moval. Moderate population and industrial agglomeration further enhance the efficiency 

of public infrastructure, including sewage treatment and district heating, through econo-

mies of scale, thus lowering energy consumption and governance costs. Together, these 

mechanisms foster a positive feedback loop of source control, ecological enhancement, 

and efficient governance, resulting in stronger synergistic effects. In contrast, high-inten-

sity urban sprawl generates systemic inefficiencies through disorderly expansion. Low-

density spatial patterns exacerbate job–housing separation and dependence on motorized 

commuting, leading to higher energy use, carbon emissions, and exhaust pollution. Mean-

while, the expansion of built-up areas erodes ecological regulation functions and increases 

both governance costs and coordination complexity. As a result, emission growth tends 

to outweigh governance gains, making it difficult to achieve SEPCR in cities characterized 

by high-intensity urban sprawl. 

Table 14. Spatial Form Heterogeneity Results. 

 (1) (2) 

 High-Intensity Urban Sprawl Low-Intensity Urban Sprawl 

ERUR 0.012 0.024 *** 

 (0.008) (0.007) 

Constant 0.041 0.233 

 (0.141) (0.141) 

Controls Yes Yes 

City effects Yes Yes 

Year effects Yes Yes 

N 2294 2500 

Adj R-squared 0.908 0.926 
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Note: *** indicates significance at the 1% level. Robust standard errors in parentheses. 

Figure 8 presents the results of four heterogeneity analyses. In each panel, markers 

indicate subgroup-specific estimates, and horizontal bars depict confidence intervals. 

Statistical significance is indicated when the confidence interval does not include zero.  

  

  

Figure 8. Heterogeneity Analysis Results. 

6.2. Mechanism Analysis 

This study establishes the following models to systematically examine the impact 

mechanism of the ERUR policy on SEPCR: 

𝑀𝑒𝑐ℎ𝑎𝑛𝑖𝑠𝑚𝑖𝑡 = 𝛼2 + 𝛽2𝐸𝑅𝑈𝑅𝑖𝑡 + 𝜃2𝑋𝑖𝑡 + 𝜇𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡 (7) 

𝑆𝐸𝑃𝐶𝑅𝑖𝑡 = 𝛼3 + 𝛽3𝐸𝑅𝑈𝑅𝑖𝑡 + 𝛾3𝑀𝑒𝑐ℎ𝑎𝑛𝑖𝑠𝑚𝑖𝑡 + 𝜃3𝑋𝑖𝑡 + 𝜇𝑖 + 𝛿𝑡 + 𝜀𝑖𝑡 (8) 

where 𝑀𝑒𝑐ℎ𝑎𝑛𝑖𝑠𝑚𝑖𝑡  denotes the mechanism variable, and the other variables are defined 

as explained earlier. As reported in Table 15, the theoretical mechanism analysis indicates 

that the ERUR policy influences SEPCR primarily through three main channels: econo-

mies of scale (ED), industrial structure upgrading (ind), and energy intensity improve-

ment (energy). The ERUR coefficient in Column (2) shows that the policy promotes eco-

nomic scale expansion by attracting capital, technology, and talent, while improving re-

source allocation efficiency. These effects unlock economies of scale and improve the ef-

fectiveness of centralized environmental governance, thereby strengthening SEPCR. Ac-

cordingly, Hypothesis 2 is supported. The results in Column (4) show that the ERUR 
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policy generates implicit environmental regulation through ecological restoration and ur-

ban spatial optimization. These effects compel firms to adjust production processes and 

factor allocation, accelerate green industrial transformation, and thus improve SEPCR. 

Thus, Hypothesis 3 is confirmed. Similarly, the ERUR coefficient in Column (6) shows that 

the policy accelerates the shift from carbon-heavy to clean energy sources. This transition 

results in a cleaner energy mix, reduces energy intensity, and mitigates CO2 and air pol-

lutant emissions, reinforcing SEPCR. Therefore, Hypothesis 4 is validated. 

Table 15. Mechanism Tests. 

 (1) (2) (3) (4) (5) (6) 

Variables ED SEPCR Ind SEPCR Energy SEPCR 

ED  0.062 ***     

  (0.018)     

ind    0.056 ***   

    (0.017)   

energy      −0.024 *** 

      (0.002) 

ERUR 0.053 *** 0.016 *** 0.027 * 0.018 *** −0.436 *** 0.009 * 

 (0.018) (0.005) (0.014) (0.006) (0.085) (0.005) 

Constant −0.595 0.169 * 4.590 *** −0.124 5.761 *** 0.270 *** 

 (0.587) (0.095) (0.230) (0.125) (1.971) (0.078) 

Controls Yes Yes Yes Yes Yes Yes 

City effects Yes Yes Yes Yes Yes Yes 

Year effects Yes Yes Yes Yes Yes Yes 

N 4794 4794 4794 4794 4794 4794 

Adj R-squared 0.995 0.919 0.838 0.918 0.714 0.945 

Note: *** and * indicate significance at the 1%, and 10% levels, respectively. Robust standard errors 

in parentheses. 

7. Discussion and Conclusions 

At a critical stage of China’s transition to greener, decarbonized development, urban 

regeneration initiatives have become key policy tools for promoting high-quality urban 

growth and achieving SEPCR. Using panel data for 282 prefecture-level-and-above cities 

from 2006 to 2022, this study exploits the ERUR pilot as an exogenous policy shock and 

applies a multi-period DID framework to identify its impact on SEPCR. The results show 

that the ERUR policy significantly increases SEPCR by approximately 1.9%. Heterogene-

ity analyses reveal that the effects vary by geography, resource endowments, industrial 

characteristics, and spatial form, with stronger impacts in the eastern regions, non-re-

source-based cities, non-old industrial base cities, and cities with lower urban sprawl. 

Mechanism analyses further show that ERUR enhances SEPCR primarily by leveraging 

economies of scale, promoting industrial structure upgrading, and reducing energy inten-

sity. Overall, these findings provide robust empirical evidence for refining urban regen-

eration policies, advancing differentiated pollution–carbon governance strategies, and 

promoting sustainable urban development and ecological civilization. 

The findings generate several key policy implications. First, the top-level incentive 

framework for collaborative governance should be restructured to correct distorted incen-

tives and mitigate spatial competition. Under fiscal decentralization and promotion tour-

nament systems, local governments often prioritize economic growth and fiscal revenue, 

which encourages regulatory relaxation and “race-to-the-bottom” dynamics and compli-

cates the integration of SEPCR into performance evaluation. Excessive focus on short-term 

performance may intensify intergovernmental competition, leading to campaign-style 
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emission reductions, carbon leakage, and pollution haven effects [32,38]. Therefore, a cost-

effective and responsibility-oriented governance framework is essential. This includes es-

tablishing regional environmental cooperation mechanisms with harmonized regulatory 

standards, improving cross-regional compensation and fiscal transfer schemes, and inte-

grating SEPCR as a core criterion in official evaluations. Strengthening environmental en-

forcement will help transform spatial spillovers from zero-sum competition into cooper-

ative outcomes. Second, ERUR policies should be better aligned with urban characteristics 

through differentiated and adaptive design. Given substantial heterogeneity in resource 

endowments, development stages, and institutional capacity, the effectiveness of ERUR 

policies varies considerably across cities. Eastern regions generally benefit from stronger 

legal frameworks and greater fiscal and technological capacity, whereas many cities in 

central, western, and old industrial regions face constraints related to regulatory capacity 

and institutional flexibility. A “one-city-one-policy” approach is essential. Cities should 

be classified according to functional zoning and supported through region-specific strat-

egies, with eastern cities focusing on technological and industrial upgrading, and other 

regions prioritizing digital infrastructure development, talent attraction, and employ-

ment-supporting policies. Dynamic feedback mechanisms, including policy simulation 

and early-warning systems, should also be established to enhance adaptability. Third, the 

institutional foundations of SEPCR under ERUR policies should be strengthened by im-

proving supporting systems along key transmission channels. Policy efforts should focus 

on economic scale effects, industrial upgrading, and energy intensity improvement. This 

requires increased investment in green R&D, the use of fiscal and tax instruments to guide 

firms toward greener production, the accelerated deployment of clean energy technolo-

gies and intelligent monitoring systems, and enhanced collaborative innovation and tal-

ent-support mechanisms to sustain long-term SEPCR improvements. 

This study advances the literature on urban environmental governance by examining 

the environmental and climate effects of urban regeneration from a spatial governance 

perspective. Unlike prior research that focuses on isolated environmental regulations or 

specific technological pathways, it situates urban regeneration within a broader spatial 

governance framework and evaluates its role in promoting SEPCR. This approach re-

sponds to recent international calls to integrate spatial planning and transitional govern-

ance into sustainability analyses, while addressing the limited empirical evidence on the 

environmental impacts of spatial policies. The findings clarify the mechanisms through 

which urban regeneration influences SEPCR, showing that ERUR policies operate primar-

ily through economies of scale, industrial structure upgrading, and energy intensity im-

provement. These results illustrate how spatial interventions can reshape production or-

ganization, factor allocation, and energy use. Moreover, significant heterogeneity across 

regions, resource endowments, industrial characteristics, and spatial forms highlights the 

context-dependent nature of policy effectiveness, emphasizing the importance of place-

based sustainability strategies over one-size-fits-all policies. Beyond China, the ERUR ex-

perience shows how urban regeneration can be integrated with environmental regulation 

and climate mitigation through a pilot-based, incremental approach. Such modular policy 

designs—combining spatial planning, environmental governance, and economic restruc-

turing—provide a flexible reference for cities globally pursuing low-carbon and sustaina-

ble development under varying institutional conditions. 

Nevertheless, several limitations remain that require further examination. First, due 

to data availability and consistency constraints, this study utilizes panel data for cities 

from 2006 to 2022. Micro-level data from counties and firms are not included, which 

means that the mechanism analysis relies mainly on macro-level correlations and infer-

ences, lacking direct verification of micro-level transmission channels. Due to data time 

constraints, it is difficult to fully assess the long-term sustainability of the policy effects. 
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Future research could conduct multi-scale longitudinal case studies, focusing on key en-

terprises within urban regeneration districts to analyze the evolution of industrial struc-

tures during the regeneration process, and integrate these findings with macro-level ef-

fects. Expanding the temporal scope of the data would also enrich and improve research 

conclusions in this field. Second, this study uses the ERUR policy as a proxy for urban 

regeneration to examine its impact on SEPCR. Although ERUR is a comprehensive initia-

tive, urban regeneration is inherently multidimensional, involving spatial restructuring, 

functional upgrading, and social inclusion, which may not be fully captured by a single-

policy perspective. Future research could broaden the scope by incorporating multiple 

policy instruments to evaluate governance performance more comprehensively. Finally, 

as the analysis is based on data from Chinese cities, the findings and policy implications 

are shaped by China’s institutional context. Extending this framework to countries or re-

gions with different institutional settings through cross-context comparisons would assess 

the external validity of the conclusions. 
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