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Green industrial policy (GIP) is a crucial instrument for driving a green, low-carbon transition. While prior research has predominantly examined its role in enhancing firms’ green performance, its potential contribution to the ecological transformation of land use has been largely overlooked. This study uses panel data from 287 prefecture-level cities in China over the period 2007–2022 and employs a multi-period difference-in-differences (DID) framework, leveraging the quasi-natural experiment provided by the “Comprehensive Demonstration Cities for Energy Saving and Emission Reduction” pilot program, to investigate the impact of green industrial policy on urban land use eco-efficiency (ULUEE). Our findings show that GIP significantly improves ULUEE, and this result remains robust across various robustness checks. Mechanism analysis indicates that the policy stimulates urban green technological innovation and optimizes the energy consumption structure, both of which contribute to higher ULUEE. Heterogeneity analysis further reveals that the policy’s positive effects are especially pronounced in resource-declining cities, small and medium-sized cities, old industrial base cities, cities with lower levels of scientific and educational development, and cities where public environmental concern is greater. These results imply that the ecological benefits of GIP are broadly inclusive, albeit contingent upon the public’s environmental awareness. By examining GIP through the lens of land use, this paper uncovers its ecological value and offers a novel pathway for enhancing ULUEE.
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1 INTRODUCTION
Over the past 40 years of reform and opening up, China has achieved remarkable economic growth through substantial resource investment and extensive industrial expansion. However, this has resulted in a development model marked by elevated energy consumption and significant emissions, facilitating short-term economic acceleration while confronting the long-term challenge of substantial ecological costs. In 2006, China overtook the United States to become the world’s foremost carbon emitter (Zhang et al., 2017). Figure 1 illustrates the ongoing increase in carbon emissions and overall energy consumption within China’s prefecture-level administrative units. China’s coal usage is 57.64% of total energy consumption, far surpassing that of the European Union (11.18%) and the United States (11.98%) (Zhao et al., 2022). Energy consumption per unit of GDP is 1.5 times the global norm, while energy intensity is 1.3 times the global average (Zhang et al., 2020), underscoring the dual challenge of energy use efficiency. This development pattern exhibits a dual negative impact in the spatial dimension. The extraction, transportation, and transformation of fossil energy sources like coal and oil result in ecological land encroachment, exacerbation of land pollution, and fragmentation of biological habitats, thereby impairing the ecosystem’s self-repair capabilities (Haddad et al., 2015). Conversely, the unchecked growth of energy-intensive enterprises has exacerbated the inefficiency of industrial land utilization and contributed to issues of urban sprawl and irrational spatial organization (Seto et al., 2012), resulting in a misalignment of urban land resources. Inefficient land utilization consequently escalates energy consumption intensity due to redundant infrastructure development and heightened energy transmission losses. Land use eco-efficiency (ULUEE) has emerged as a crucial factor in resolving the development dilemma, encompassing not only the economic productivity of land resources but also influencing the carbon sequestration capacity of ecosystems and their potential for spatial transformation. The aforementioned model of high energy consumption and elevated emissions, along with the consequent low ecological efficiency in land use, can be largely attributed to the traditional industrial policy framework of the past. This framework has been characterized by a focus on scale expansion and cost competition (Rolfo and Calabrese, 2003). Such an orientation has led to the excessive development of resource-intensive industries while failing to effectively internalize environmental costs or promote a transition towards greener practices. Against this backdrop, ULUEE plays a crucial role in balancing economic growth with ecological protection. They are essential for promoting the green transformation of industries and improving ULUEE. The core idea is to redirect production factors from high-carbon, low-efficiency sectors to green, innovative ones through policy interventions, fundamentally transforming the industrial base and economic incentives that influence ULUEE. However, there is a lack of clear evidence about how it works and what results it produces. Global climate governance has reached a phase of heightened action intensity. As a responsible developing nation, China must navigate the dual challenges of economic development, land resource efficiency, and ecological protection through innovative green industrial policies and reforms in land governance. It is essential to identify a practical approach that reconciles developmental rights with environmental rights, which is crucial not only for its own ecological civilization but also for broader ecological considerations. This is not only relevant to the development of its own ecological civilization but also has a significant impact on the equity and efficacy of global climate regulation (Huang et al., 2025). So, under the dual-carbon goal, explaining how green industrial policy (GIP) affects land use eco-efficiency can help balance conservation and development.
[image: Line chart showing energy consumption and carbon emissions from 2000 to 2021. Energy consumption, in million tons, is represented by a dashed line. Carbon emissions, in million tons, is shown with a solid line. Both metrics generally increase over time, with carbon emissions outpacing energy consumption.]FIGURE 1 | Variations in aggregate carbon emissions and overall energy usage in urban areas of China.In recent years, the emergence of green development has led to a growing focus on ULUEE. ULUEE involves analyzing the input and output systems of various resources in urban areas, guided by sustainable urban development principles (Tan et al., 2021). As a key indicator for measuring the coordination of urban human-environment systems, this concept establishes a “input-process-output” framework: At the input end, it focuses on the intensity of production factors such as land, capital, and labor; at the process end, it emphasizes optimizing industrial layout and applying ecological technologies; at the output end, it balances economic value creation, social welfare enhancement, and ecological impact. Tan et al. (2021) characterize it as a thorough delineation of the synergistic optimization of the urban system concerning resource inputs, economic outputs, and environmental repercussions. While research on the determinants of ULUEE is very extensive, it needs further expansion (Chen Q. et al., 2023). The primary issues of ULUEE in the present study stem from the natural environment, economic development (Wang, 2023), industrial structure (Chang et al., 2023), regional economic collaboration, and the degree of urbanization (Zhang et al., 2021). Vergurg et al. examined ULUEE through ecological and sociological lenses (Verburg et al., 2010), whereas Halleux et al. examined the determinants of ULUEE in the Netherlands, Poland, and Belgium (Halleux et al., 2012). Moreover, scant work has concentrated on the function of GIP within this context. Given the adverse externality of pollution, the beneficial externality of governance, and the public goods characteristics of ecosystems, policy direction is paramount in the management of environmental pollution and the mitigation of climate change (Chu et al., 2024). Dependence only on market systems presents difficulties. The concept of central-local teamwork in governance emphasizes the need for collaboration between central and local governments on green industry policies and environmental management. GIP is crucial for this cooperation, providing guidance, regulation, incentives, and synergy to achieve dual-carbon goals and restructure the economic framework (Anzolin and Lebdioui, 2021).
GIP is a pertinent sectoral strategy that employs environmental objectives to shape the methods and framework of economic production (Busch et al., 2018). This is a set of governmental interventions designed to facilitate the transition of economic structural objectives towards green and sustainable development, primarily aimed at expediting the transformation and enhancement of green production (Matsuo et al., 2019). Unlike traditional industrial policies that primarily focus on economic growth, the green industrial policy framework considers environmental costs by strategically planning institutions, allocating resources, and guiding the market. This approach directs resources toward areas that generate lower carbon emissions. The carbon tax mechanism can restrain the uncontrolled growth of high-carbon businesses through price leverage (Metcalf, 2009), while the renewable energy subsidy program can expedite the commercialization of clean technology (Grubb et al., 2021). This policy change aims to adjust economic growth rewards by prioritizing ecological value in development assessments. Global evidence shows that effectively implementing green technologies can reduce costs of the low-carbon transition while creating benefits such as green jobs and promoting technical innovation (Dulal and Akbar, 2013). GIP primarily serves to direct industrial development by incorporating ecological principles into regulatory frameworks via instruments such as differentiated access standards, innovation subsidies, and incentives for low-carbon technology transformation (Kou et al., 2023), while also offering a cost-sharing mechanism and market expectation guidance for enterprises undergoing green transformation. The energy conservation and emission reduction policy is a key part of GIP, helping to shift the economy towards being more environmentally friendly by encouraging less resource use and pollution, while also promoting the development of clean technologies and green industries. The energy conservation and emission reduction policy depends on local governments to lead and cities to implement it, utilizing financial incentives to encourage investment. This strategy aims to accelerate innovation and economic changes to achieve emission reduction targets. Most current research looks at GIP, overall productivity, technical innovation and development (Harrison et al., 2017), and the green transformation of industries (Rogge and Reichardt, 2016), but it overlooks how GIP affects ULUEE.
This study analyzes 287 prefecture-level cities from 2007 to 2022 to clarify how GIP drives ULUEE, viewed through the lens of fiscal intervention. By constructing a difference-in-difference model, the study focuses on the transmission effect of GIP on ULUEE through green technology innovation and energy system optimization and subsequently assesses its eco-governance value. It is found that GIP makes a significant contribution to ULUEE, which remains valid following various robustness tests. Further analysis reveals that GIP improves the level of urban green technological innovation and thus enhances ULUEE. Heterogeneity analysis reveals that GIP has a greater effect on ULUEE in resource-declining cities, small and medium-sized cities, and cities in old industrial bases, which indicates that the release of the ecological value of GIP relies on a certain urban foundation, and this effect is greater in regions with high environmental concerns, confirming the “social consensus-policy effectiveness” multiplier. Additionally, this effect is more pronounced in cities with lower levels of science and technology as well as education, suggesting that GIP can help compensate for deficiencies in urban science and education to enhance ULUEE. This study improves our understanding of how GIP can positively impact the environment, shows how these policies can make urban land use more eco-efficient, and provides practical ideas for making cities greener and better for the environment.
This paper makes several significant contributions to the field, which are outlined as follows. First, this study combines GIP with the analysis of how land use can be more eco-efficient, filling a gap in research about how ecological changes happen in land resource management. The current literature predominantly examines the influence of macroeconomic factors, such as economic growth (Lambin and Meyfroidt, 2011) and technological advancement (Villoria, 2019), but there are relatively few studies on how GIP can improve ecological efficiency by changing the behavior of land use subjects. GIP can effectively promote the green transformation of industries through various policy instruments. The dedicated fund for green industry development, established by central and local governments, reduces the financial burden on enterprises. It prioritizes clean energy equipment production, recycling economy industrial parks, and low-carbon technology research and development (Khattak et al., 2022). This initiative promotes a collaborative management model of “central guidance—local synergy” to accelerate the ecological restoration of contaminated land through policy leverage. This effect enhances carbon sequestration per unit of industrial land and achieves synergy between ecological function restoration and resource utilization. Furthermore, GIP can stimulate market innovation through varied industrial orientation, thereby providing sustained impetus for enhancing ULUEE. This paper thoroughly explores why green industrial policy is important and how it helps improve ULUEE, explaining how it works and providing new ideas for research in this area.
Second, this paper undertakes a more comprehensive analysis of the ecological benefits associated with GIP and examines the pivotal role of government in facilitating ecological transformation. This study elucidates the potential of GIP through the lens of ULUEE. The academic community generally pays less attention to the role of GIP in green transition and sustainable development. Furthermore, research on ecological efficiency predominantly focuses on green finance (Taghizadeh-Hesary and Yoshino, 2019), green credit (Xu et al., 2023) and green innovation, overlooking the critical role of GIP in enhancing ULUEE and its relevance to green transition. In addition, existing studies on GIP mostly focus on its environmental benefits, such as reducing carbon emissions and improving air quality (Feng et al., 2024), while a comprehensive evaluation of its economic benefits remains inadequate. This study breaks through the traditional thinking and constructs a dual-benefit evaluation system for “environment-economy”, which reveals the internal mechanism of GIP affecting ULUEE through intermediary variables such as green technological innovation and clean energy substitution rate.
Third, this paper goes beyond the usual ways of classifying ecological transformation policy tools, such as financial support, subsidies for technological innovation (Howell, 2017), and administrative rules (Gupta et al., 2019), and for the first time looks closely at GIP as a separate tool. It also shows how GIP can create value. It further reveals the mechanism by which the value of GIP is released. Nevertheless, few studies have thoroughly discussed the capacity of GIP to facilitate green transformation and improve ecological efficiency enhancement by integrating the perspectives of land use and sustainable development. In the field of land use and urban planning, GIP can promote the innovation and development of low-carbon technologies, green buildings, clean energy, and other industries, thereby providing significant economic value in fostering sustainable industrial development and the efficient utilization of land resources.
The structure of this paper’s research is outlined as Figure 2. The second section includes the theoretical analysis and hypothesis, explaining how GIP promotes and is put into practice, along with ULUEE. The third section delineates the research model design, sources of variables, and construction methodologies. The fourth section presents the findings of the empirical analysis, which includes correlation analysis, descriptive statistics, fundamental regression, and robustness testing. The fifth section provides an in-depth analysis, detailing the empirical impact of GIP on the mechanism of ULUEE. The sixth section concludes the research and offers policy recommendations.
[image: Flowchart illustrating the influence of green industrial policy on land use ecological efficiency. The policy impacts green technology innovation and energy structure transformation. These affect total effect, innovation quality, innovation quantity, and clean energy consumption, ultimately influencing land use ecological efficiency.]FIGURE 2 | Diagram of theoretical mechanisms.2 THEORETICAL ANALYSIS AND HYPOTHESES
2.1 Green technology innovation
As urban growth increasingly faces substantial resource constraints and ecological sensitivities, the enhancement of ULUEE alongside the restoration of ecosystem carrying capacity have emerged as primary objectives within the framework of green development. In this context, green technology innovation is considered a crucial method for achieving synergy among resource conservation, pollution management, and ecological protection (Schiederig et al., 2012). GIP is a key factor in promoting green technology dissemination and institutional transformation. It influences the decision-making of enterprises and government through a triadic mechanism of industrial planning, financial incentives, and regulatory constraints (Zeng et al., 2025). Consequently, it integrates the principles of intensification and ecologization into land resource utilization, thereby systematically improving ULUEE (Yang and Umair, 2024). At the micro level, firms are key players in green technology research and development (Tang et al., 2020). GIP helps “mitigate uncertainty and guide the selection of technological pathways.” The marketization of green technology, which requires significant initial investment and has long return cycles, can be obstructed by externalities, financial constraints, and technological uncertainty (Hu and Lin, 2022). GIP reduces institutional barriers to innovation by providing specialized subsidies, offering green credits and tax exemptions, enhancing returns on green R&D (Allan et al., 2021), and promoting resource allocation towards more efficient and lower-emission technologies. The core principle of green technology is to achieve simultaneous enhancements in environmental performance and economic advantages through the alteration of resource use and pollution emissions (Rennings, 2000). The advancement of green building technologies is a focused expression of this trend. GIP has conferred institutional advantages to green buildings regarding construction land indices, volumetric rate adjustments, and government procurement, among other factors. To achieve green certification and market recognition, firms often integrate green technologies during the design phase. This technological integration reduces energy and resource consumption throughout a building’s life cycle while enhancing urban land’s energy capacity and environmental impact, thereby significantly increasing functional density and ecological sustainability per unit of land area (Hu et al., 2024). At the macro level, GIP exerts dual pressure of “incentive + constraint” on local governments via green building ratio assessments and environmental information disclosure (Tang et al., 2020), compelling them to favor green technologies during land approval and resource allocation processes. Numerous locations have established obligatory green building ratios in urban renewal and slum redevelopment initiatives, mandating that new projects attain a specific energy-efficiency rating or green star rating, which local governments utilize as a significant metric for evaluating policy implementation efficacy. This performance-driven system markedly improves the uniformity of local governments’ actions in green development, enabling them to prioritize the promotion of green technology pathways in land allocation, planning regulation, and construction licenses. Within this institutional framework, market participants, including real estate developers and industrial park investors, have opted to incorporate green building design at the initial phase of their projects to get approval efficiency, financing benefits, and policy endorsement (Hu and Lin, 2022). In this process, green technology has transitioned from being an “added value” to a “necessity,” greatly enhancing its technological significance in the land-use chain, hence facilitating the shift in land-use practices from traditional scale expansion to eco-efficiency.
GIP, through the strategic integration of traction and standard reconstruction, guides enterprises towards a sustainable technological trajectory while compelling local governments to enhance land-use decision-making through performance appraisal and information disclosure systems. This approach aims to extensively incorporate green technology in urban land development processes (Allan et al., 2021), thereby achieving the synergistic enhancement of land resource functions and the mitigation of ecological burdens. The extensive implementation of green technology alters the technological framework of land development and fosters the systematic improvement of the ecological value of land resources.
Therefore, we propose the following hypothesis.
	H1: GIP fosters green technical innovation, thereby improving ULUEE.

2.2 Energy structure transformation
Alongside the advancement of green technology innovation, the optimization and modification of the energy structure serve as a crucial conduit for green industrial regulations to enhance the eco-efficiency of land utilization (Millot and Maïzi, 2021). The traditional energy framework is predominantly dominated by fossil fuels, with energy-intensive industries monopolizing land resources. This results in inefficient land utilization and significant ecological degradation, while perpetuating elevated energy intensity and pollution levels in land units over extended periods (Haberl et al., 2020). The implementation of GIP in the energy sector is altering the entrenched reliance on high carbon, high consumption, and high pollution practices. By fostering the adoption of new energy sources and promoting low carbon energy, it initiates the reconfiguration of land use and optimization of spatial structures, thereby achieving a systematic improvement in ULUEE. Firstly, in response to the common characteristics of low-efficiency land—such as significant development resistance and declining ecological value—the GIP has substantially reduced initial investment by establishing a dedicated fund for ecological restoration. Additionally, it has implemented a land use index exchange mechanism and provided rewards for infrastructure support. These measures collectively encourage market entities to prioritize the development of low-efficiency land resources. This development approach prevents the infringement on arable land while enhancing the ecological value of land functions through vegetation restoration, soil and water conservation, and other supportive initiatives. Secondly, within the framework of reconstructing the energy supply system, the policy encourages high energy-intensive industries to cluster around integration bases for wind, hydro, and storage. This is facilitated by a system that incorporates differential carbon tax pricing, green power certificate trading, and compensated utilization of energy rights. When enterprises encounter the dual challenges of extensive energy costs and low-carbon supply chain certification, they are more likely to select regions with significant green power availability and substantial ecological capacity for production bases. This approach disrupts the traditional industrial expansion along transportation routes and facilitates an industrial spatial reorganization supported by a multi-energy complementary system. The alteration in “land use preference” induced by the shift in energy structure has fundamentally reconfigured the spatial structure and ecological distribution pattern of urban land use (Wu et al., 2011). Furthermore, GIP expedites the relinquishment of land for surplus capacity in the steel, cement, and other sectors by instituting a trading market for capacity replacement indices and enforcing negative list management for the industry. Composite land use represents a significant form of ecological system innovation, driven by changes in the energy structure (Hansen and Coenen, 2015). The innovation of new energy scenarios, driven by the transformation of the energy structure, has further expanded the ecological functional boundaries of land use. Motivated by the green industry policy, integrated usage models such as “photovoltaic + agriculture,” “wind energy + forestry,” and “rooftop + power generation” have progressively emerged as a new paradigm with regulatory backing. These models not only facilitate the coexistence of energy production and ecological protection on the same parcel of land but also enhance both system resilience and environmental adaptability within these landscapes.
Consequently, GIP has catalyzed a transition in the energy structure from a “high-carbon centralized” model to a “low-carbon distributed” framework, while simultaneously reconstructing the utilization logic and ecological function system of the land. The logic of land use and the ecological function system have been restructured in this process. Land has evolved from only serving as a platform for energy production to functioning as a spatial nexus where energy systems, ecological networks, and industrial configurations intersect, hence augmenting its ecological efficiency through this integrative process. Based on these considerations, we propose the following hypotheses:
	H2: GIP improves ULUEE by encouraging the alteration of the energy mix.

3 METHODS
3.1 Models
3.1.1 Baseline regression model
This paper considers the pilot initiative of “energy-saving and emission reduction comprehensive demonstration city” as a quasi-natural experiment, utilizing the DID model to assess the net effect of the policy on eco-efficiency in land use. Since the Ministry of Finance and the National Development and Reform Commission (NDRC) selected a number of cities to carry out energy-saving and emission reduction pilot work in 2011, 2013 and 2014 respectively, we refer to the existing study (Wang et al., 2022) to develop a multi-period difference-in-difference model, the baseline model Equation 1 is established as follows:
LUEit=α0+α1GIPit+αiColit+μi+νt+εit(1)
Where i represents city and t represents year. LUEit denotes the urban land use eco-efficiency of city i in year t; GIPit denotes the dummy variable for demonstration city, when city i is selected as a pilot city in year t, this variable is set to 1, otherwise it is set to 0; Colit is a series of control variables We focus on the coefficient α1, if α1 > 0, it means that green industrial policy can enhance urban land use eco-efficiency; if α1 < 0, it means that green industrial policy reduces urban land use eco-efficiency. α0 denotes the intercept, μi controls the urban fixed effects, vt controls the time fixed effects, and εit denotes the randomized disturbance term.
3.1.2 Mediating effects regression model
GIP is mediated by urban green technology innovation and energy structure transformation to improve urban land use eco-efficiency. This research designs a mediating effect model to ascertain if green technology innovation and energy structure transformation mediate the influence of green industrial strategy on land use eco-efficiency.
Referring to the approach of Baron and Kenny (1986), we employ a stepwise testing methodology to develop a mediating effect model. It subsequently constructs Equations 2, 3 based on Equation 1, as outlined below:
mediait=γ0+γ1GIP+ρColit+μi+νt+εit(2)
LUEit=β0+β1mediait+β2GIPit+ρColit+μi+νt+εit(3)
Among them, LUEit is the urban land use eco-efficiency of i city in the t period, mediait is the proxy variable for green technology innovation or energy structure transformation of i city in the t period, and Colit is the set of control variables. μi controls the urban fixes effects, νt controls the time fixes effects, εit represents the randomized disturbance term.
3.2 Variables
3.2.1 Explained variable
The ecological utilization of land must provide economic and social advantages while simultaneously minimizing environmental degradation and resource wastage, hence achieving eco-efficiency. Consequently, the ecological usage of urban land yields both “desired outputs” and “undesired outputs,” the latter being represented by environmental contaminants, or negative externalities resulting from land use. The traditional DEA model does not account for non-desired outputs when assessing efficiency, which limits its ability to measure efficiency values in the presence of such outputs. To address this limitation, we incorporate slack variables into the objective function and treat non-desired outputs as part of the constraints based on the traditional DEA framework. Consequently, we employ the SBM-Undesirable model to evaluate the eco-efficiency of land use. Referring to the academic research, when there is a difference in the results under the assumptions of the two techniques, the results obtained based on VRS should be prioritized (Zheng et al., 1998). Therefore, the SBM-Undesirable model based on variable returns to scale (VRS) is adopted to measure ULUEE, and its basic principle is as follows: the land use system of each city is regarded as a decision-making unit (DMU), and it is assumed that there are n decision-making units, each of which consists of m input indexes xi0, a desired output indexes yr0e and b non-desired output indexes yh0n. Defining matrix X = (x1, x2 ,… xn) ∈Rm×n, Ye = (y1, y2 ,… yn) ∈Rb×n, Yn = (y1, y2 ,… yn) ∈Rb×n, and X, Ye,Yn are all greater than zero, the set of production possibilities can be defined as p=x,ye,ynx≥Xλ,ye≤Yeλ,yn≥Ynλ,λ≥0, and then the efficiency of the green use of urban land (ρ*) can be expressed as Equation 4:
ρ*=min1−1m∑i=1mDi−xi01+1a+b∑r=1aDreyr0e+∑h=1bDhnyh0n(4)
s,t,x0=Xλ+D−,y0e=Yeλ−De,y0n=Ynλ+Dn
D−≥0,De≥0,Dn≥0,λ≥0
Where, ρ* represents urban land use eco-efficiency, 0< ρ* <1, if ρ* = 1, the decision-making unit is effective; ρ* <1 is the loss of decision-making unit’s efficiency, and there is room for optimization and improvement of inputs and outputs; D− denotes the redundancy of inputs, De denotes the insufficiency of desired outputs, and Dn denotes the redundancy of undesired outputs; and λ is the vector of weights. We construct the index system of urban land use eco-efficiency from two dimensions of factor input and output, and adopts the Super-SBM model with undesirable outputs. Table 1 illustrates the distinct connotation of each signal.
TABLE 1 | Indicator system for urban land use eco-efficiency.	Index	Interpretation	Composition
	Inputs	Land	Urban construction area/km2
	Capital	Total investment in social fixed assets (in ten thousand CNY)
	Labor	Number of employees in secondary and tertiary industries (in ten thousand people)
	Outputs	economic benefit	Desirable outputs	The added value of the second and third industries (in ten thousand CNY)
	social benefit	Total population of the city/million
	environmental benefit	Undesirable outputs	PM2.5 concentration
	carbon emissions


In terms of inputs, referring to the existing research (Jiang et al., 2021), land, capital and labor are selected as the necessary elements of land use. The land area serves as the foundation and medium for the development of urban “three living spaces,” and alterations in urban construction land area can effectively indicate the reconfiguration and structural transformation of these spaces, thereby influencing the efficiency of urban land’s green utilization. Capital and labor input are the main factors influencing regional economic efficiency and competitiveness, and the main industries in the city are the secondary and tertiary industries, so the number of employees in the secondary and tertiary industries in the city is a better measure of the input of the labor factor, and the amount of investment in fixed assets serves as an indicator of the capital factor.
In terms of outputs, the output unit is divided into desired outputs and non-desired outputs. Desired outputs encompass economic and social benefits, specifically the value added by secondary and tertiary industries and the overall urban population; undesired outputs pertain to environmental impacts, including PM2.5 concentration and urban carbon emissions (Hu et al., 2022).
In terms of economic benefits, the value of urban land is primarily reflected in industrial and commercial activities (secondary industry: industry and construction; tertiary industry: services). Agriculture (primary industry) occupies a minimal share of urban land use and has a weak link to ecological efficiency. The added value from secondary and tertiary industries directly indicates the economic intensive utilization of urban land. Thus, we use this added value as our measure for economic benefits.
Regarding social benefits, the main function of urban land is to support human activities. Population size quantifies this support capacity and serves as a key indicator of “social benefits.” Population growth drives built-up area expansion and significantly influences land use patterns. The total urban population effectively reflects how well land allocation meets social demands.
For environmental benefits, PM2.5 levels and carbon emissions represent negative externalities. PM2.5 indicates internal environmental quality, while carbon emissions highlight pressure on regional ecosystems. Together, these factors comprehensively capture the ecological costs associated with land development. Therefore, these variables are selected to represent environmental non-desired outputs.
3.2.2 Explanatory variable
The green industrial policy serves as the explanatory variable. Referring to the existing study (Hong et al., 2023), the dummy variable GIP is set based on the event that each city becomes an energy saving and emission reduction pilot city at different times, using the interaction term of the pilot city dummy variable with its construction start time dummy variable. Specifically, if city i is included in the pilot in year t, the city’s GIP in year t and subsequent years is assigned the value of 1, and 0 otherwise. The details of GIP are shown in Figure 3.
[image: Map of China highlighting areas where policies were implemented in 2011, 2013, and 2014 in varying shades of green. Gray areas indicate unimplemented policy regions by 2022. Includes an inset of Taiwan. Scale bar in kilometers is present.]FIGURE 3 | Spatial and temporal development of GIP in Chinese urban areas.3.2.3 Control variables
Referring to existing research (Zeng et al., 2022; Singh, 2023), the following variables are controlled: economic development level (EDL), measured by taking the natural logarithm of per capita GDP; industrial structure (IS), expressed as the ratio of the gross domestic product (GDP) of the secondary and tertiary industries to the GDP; and the infrastructure level (INF), measured by the per capita area of urban roads; in addition, in cities with a more dense distribution of foreign investment densely distributed cities, manufacturers have easier access to necessary capital and advanced technology and can improve land use efficiency more quickly; therefore, the impact of foreign direct investment also needs to be considered, and the degree of openness to the outside world (FDI) is measured in terms of the amount of actually utilized foreign direct investment as a share of GDP; finally, preferential policies, subsidies and incentives from the government can encourage agricultural producers to adopt a more economical, more environmentally friendly land use and promote sustainable land resource management (Chen X. et al., 2023). In this paper, the degree of government intervention (DGI) is expressed as the share of general public budget expenditure in GDP.
3.2.4 Mechanistic variables
The number of green patent applications reflects early investment in green innovation and indicates a city’s green output. Substantive innovation, characterized by high-level technological advancements, drives technological progress, while strategic innovation merely complies with government policies and involves minor, low-level innovations (Li et al., 2025). Thus, we define “high-quality” invention patents as substantive innovation and utility model or design patents as strategic innovation based on China’s patent law and existing research discussions (Hall and Harhoff, 2012). In this paper, mediating variables are constructed from two perspectives: innovation effect and energy structure transformation. The total number of green technology patent applications (TP), the total number of green invention patent applications (IP) and the green utility model patent grants (UMP) are selected as the proxy variables for the total green innovation effect, the quality of green innovation and the quantity of green innovation. The final energy consumption of wind power, nuclear power, hydropower, natural gas, and solar power (Yang et al., 2024) converted to the sum of standard coal is chosen to measure the city’s clean energy consumption. The definitions of all variables are shown in Table 2.
TABLE 2 | Definitions of key variables.	Variables	Definition (unit)	Symbol	Computed mode
	Independent variable	Urban land use eco-efficiency	ULUEE	Calculated via SBM-Undesirable model
	Dependent variable	Green industrial policy	GIP	If city i is included in the pilot in year t, assign a value of 1 to the city’s GIP in year t and subsequent years, and 0 otherwise
	Control variables	Degree of government intervention	DGI	General public budget expenditure/GDP
	The level of opening up	FDI	Actual utilization of foreign direct investment/regional GDP
	Industrial structure	IS	Secondary and tertiary GDP/Gross Regional Product
	Economic development level	EDL	ln (per capital gross regional product)
	Infrastructure level	INF	Urban road space per capita
	Mechanistic variables	Green Technology Innovation	Green technology patent applications	TP	Number of green technology patent applications
	Green invention patent applications	IP	Number of patent applications for green inventions
	green utility model patent grants	UMP	Number of green utility model patent applications
	Energy structure	Clean energy consumption	CE	Total final energy consumption of wind, nuclear, hydro, natural gas, solar (million tons of coal)


3.3 Sample and descriptive statistics
Based on the availability and completeness of the data, this paper selects the panel data of 287 prefecture-level and above cities in China from 2007 to 2022 as the research sample. With the exception of the energy-saving and emission reduction pilot cities data from the National Development and Reform Commission’s List of Comprehensive Demonstration Cities on Fiscal Policies for Energy Saving and Emission Reduction, as well as the PM2.5 concentration data from Columbia University’s Center for Socio-Economic Data and Applications, all other indicators were sourced from the Statistical Yearbook of Urban Construction of China, the China Urban Statistical Yearbook, the China Statistical Yearbook, and the CSMAR database. Individual missing data were filled in using linear interpolation to obtain 4,592 sample data.
Table 3 presents the observed values, means, standard deviations, and maximum and minimum values for each variable. The mean of ULUEE is 0.603, indicating that the ecological efficiency of the sample cities reaches only 60.3% of the theoretical optimal level, highlighting significant room for improvement. The standard deviation of 0.175 is relatively small, suggesting that efficiency values are concentrated among cities; however, there is considerable differentiation across them.
TABLE 3 | Descriptive statistics.	Variable	(1)	(2)	(3)	(4)	(5)
	Obs	Mean	SD	Min	Max.
	ULUEE	4,592	0.6030	0.1750	0.0774	1.0000
	GIP	4,592	0.0642	0.2450	0.0000	1.0000
	DGI	4,592	0.1920	0.1250	0.0426	2.3490
	IS	4,592	0.8730	0.0823	0.5010	1.0590
	FDI	4,576	0.0178	0.0200	−0.0180	0.3400
	INF	4,512	17.2816	7.5795	4.2900	42.3691
	EDL	4,592	10.5800	0.6970	4.5950	13.060
	TP	4,592	0.0569	0.1870	0.0000	3.1960
	IP	4,592	0.0279	0.1100	0.0000	2.3940
	UMP	4,592	0.0291	0.0824	0.0000	1.0960
	CE	4,464	1.2870	1.9550	0.0178	27.0400


4 RESULTS
4.1 Baseline regression
Table 4 displays the findings from the baseline regression analysis examining the impact of GIP on ULUEE. Among them, column (1) does not include any control variables, and column (2)-column (6) gradually include control variables based on the consideration of two-way fixed effects of year and city. The regression coefficients of the core explanatory variables are always significantly positive, indicating that GIP significantly improves ULUEE.
TABLE 4 | Baseline regression results.	Variables	(1)	(2)	(3)	(4)	(5)	(6)
	ULUEE	ULUEE	ULUEE	ULUEE	ULUEE	ULUEE
	GIP	0.034***	0.035***	0.034***	0.033***	0.031***	0.028***
	(3.97)	(4.03)	(4.02)	(3.88)	(3.65)	(3.27)
	EDL		0.007	−0.000	0.005	0.028***	0.028***
		(1.01)	(−0.04)	(0.63)	(3.44)	(3.40)
	DGI			−0.080***	−0.073***	−0.078***	−0.078***
			(−4.00)	(−3.68)	(−3.93)	(−3.93)
	FDI				−0.556***	−0.547***	−0.548***
				(−5.81)	(−5.73)	(−5.74)
	IS					−0.378***	−0.380***
					(−6.06)	(−6.03)
	INF						−0.001***
						(−2.83)
	City FE	Yes	Yes	Yes	Yes	Yes	Yes
	Year FE	Yes	Yes	Yes	Yes	Yes	Yes
	N	4,592	4,592	4,592	4,576	4,576	4,496
	R2	0.787	0.787	0.787	0.790	0.792	0.793


Note: t-values in parentheses, ***, **, and * represent 1%, 5%, and 10% significance levels.
4.2 Robustness check
4.2.1 Parallel trend test
Prior to evaluating the policy impact, it is essential to confirm that the sample adheres to the parallel trend assumption, meaning there is no statistical disparity between the ULUEE of the treatment group and the control group prior to the initiation of the pilot city building. Given that the development of the demonstration area is implemented in phases, this paper conducts a parallel trend test using the Event Study Approach (ESA) (Jacobson et al., 1993; Beck et al., 2010), and the model Equation 5 is set as follows:
ULUEEit=α+∑k=−56βkDi,t0+k+γXit+μt+νi+εit(5)
Where Di,t0+k denotes a dummy variable for the point in time before and after the policy in pilot city i. k <0 and k >0 denote year k before and after the policy, respectively. The coefficient is the variable on which the parallel trend test focuses, indicating the difference in ULUEE between the treatment and control groups before and after the implementation of the policy. If βk is not significantly different from 0 during k <0, it indicates that the sample in this paper satisfies the parallel trend hypothesis; conversely, it indicates that the parallel trend hypothesis is not satisfied. The rest of the variable settings are consistent with the benchmark model. In addition, this paper excludes the year before policy implementation as the benchmark year to avoid multicollinearity.
The results of the parallel trend test are shown in Figure 4, with the horizontal axis indicating the years before and after GIP was implemented and the vertical axis indicating the dynamic effects of the policy. As can be seen from the figure, the regression coefficients before GIP were not significant, thus indicating that there was no significant difference between the experimental and control group cities during this period, and the hypothesis of parallel trends is valid. In addition, GIP did not have a significant impact on ULUEE in the year it was implemented, but the effect of GIP became apparent only after the second year, and the coefficient estimates showed a significant increase as the year went on and the policy continued to deepen. The above results show that the effect of the green industrial policy has a certain lag, and shows dynamic sustainability.
[image: Line graph showing policy dynamics over time with error bars indicating 95% confidence intervals. The x-axis represents policy timing from pre-5 to post-6. The y-axis ranges from -0.05 to 0.15. Data points start around 0.05, decrease slightly, then increase past "current" to 0.10.]FIGURE 4 | Parallel trend test.4.2.2 Placebo test
Although this paper strives to eliminate as many confounding factors influencing the results as possible and incorporates two-way urban fixed effects within the multi-period Difference-in-Differences (DID) model, it remains unable to completely mitigate the omission of certain unobservable city characteristic variables due to inherent objective constraints. For this reason, the influence of other unobservable factors on the selection of policy-influenced cities is further excluded through a placebo test (Cai et al., 2016), and a dummy group is constructed to conduct a repeated 500-times sampling regression, thus generating 500 different estimates of the policy effect, and the distribution of the estimated values is shown in Figure 5. The estimated coefficients of the placebo regression in the figure are distributed around 0 and mostly insignificant, and the coefficients are far away from the coefficient 0.028 in the benchmark regression, which is a small probability event in the placebo test, i.e., the regression results under the real DID setting are not by chance. Accordingly, it can be ruled out that the benchmark results in this paper are due to unobservable factors at the city and time level, and the placebo test passes.
[image: Density plot titled "Placebo Test" shows kernel density estimates and p-values. X-axis represents coefficients from -0.05 to 0.05. Y-axis on the left shows kdensity coef1, from 0 to 30, and on the right, p values from 0 to 1. Blue line represents kernel density, and blue dots represent p-values.]FIGURE 5 | Placebo test.4.2.3 Exclusion of relevant competing policies
During the sample period, there are several policies and regulations that are similar to the energy saving and emission reduction pilot policy, which may interfere with the regression results of this paper. In order to identify and solve these problems, this paper excludes the interference of contemporaneous policies such as the Carbon Emission Trading Pilot (CET), Low Carbon City Pilot (LCC), Green Finance Reform and Innovation Pilot Area (GFRI), and Air Pollution Prevention and Control Action Plan (AKC). The specific reasons are as follows:
	1. CET can facilitate the development of green industries by leveraging the cost implications of environmental pollution and the revenue generated from carbon market quotas. Consequently, this may positively influence the efficiency of land ecological utilization.
	2. LCC contribute to enhancing the relationship between resources and the environment through institutional mechanisms designed for low-carbon development. This, in turn, provides a foundation for improving ULUEE.
	3. AKC aims to mitigate air pollution in critical regions—primarily focusing on particulate matter (PM2.5)—through source reduction strategies. These efforts directly impact undesirable outputs related to land ecological utilization efficiency.
	4. GFRI promotes the growth of green industries via innovative financial instruments and policies, potentially exerting an indirect effect on enhancing the efficiency of land ecological utilization.

In order to control the potential disturbance of GIP, this paper includes them in the model at the same time with GIP for regression test. The results in columns (1) (2) (3) (4) of Table 5 show that the impact of GIP on ULUEE is still significant at the 1% level, which further supports the robustness of the research results of this paper.
TABLE 5 | Lag period test and exclusion of relevant competing policies.	Variables	(1)	(2)	(3)	(4)	(5)
	ULUEE	ULUEE	ULUEE	ULUEE	ULUEE
	GIP	0.026***	0.024***	0.031***	0.029***	
	(2.97)	(2.82)	(3.55)	(3.35)	
	L. GIP					0.034***
					(3.91)
	CET	0.017**				
	(2.24)				
	LCC		0.031***			
		(6.21)			
	AKC			−0.015***		
			(−3.19)		
	GFRI				0.095***	
				(5.00)	
	Controls	Yes	Yes	Yes	Yes	Yes
	City FE	Yes	Yes	Yes	Yes	Yes
	Year FE	Yes	Yes	Yes	Yes	Yes
	N	4,496	4,496	4,496	4,496	4,215
	R2	0.794	0.795	0.794	0.795	0.793


Note: t-values in parentheses, ***, **, and * represent 1%, 5%, and 10% significance levels.
4.2.4 Lag period test
Considering that there may be a certain lag in the policy effect, and in order to weaken the influence of reverse causality, this paper re-runs the model test after treating the core explanatory variable one period lagged (L.GIP) (Wang and Ma, 2022), the estimation result is shown in column (5) in Table 5, and the coefficient of GIP is positive at the 1% significance level, which is in line with the results of the benchmark regression. The root cause of this lag stems from multiple time lags in policy transmission, system response, and behavioral adaptation. It takes time for policies to move from central deployment to local execution. Additionally, there is natural inertia in land ecological restoration and the replacement of high-carbon facilities. Enterprises’ initial wait-and-see attitude towards policy stability (Bao and Cardoza, 2023) and local governments’ need to balance short-term economic pressures further delay the realization of effects.
4.3 Mechanism testing
According to the policy synthesis and theoretical examination in the preceding study, GIP can improve the efficiency of ULUEE via green technology innovation and energy structure transformation. This paper classifies green technological innovation into three categories: the overall effect, the quality, and the quantity of green technological innovation. It employs the total number of green patent applications (GTP) to assess the overall effect, the number of green invention patent applications (GIP) to evaluate quality, and the number of green utility model patent applications (GUMP) to gauge quantity. To convey the results, the aforementioned indicators are multiplied by 0.0001 to modify the scale. As far as the energy structure transition is concerned, this paper refers to the measurement method of existing literature (Yang et al., 2024), and uses the sum of final energy consumption of wind power, nuclear power, hydropower, natural gas and solar energy (million tons of coal) as a proxy variable for clean energy consumption.
4.3.1 Green technology innovation
The results of the empirical tests are shown in Table 6. The regression results in columns (1), (2), (4) and (6) show that the coefficient estimates of GIP are all significantly positive at the 1% level, indicating that GIP promotes the level of green technological innovation in the city compared to other cities. Columns (3), (5) and (7) the effect of green technology innovation on ULUEE is significantly positive at the 1% level, which is consistent with the previous theoretical analysis. Green technology innovation presents a significant partial mediating effect between green industrial policy and urban land use eco-efficiency, and the hypothesis one holds.
TABLE 6 | Mediation effect analysis: green technology innovation.	Variables	(1)	(2)	(3)	(4)	(5)	(6)	(7)
	ULUEE	TP	ULUEE	IP	ULUEE	UMP	ULUEE
	GIP	0.028***	0.094***	0.019**	0.053***	0.020**	0.041***	0.019**
	(3.270)	(8.443)	(2.172)	(7.867)	(2.336)	(8.247)	(2.195)
	TP			0.100***				
			(8.496)				
	IP					0.152***		
					(7.738)		
	UMP							0.223***
							(8.523)
	Controls	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	City FE	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	Year FE	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	N	4,496	4,496	4,496	4,496	4,496	4,496	4,496
	R2	0.793	0.702	0.797	0.691	0.796	0.688	0.797


Note: t-values in parentheses, ***, **, and * represent 1%, 5%, and 10% significance levels.
4.3.2 Energy structure transformation
In order to verify the mediating path of green industrial policy affecting urban land use eco-efficiency through energy structure transformation, the impact of green industrial policy on urban land use eco-efficiency is studied using clean energy consumption as a mediating variable. The regression results are shown in Table 7, column (2) indicates that the green industrial policy can significantly enhance the clean energy consumption and activate the green and sustainable development of energy, and column (3) the role of energy structure transformation on urban land use eco-efficiency is significantly positive at the 1% level, that is, it promotes urban land use eco-efficiency in the pilot cities, and the hypothesis two holds.
TABLE 7 | Mediation effect analysis: energy structure transformation.	Variables	(1)	(2)	(3)
	ULUEE	CE	ULUEE
	GIP	0.028***	0.806***	0.017*
	(3.270)	(10.525)	(1.927)
	CE			0.016***
			(9.210)
	Controls	Yes	Yes	Yes
	City FE	Yes	Yes	Yes
	Year FE	Yes	Yes	Yes
	N	4,496	4,400	4,400
	R2	0.793	0.871	0.794


Note: t-values in parentheses, ***, **, and * represent 1%, 5%, and 10% significance levels.
4.4 Heterogeneity analysis
The preceding analysis and verification indicate that GIP has markedly enhanced ULUEE, with green technology innovation and energy structure transformation serving as intermediary factors. This paper further analyzes the disparities in urban characteristics (resource endowments, population size, industrial traits) and economic and environmental factors (environmental awareness, technological advancement, education level) influenced by GIP on ULUEE.
4.4.1 Heterogeneity of urban characteristics
Resource endowment heterogeneity test: The condition of regional resource endowment profoundly influences ULUEE, and the eco-efficiency of land usage in the majority of resource-dependent cities has not attained an optimal state. Concurrently, the quantity of resource-depleted cities is steadily rising, necessitating the enhancement of ULUEE and the advancement of green transformation in economic and social development. The “On the Issuance of the National Sustainable Development Plan for Resource-Based Cities (2013–2020)” categorizes resource-based cities into four types: growth, mature, decline, and regeneration. The analysis focuses solely on the variety of mature, declining, and regenerative cities, as the fiscal strategy for energy saving and carbon reduction does not encompass expanding urban areas. A mature city is one where resource development is stable, with resource-based industries as the mainstay, but it faces potential decline risks. A declining city has nearly exhausted resources, prominent historical legacy issues, a severely weakened economy, and struggles with transformation. A regenerative city has largely moved beyond resource dependence, with successor industries dominating and successful transformation achieved. The test of resource endowment heterogeneity is shown in Table 8. In the sample of declining cities, the coefficient of GIP is 0.143, which is significant at the 1% level. In the regenerative sample, the result in column (3) shows that the coefficient of GIP is 0.05, which is significant at the 5% level. That is, GIP enhances ULUEE in both declining and regenerating cities, and the enhancement effect on declining cities is stronger. The cause may be that declining cities possess a significant amount of traditional industrial land usage, resulting in pronounced inefficiencies in land utilization. GIP facilitates brownfield remediation and the establishment of green industrial parks via a dedicated fund to optimize the utilization of existing land resources. Mature cities are nearing land development saturation, and the lock-in effect of infrastructure and industry results in elevated transition costs and decreased marginal gains from policy implementation.
TABLE 8 | Heterogeneity analysis: city-based characteristics.	Variables	Resource endowment	City size	Industrial characteristics
	(1)	(2)	(3)	(4)	(5)	(6)	(7)
	Mature	Declining	Regenerative	Large	Small or medium	Old industrial base	Non-old industrial base
	GIP	0.039	0.143***	0.050**	−0.009	0.064***	0.060***	0.012
		(1.504)	(5.119)	(2.150)	(−0.843)	(4.810)	(4.506)	(1.034)
	Controls	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	City FE	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	Year FE	Yes	Yes	Yes	Yes	Yes	Yes	Yes
	N	960	368	240	1,584	2,912	1,456	3,040
	R2	0.759	0.756	0.919	0.797	0.763	0.775	0.806


Note: t-values in parentheses, ***, **, and * represent 1%, 5%, and 10% significance levels.
Heterogeneity test of city size: Considering that the difference in city size will bring about various impacts on resource allocation, industrial agglomeration and residents’ lifestyles, which will make the impacts of GIP on ULUEE in cities of different sizes different. This paper analyzes the heterogeneity of the sample cities into large cities and small and medium-sized cities based on the Notice on Adjusting the Standard for the Division of City Scale issued by the State Council, taking the resident population of municipal districts of “1 million people” as the dividing line. The findings in column (4) of Table 8 indicate that the coefficient for the large-scale city sample is negative and not statistically significant, whereas the coefficient for the small and medium-sized city sample is significantly positive, demonstrating that GIP substantially enhances ULUEE in small and medium-sized cities. This phenomenon may be attributed to several factors. Firstly, the industrial landscape of large cities is predominantly characterized by service and high-tech sectors. Secondly, land use in these areas is highly intensive, with development intensity having reached a critical threshold. Consequently, the potential for further energy savings and emission reductions is limited due to marginal space constraints. Additionally, the complexity of land use structures complicates interest coordination among stakeholders. As a result, the effectiveness of policy measures remains minimal. While small and medium-sized cities have rough land use, GIP can eliminate backward production capacity and guide green industries to move in, directly enhancing ULUEE.
Heterogeneity test for industrial characteristics: Due to the high overlap between pollutant emissions and industrial agglomerations, many empirical studies have verified the positive correlation between industrial agglomeration and pollutant emissions in China (Chen et al., 2020). Old industrial bases refer to relatively complete and concentrated industrial areas formed in the planned economy relying on state investment and construction. With the advancement of reform and opening up, the economic development of the regions where these old industrial bases are located has begun to lag behind that of the eastern coastal regions. As a result, China has successively launched a number of programs and strategies to promote the adjustment and upgrading of old industrial bases. Old industrial base cities are characterized by heavy industry and a high degree of government leadership and support. The government tends to help the development of enterprises that lack viability, which leads to distortions in the endowment and production structure. In addition, old industrial base cities are usually less market-oriented than new industrial base cities, which leads to heterogeneity in green industrial policy policies between the two. This paper divides the old industrial bases according to the National Old Industrial Base Adjustment and Transformation Plan (2013–2022), and divides the sample into 94 old industrial base cities and 204 non-old industrial base cities. Then, the impact of green industrial policy on the eco-efficiency of land use in cities with different industrial structures is analyzed using split-sample regression.
The results of the heterogeneity analysis of industrial characteristics are shown in column (6) and column (7) of Table 8, which indicate that GIP shows a positive enhancement of urban land use eco-efficiency in old industrial base cities, while for non-old industrial base cities, energy conservation and emission reduction pilots do not have a significant positive effect on urban land use eco-efficiency. This suggests that compared with non-old industrial base cities, green industrial policy in old industrial base cities can enhance urban land use eco-efficiency more effectively. The possible reason for this is that old industrial base cities are highly dependent on policies and need external funds to promote transformation. The industrial structure of cities that are not part of the old industrial base is characterized by greater flexibility, a higher proportion of emerging industries, and an increased degree of land use intensification. Furthermore, the effects of policy are more prominently manifested in driving technological innovation and optimizing the structure of land use.
4.4.2 Heterogeneity of the economic environment
Heterogeneity test for environmental concern: This paper measures the degree of regional environmental concern based on the frequency of environmental protection-related words in local government reports, grouped at their median, and the regression results are shown in Table 9. The impact coefficient is 0.022 in cities with high environmental protection concern, and 0.02 in cities with low environmental protection concern, but only column (1) is significant, indicating that green industrial policy has a more significant effect on the improvement of urban land use eco-efficiency in cities with greater environmental protection concern. This strongly supports the “social consensus - policy effectiveness” multiplier effect. In regions with high public attention, this effect is evident: a strong social consensus on environmental protection increases the constraints on local governments when implementing related policies. This rigidity stems from significant external pressure due to public participation and media oversight. The public monitors policy implementation through reporting, hearings, and advocacy, compelling the government to minimize symbolic enforcement and ensure compliance. The media plays a vital role by exposing issues, setting agendas, and shaping public opinion, which amplifies pressure into an unavoidable political cost that raises the risk of governmental failure in enforcing policies. Public participation provides localized supervision and feedback while media scrutiny generates widespread accountability. The synergy between these forces creates a continuous “pressure - response - escalation” dynamic. This externally driven environment of consensus-based pressure compels governments to implement policies more rigorously and transparently while optimizing enforcement processes. As a result, this significantly enhances the effectiveness of land use environmental protection policies and improves ecological efficiency overall.
TABLE 9 | Heterogeneity analysis: economic environment.		Environmental concern	Technology level	Educational level
	(1)	(2)	(3)	(4)	(5)	(6)
	High	Low	High	Low	High	Low
	GIP	0.022**	0.020	0.014	0.068***	0.016	0.028**
	(2.028)	(1.190)	(1.365)	(3.523)	(1.116)	(2.362)
	Controls	Yes	Yes	Yes	Yes	Yes	Yes
	City FE	Yes	Yes	Yes	Yes	Yes	Yes
	Year FE	Yes	Yes	Yes	Yes	Yes	Yes
	N	2,297	2,179	2,255	2,212	2,246	2,218
	R2	0.815	0.813	0.795	0.801	0.797	0.806


Note: t-values in parentheses, ***, **, and * represent 1%, 5%, and 10% significance levels.
Heterogeneity test for scientific and technological level: The primary objective of GIP is to enhance ULUEE through energy transformation, technological innovation, and other strategies. Regions with advanced technology demonstrate greater absorption capacity and higher innovation conversion efficiency, effectively translating policy guidance into productivity outcomes. According to the Environmental Kuznets Curve theory and endogenous growth theory, technological progress is essential for balancing economic growth with ecological protection. Investments in technology drive green innovations—such as clean energy solutions and circular economy technologies—thereby improving land utilization efficiency. The proportion of scientific and technological expenditure reflects local governments’ commitment to development; it quantitatively indicates their policy intentions. A higher proportion signifies a stronger focus on promoting economic transformation through technology investments, aligning with the goals of green industrial policies. Considering the heterogeneity of cities’ high-tech level, we grouped them at their median, and the regression results are shown in Column (3) and Column (4) of Table 9. The promotion effect of GIP on ULUEE in high-tech level areas is not significant, while the effect on low-tech level areas is positive at 1% statistical level, and the coefficient of the former is smaller than that of the latter, which suggests that GIP mainly affects ULUEE in low-tech level areas. The potential explanation for this phenomenon is that low-tech regions are characterized by a substantial presence of traditional industries that consume high levels of energy while exhibiting low efficiency. These areas typically have a limited initial energy-efficiency baseline. Consequently, the marginal benefits derived from green technology innovation in these regions are significantly greater than those observed in high-tech areas. This disparity ultimately results in a more pronounced enhancement of ULUEE.
Heterogeneity test for education level: Considering that the level of urban education is associated with the level of urban economic development and is related to public environmental awareness (Peng and Lin, 2009). In this paper, urban local government education expenditure is utilized as a measure of the level of urban education. The data is categorized into two groups based on educational attainment: high education level and low education level, with the median serving as the dividing point. A regression analysis is conducted, and the results are presented in Table 9. According to the regression results, the coefficient in column (6) is significantly positive, while the coefficient in column (5) is not significant, indicating that GIP has a significant effect on the enhancement of ULUEE in the areas with low education level. The observed heterogeneity in the results may be attributed to the fact that regions with higher education levels have already reached their maximum potential for land use intensity. In contrast, regions with lower education levels tend to rely more on governmental administrative directives for policy implementation. Consequently, GIP can more effectively optimize land resource allocation in lower-education regions and enhance governmental regulatory efficiency in land use through mandates for energy conservation and emissions reduction, thereby significantly improving ULUEE.
5 DISCUSSION
5.1 Conclusion
As the disparity between limited land resources and the expanding urban population during urbanization intensifies (Zhao et al., 2018), enhancing the eco-efficiency of urban land utilization has emerged as a critical concern for sustainable urbanization and development in China (Lu et al., 2018). This paper investigates GIP and its potential to enhance ULUEE through green technological innovation and transformation of the energy structure. It provides a theoretical foundation for addressing the dual challenges of efficiency and ecology in China’s utilization of land resources. GIP fundamentally reorganizes the principles of land development through the “technology-energy-land” connection mechanism. Innovations in green technology diminish the environmental burden per unit of land, while new energy configurations enhance the spatial organization of land. This dual approach significantly enhances the ecological efficiency of urban land, substantiates the efficacy of green industrial policy in addressing the “ecology-development” dilemma, and offers empirical evidence for the synergistic advancement of China’s new urbanization model and the “dual-carbon” objective. Moreover, the realization of ecological value through GIP is contingent upon a robust urban economic foundation. The essential conditions related to industry, scientific research and education, as well as environmental protection efforts enable these green industrial policies to operate more effectively, thereby enhancing ULUEE. This paper enhances the ecological significance of GIP and elucidates its mediating role in the sustainable use of land resources. However, it does not investigate the variability of policy implementation effects across diverse regional institutional contexts, nor does it systematically evaluate the long-term implications of the integration of integrating policy instruments on the multifunctionality of land use. Furthermore, the study has not examined the issue of local government alienation that may arise during policy implementation, including the possible hazards of “policy idling” or “data distortion,” which require further exploration in future research.
5.2 Policy recommendations
Regionally Differentiated Land Regeneration and Green Industry Synergy Mechanism. Tailor industrial policies to regional disparities, focusing on support for declining industrial areas and old bases. Establish a coordinated framework for “land remediation and industrial green upgrading.” Create a Central Land Ecological Regeneration Special Fund with specific purposes: Address abandoned mining sites and contaminated land; fund green low-carbon industrial parks on remediated land; provide subsidies for enterprises using nationally certified green technologies in equipment upgrades. Complementary incentives include: Phased income tax relief for projects on regenerated land; partial VAT rebates for companies implementing green renovations; introduction of low-interest loans for green technology. Establish a long-term incentive mechanism by linking new development land quotas to core ecological indicators of regenerated land, such as carbon sequestration capacity and pollution reduction intensity, creating an “Investment-Remediation-Efficiency Gain-Incentive” closed loop.
Spatial-Energy-Technology System Optimization and Institutional Innovation. Enhance the integration of the “technology-energy-land” system by mandating the inclusion of distributed photovoltaic systems, energy storage facilities, and other clean energy infrastructure in comprehensive territorial spatial planning. Focus on utilizing underused industrial rooftops, abandoned mining sites, and similar areas for hybrid wind-solar-storage energy projects. Implement flexible land use duration systems for these composite projects. Establish provincial-level ecological performance evaluation standards with indicators such as vegetation coverage and carbon sequestration volume. Pilot stratified property rights registration for “above-ground - underground/subterranean - ecological space.” In energy-intensive zones, enforce a “Clean Energy Quota and Development Intensity Linkage,” requiring enterprises/parks to install clean energy systems or “PV + carbon sink forests” based on their land area. Entities with exceptional ecological performance may receive increases in floor area ratio (FAR). Designate low-carbon industry development corridors along major energy transmission routes to secure land supply for strategic industries like new energy vehicles and energy storage. Implement “conditional land transfers tied to green projects” to promote agglomeration.
Full-Cycle Policy Governance and Capacity Building System. Strengthen governmental accountability: Integrate the “Annual Land Ecological Efficiency Improvement Rate” into local sustainable development assessments. Use multi-source data verification (“satellite monitoring + on-site validation + enterprise reporting”) for credibility. Impose penalties like reduced development quotas or adjusted fiscal transfers for non-compliant regions. Establish a National Land Ecological Efficiency Monitoring Platform to publish city rankings, subject to independent audits. Enforce strict fund oversight, banning cross-regional remediation and cosmetic restoration projects, with severe penalties for data falsification. Launch a “Green Transition Capacity Partnership Program,” mobilizing national technical institutions to provide 3–5 years of assistance (covering ecological restoration and green industry planning) to declining industrial regions, funded centrally.
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