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Abstract: Rapid urban sprawl is a key characteristic of the current urban land use changes in China.
It leads, however, to inefficient land use and spatial imbalance. This paper conducts a quantitative
analysis of the urban land use efficiency (ULUE) at a provincial scale in China, based on the SBM-GPA
integration model, and using the datasets of 31 province-level regions (provinces, municipalities
and autonomous regions) in Chinese mainland from 2008 to 2017. The analysis demonstrates that:
(1) the proportion of provinces reaching the production frontiers is low, but there are possibilities
to improve for the ULUE; (2) the provincial ULUE strongly correlates to the type of agglomeration
characteristics, and the degree of agglomeration tends to increase year by year; (3) there are three
types of clusters of provincial ULUE values: high, medium, and low; (4) the gravity center of the
provincial ULUE is located in Henan Province, where values are relatively stable and limited changes
occur. The novelty of this research is that it applies spatial modeling to characterize and analyze
ULUE spatial and temporal variations and clusters in China. Practically, this can better support
decision making in urban land use management.

Keywords: urban land use efficiency; geospatial analysis methods (GPA); slacks-based measure
model (SBM); China

1. Introduction

Urban land is the spatial carrier of urban economy, society, and environment [1], and
urban land use efficiency (ULUE) plays an important role in sustainable city develop-
ment [2,3]. In recent years, China has implemented different types of land use policies to
enhance urban land use efficiency, such as the “Increasing Deposit linkage of urban and
rural construction land” (“ZengJianGuaGou” in Chinese) (Ministry of Land and Resources
of PRC, 2004), “Guiding on intensive land use” (Ministry of Land and Resources of PRC,
2014), “Provisions for economical and intensive use of land” (Ministry of Land and Re-
sources of PRC, 2014), “Monitoring of intensive land use” (Ministry of Natural Resources
of PRC, 2020), etc. The implementation of these policies promoted the land use efficiency
significantly.
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Despite these acknowledged improvements to date, a further improvement of the
ULUE is still critical. One of the reasons is that since the reform of the tax sharing system
in China, local governments tend to opt for policies that increase the volume of real estate
projects in a largely uncontrolled and unlimited manner [4]. The impacts of these include
a continued rapid urban expansion [5] and a less efficient land use [6,7]. Moreover, it
causes land use fragmentation and disorderly urban development, unmanaged idle land
and environmental degradation [8]. Such developments restrict the social and economic
development of cities, because of the decreasing availability of land and inefficient use [9].
Hence, there is a need for the more effective use of land, which will be better able to
alleviate the contradiction between population growth and limited land supply, and ulti-
mately achieve sustainable land use [10,11]. Yet, given the current status quo of increasing
population numbers and decreasing land availability in China, improvement in the ULUE
is not evident. It is a complex quandary which necessitates a better understanding of
spatial and temporal connections and a better insight into the effectiveness of land policy
interventions [12]. This article addresses this research problem. It investigates how efficient
current urban land use is in provinces in China from the perspective of input and output.
From the analysis, we infer land policy recommendations.

This study employs the slacks-based measure model (SBM) to measure the degree
and variation of the land use efficiency of 31 province-level regions (include provinces,
municipalities and autonomous regions) in Chinese mainland between 2008 and 2017. The
characteristics of the spatial distribution of ULUE are identified using geospatial analysis
methods (GPA) combining GeoDa1.14 and GIS methods [13–16]. The findings of this
research support the development of sustainable urban land use and provide a quantitative
informed basis for government decision making.

This article starts by explaining current notions on spatial expansion, alongside in-
troducing the research trends and problems related to ULUE. The subsequent section
synthesizes the current popular methods and frameworks for measuring ULUE. The third
part introduces the freely available panel data and the SBM model. The next part describes
how to use the spatial analysis tools to analyze the efficiency of the data, and presents the
index data and model results. Finally, this article synthesizes the findings, putting forward
the corresponding conclusions and suggestions of land policy according to the data results.

2. Current State of the Art on Describing and Measuring ULUE

There are different approaches to describe, measure and analyze ULUE. Research on
ULUE relates to its evaluation [2,4,17], space–time characteristics [12,18,19], influencing
factors [20] of ULUE, and ways to improve ULUE [21–23]. Research methods are also
increasingly diversified, mainly including the coupling degree model [24], the Cobb–
Douglas production function [25], data envelopment analysis [26], stochastic frontier
analysis [27], the directional distance function [28], Theil index [29], Gini coefficient [19],
and so on (Table 1). The technological framework has evolved from a single indicator
framework reflecting the economic benefits of urban land use [30] to a multi-indicator
framework reflecting economic, social and ecological development [31]. The research scale
includes the country level [18,32], economic belts [33,34], urban agglomerations [35], and
typical cities [22,36].

The existing research on ULUE has been relatively rich, but the research on spatial
characteristics is a little insufficient, and needs to be further explored. In this study, we
apply the SBM-GPA model to evaluate ULUE considering land ecological development,
identify its spatial pattern and track its gravity shift. The integration of the SBM-GPA
model enables us to solve problems more comprehensively and effectively.
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Table 1. Methods of ULUE.

Methods Advantages Disadvantages Sources

Coupling Degree Model
Reflects the harmonious degree and benign

coordination relationship of
system components.

Only reflects the relationship between
elements; cannot reflect the internal

relationship of elements.
[24]

Cobb–Douglas
Production Function

Effectively analyzes the impact of input on
output and explores the relationship between

the number of various production factors.

Cannot distinguish the difference
between input factors, and the

calculated results may not be consistent
with the actual situation.

[25]

Data Envelopment
Analysis (DEA)

A popular non-parametric method for
evaluating the relative efficiency of

decision-making units (DMUs) with multiple
inputs and outputs.

Lacks input–output relaxation variables
and neglects data measurement errors. [26]

Stochastic Frontier
Analysis (SFA)

A popular parametric method for considering
the influence of random factors on output.

Cannot be used for multiple outputs,
but can only be used for a

single output.
[27]

Directional Distance
Function (DDF)

Widely used to process efficiency evaluation
and obtains unbiased dynamic efficiency

evaluation results.

Lacks theoretical basis and does not
discuss the choice of direction. [28]

Theil Index Reflects the overall difference and reveals the
source of regional difference.

Does not consider how subsamples
within a subpopulation are distributed. [29]

Gini Coefficient
Quantitatively describes the characteristics of
spatial differences and reveals the composition

and source of spatial differences.

Reflects a general time point change,
and cannot reflect the overall change

process and situation.
[19]

3. Data and Methods
3.1. Data

Panel data of 31 province-level regions in China of 2008–2017 (excluding Hong Kong,
Macao, Taiwan) were employed to analyze the degree and variation of ULUE (Figure 1).
These data provide information on fixed asset investments, the area of construction land
areas, employees in the secondary and tertiary industries, the added value of the secondary
and tertiary industries, per capita disposable income of urban residents, the greenery
coverage of urban area, and industrial sulfur dioxide emissions, etc. The fixed asset
investment is expressed in the form of currency, and the total amount of work and expenses
are related to the construction and purchase of fixed assets by the whole society in a certain
period of time. All these data are part of the China Statistics Yearbook (National Bureau of
Statistics of China, 2009–2018), which is openly accessible and can be used freely.

3.2. Methods

This study employed the integrated method named SBM-GPA (Figure 2) to evaluate
and analyze the ULUE in China. The input parameters were categories of urban land
input indicators and output indicators (including expected output and undesired output
indicators). The GPA model undertook the spatial statistical analysis of technical efficiency,
pure technical efficiency, and scale efficiency. Technical efficiency (TE) can be decomposed
into pure technical efficiency (PTE) and scale efficiency (SE), TE = PTE × SE and TE is
equal to 1 only if both PTE and SE are equal to 1, which means that this index is efficient.
PTE reflects the production efficiency of input factors at the optimal scale of decision-
making unit, and SE reflects the difference between the actual scale and the optimal
production scale.

The GPA model includes 2 sub-models: the spatial autocorrelation model and center of
gravity analysis model. The spatial autocorrelation model identifies global and local spatial
distribution patterns; it is calculated by the Global Moran Index. Calculating global spatial
distribution patterns can rely on a clustering mode, discrete mode or random mode. The
center of gravity analysis model can return the changing trend of the spatial distribution.
The SBM-GPA integrated model can identity and visualize spatial patterns and spatial
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trends of urban land efficiency. Specifically, the SBM model can measure the ULUE value of
different provinces, whereas the GPA model is used to identify spatial characters of ULUE.
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3.2.1. SBM Model

Data envelopment analysis (DEA) is a multi-input and multi-output analysis
method [37], that is, a systematic analysis method for evaluating the relative efficiency
between factor inputs and outputs [38]. There are many advantages of this method, as
there is no need to determine the functional relationship in advance, it has non-subjective
weighting, and analyzing invalid factors of decision units is feasible. Therefore, DEA has
become a mainstream technical tool for evaluating relative efficiency. Hence, we employed
the slacks-based measure (SBM) model in non-radial DEA to solve the problem of efficiency
evaluation when the units of input or output variables are inconsistent [35], that is, the
output can be maximized under certain circumstances.
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The method can be explained as follows. Suppose there are n decision-making units
(DMUs) with m input indicators, S1 desirable outputs indicators and S2 undesirable outputs
indicators. Each DMU has three input and output vectors, expressed as X, Yg, Yb. They are
defined as follows:

X = (x1, x2, . . . , xn) ∈ Rm×n(x ∈ Rm) (1)

Yg =
(

yg
1 , yg

2 , . . . , yg
n

)
∈ RS1×n

(
yg ∈ RS1

)
(2)

Yb =
(

yb
1, yb

2, . . . , yb
n

)
∈ RS2×n

(
yb ∈ RS2

)
(3)

According to the actual situation of input and output, X > 0, Yg > 0, Yb > 0, and the
model can be defined as follows:

ρ∗ = min
1− 1

m ∑m
i=1

S−i
Xi0

1 + 1
S1+S2

(
∑S1

r=1
Sg

r
yg

r0
+ ∑S2

r=1
Sb

r
yb

r0

) , (0� ρ∗ � 1) (4)

s.t.


x0 = Xλ + S−

yg
0 = Ygλ− Sg

yb
0 = Ybλ + Sb

S− ≥ 0, Sg ≥ 0, Sb ≥ 0, λ ≥ 0

(5)

S−i , Sg
r , Sb

r denote the slack variables of input, desired output, and undesired output,
respectively. When ρ* = 1, the DMU is on the perfect, efficient position on the production
possibility curve. When ρ* < 1, the DMU is inefficient.

According to the existing literature, an evaluation framework for assessing urban
land use efficiency is formed based on Chinese land use processes, considering the form of
expected output and undesired output. Capital, land, and labor are set as input parameters,
while economic, social and ecological benefits are set as the desired output, negative and
ecological effects as the undesired output (Table 2).

Table 2. Quantitative evaluation index system for urban land use efficiency.

Criteria Layer Indicator Layer Reference

Input
indicators

Capital investment Fixed asset investment. [39]

Land investment Areas of urban land. [40,41]

Labor input Employees in the secondary and tertiary
industries. [40,41]

Output
indicators

Desired output
Economic benefits Added value of the secondary and tertiary

industries. [19,41–43]

Social benefits Annual per capita disposable income of
urban households. [35]

Ecological benefits Green coverage within built-up area. [33,39,41]

Undesired output Negative ecological
effects Industrial sulfur dioxide emissions. [35,40,42]

In terms of input indicators, the fixed asset investment means the total consumption
of newly increased and depreciating fixed assets in a certain period of time, indicating
the comprehensive capital investment in urban land. As the carrier of economic and
social activities in the city, areas of urban land represent the input of land resources. The
secondary and tertiary industries are the main industrial types in urban land use, so
the number of employees in those indicates the input of labor resources for the use of
urban land.
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In terms of output indicators, the secondary and tertiary industries are the main
industries in urban land, so their added value can be used as an economic output indicator.
The annual per capita disposable income of urban households can be used to measure the
income and living standards of urban residents effectively, so it can also be used as an
indicator of social benefits of land use. The green coverage within a built-up area is closely
related to the good ecological environment and living conditions required for sustainable
urban development, as an indicator of the ecological benefits of land use resources. Finally,
the industrial SO2 emissions can be directly used to indicate the negative externalities that
land use has on the environment.

3.2.2. Geospatial Analysis Methods
Spatial Autocorrelation Model

Because of the spillover effect and diffusion effect of urban land use efficiency [44], it
usually shows spatial characteristics, which can be quantified by a spatial autocorrelation
model [45]. Such a spatial autocorrelation model can be divided into a global autocorrela-
tion model and a local autocorrelation model. The global spatial autocorrelation model can
determine the distribution patterns of the research object: clustering, discrete or random.
Global Moran’s I [46] is often used for this calculation, so we used it to calculate the spatial
pattern of urban land use efficiency. The mathematical formula for the Global Moran Index
is as follows [47,48]:

I =
∑n

i=1 ∑n
j=1 Wij(xi − x)

(
xj − x

)
S2 ∑n

i=1 ∑n
j=1 Wij

, I ∈ [−1, 1] (6)

Among them, xi and xj are the observed values of urban land use efficiency in ith area
and jth area, respectively. Wij is the corresponding element of the space weight matrix,
n is the number of samples, and x is the mean value of ULUE while S2 is the variance
value. When ith and jth are adjacent to each other, the weight is 1; otherwise, the weight is
0. The Global Moran’s I is between a range of [−1, 1]; the closer it is to −1, the larger the
difference between the units, and the more dispersed the distribution. The closer it is to +1,
the more similar the properties between units, and the closer the relationship. If the index
is close to 0, this indicates no correlation between units.

Local spatial autocorrelation can reflect the degree of spatial agglomeration of similar
attribute values around a certain area and makes up for the lack of specific location in
global spatial autocorrelation analysis. Local spatial autocorrelation is generally measured
using Local Moran’s I, and its mathematical formula is as follows [49]:

Ii = X′i ×
n
∑

j=1
Wij × X′j

X′i = (xi − x) / 1
n

n
∑

i=1
(xi − x)2

X′j =
(
xj − x

)
/ 1

n

n
∑

j=1

(
xj − x

)2

(7)

Among them, X′i and X′j are the standardized observations of the ULUE in ith area and
jth area, respectively. The meaning of the remaining variables is similar to that mentioned
earlier and the test method is the same as the Global Moran’s I.

Spatial Gravity Center Model

With the concept of the spatial gravity center, it is possible to calculate and analyze
the spatial changes of provincial ULUE. The spatial gravity center model can calculate both
the changing direction and distance [35,50].
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If a study area consists of n spatial units and (Xi, Yi) are the geometric coordinates of
the ith unit (i = 1, 2, 3, . . . , n), the gravity center coordinate yields as follows:

x =
∑n

i=1 MiXi

∑n
i=1 Mi

(8)

y =
∑n

i=1 MiYi

∑n
i=1 Mi

(9)

Among them, (x, y) represent the gravity center coordinates of the provincial urban
land use efficiency, and Mi refers to the attribute value of the ith unit. The moving direction
of the gravity center is as follows:

θ =

[
k× π

2
+ tan−1

(
yt2 − yt1

xt2 − xt1

)]
× 180◦

π
, θ ∈ (−180◦, 180◦) (10)

Among them, θ refers to the deviation angle of the gravity center during the study
period, (xt1 , yt1 ) and (xt2 , yt2 ) represent the gravity center coordinate at the beginning and
end of our study, respectively, t1 and t2 refer to the beginning and end of study period,
respectively, k represents the adjustment coefficient and k = 0, 1 and 2.

The moving distance of the gravity center is as follows:

D =
√
(xt2 − xt1)

2 + (yt2 − yt1)
2 (11)

Among them, D represents the moving distance of the gravity center during the study
period, (xt1 , yt1 ) and (xt2 , yt2 ) represent the gravity center coordinate at the beginning and
end of the study, respectively, and t1 and t2 refer to the beginning and end of study period,
respectively [51].

4. Results
4.1. Evaluation of Provincial Urban Land Use Efficiency

This study applied R language and algorithms to calculate the technical efficiency (TE)
of the 31 province-level regions (provinces, municipalities and autonomous regions) in
Chinese mainland on time nodes of 2008, 2011, 2014, and 2017 (Table 3). Technical efficiency
(TE) can be decomposed into pure technical efficiency (PTE) and scale efficiency (SE), TE =
PTE × SE and TE is equal to 1 only if both PTE and SE are equal to 1, which means that
this index is efficient. PTE reflects the production efficiency of input factors at the optimal
scale of decision-making unit, and SE reflects the difference between the actual scale and
the optimal production scale.

According to the analysis of the production frontier of land use efficiency, in 2008,
Shanghai, Jiangsu, Zhejiang, Fujian, and Guangdong had a pure technical efficiency and
scale efficiency of 1. In the remaining 26 provinces (Table 3), the pure technical efficiency
and scale efficiency were both less than 1, which is at the non-production frontier of land use
efficiency. There is space for improvement in pure technical efficiency and scale efficiency.
In 2011, only the six provinces of Tianjin, Shanghai, Jiangsu, Zhejiang, Guangdong, and
Shaanxi had a pure technical efficiency and scale efficiency of 1, which were at the forefront
of generation and had technological effectiveness. The remaining provinces had not yet
reached the frontier of generation, and there was space for efficiency improvement. In
2014, for Beijing, Tianjin, Inner Mongolia, Shanghai, and Guangdong, the pure technical
efficiency and scale efficiency of the five provinces were all 1, reaching the frontier of
production. The remaining 27 provinces had not yet reached the frontier of production,
and there was hence room for efficiency improvement. In 2017, only the four provinces of
Beijing, Tianjin, Shanghai, and Fujian had a pure technical efficiency and scale efficiency of
1, implying that these were at the forefront of production land use efficiency production.
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Table 3. Decomposition of provincial urban land use efficiency in China.

Province
2008 2011 2014 2017

TE PTE SE TE PTE SE TE PTE SE TE PTE SE

Beijing 0.9107 0.9291 0.9802 0.9651 0.9937 0.9713 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Tianjin 0.9774 1.0000 0.9774 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Hebei 0.9638 0.9651 0.9987 0.8844 0.9587 0.9225 0.7656 0.3950 1.9381 0.8460 0.9485 0.8920
Shanxi 0.8579 0.8752 0.9802 0.8261 0.8285 0.9972 0.6172 0.4137 1.4919 0.7618 0.7800 0.9766

Inner Mongolia 0.8137 0.8296 0.9808 0.8765 0.9102 0.9630 1.0000 1.0000 1.0000 0.7549 0.7614 0.9915
Liaoning 0.6315 0.6340 0.9960 0.6716 0.6756 0.9941 0.7526 0.5164 1.4574 0.8417 0.8492 0.9912

Jilin 0.5541 0.5679 0.9758 0.6463 0.6633 0.9743 0.7131 0.3262 2.1861 0.6612 0.6791 0.9736
Heilongjiang 0.6365 0.6614 0.9623 0.5458 0.5545 0.9844 0.6273 0.3330 1.8836 0.5339 0.5427 0.9838

Shanghai 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Jiangsu 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.8649 1.0000 0.8649 0.9777 1.0000 0.9777

Zhejiang 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.8851 1.0000 0.8851 0.9706 0.9858 0.9846
Anhui 0.5747 0.5826 0.9864 0.6270 0.6284 0.9978 0.6697 0.5325 1.2578 0.6941 0.7737 0.8971
Fujian 1.0000 1.0000 1.0000 0.9703 1.0000 0.9703 0.9245 1.0000 0.9245 1.0000 1.0000 1.0000
Jiangxi 0.6273 0.6362 0.9860 0.6949 0.7079 0.9816 0.6328 0.4159 1.5214 0.6792 0.6858 0.9903

Shandong 0.9146 0.9557 0.9570 0.8354 0.8811 0.9482 0.8413 0.6606 1.2736 0.8334 1.0000 0.8334
Henan 0.8397 0.8735 0.9613 0.7716 0.8480 0.9099 0.6985 1.0000 0.6985 0.7889 0.8331 0.9469
Hubei 0.6488 0.6551 0.9903 0.6446 0.6453 0.9989 0.6772 0.3878 1.7463 0.6893 0.7804 0.8833
Hunan 0.7448 0.7519 0.9906 0.7870 0.8162 0.9642 0.8182 0.5736 1.4264 0.9825 0.9958 0.9866

Guangdong 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.8865 1.0000 0.8865
Guangxi 0.6175 0.6312 0.9784 0.6987 0.7013 0.9963 0.6369 0.3382 1.8833 0.6108 0.6232 0.9802
Hainan 0.4667 0.6441 0.7246 0.5227 0.5597 0.9339 0.5534 1.0000 0.5534 0.6916 0.8765 0.7891

Chongqing 0.6362 0.6492 0.9801 0.6709 0.6716 0.9990 0.6842 1.0000 0.6842 0.7824 0.7852 0.9965
Sichuan 0.7032 0.7040 0.9988 0.7090 0.7503 0.9450 0.6597 1.0000 0.6597 0.6578 0.7130 0.9225
Guizhou 0.6114 0.6497 0.9411 0.6493 0.6574 0.9877 0.6366 1.0000 0.6366 0.6373 0.6442 0.9893
Yunnan 0.6252 0.6383 0.9795 0.6046 0.6081 0.9941 0.6184 1.0000 0.6184 0.6565 0.6616 0.9923

Tibet 0.4687 1.0000 0.4687 0.8293 1.0000 0.8293 0.5016 1.0000 0.5016 0.5232 1.0000 0.5232
Shaanxi 0.7435 0.7503 0.9910 1.0000 1.0000 1.0000 0.8634 1.0000 0.8634 0.8225 0.8257 0.9961
Gansu 0.5666 0.6043 0.9376 0.5229 0.5330 0.9809 0.4643 0.3399 1.3659 0.4589 0.4817 0.9525

Qinghai 0.7346 1.0000 0.7346 0.7857 0.8269 0.9502 0.6759 1.0000 0.6759 0.6914 1.0000 0.6914
Ningxia 0.4713 0.5703 0.8265 0.6054 0.7352 0.8234 0.6549 1.0000 0.6549 0.6585 0.8105 0.8124
Xinjiang 0.5172 0.5440 0.9508 0.4674 0.4747 0.9846 0.4990 0.5815 0.8581 0.4325 0.4401 0.9826

From a time series evolutionary perspective, the number of provinces at the provincial
scale reaching the production front did not increase significantly, and the technical efficiency
did not improve significantly from 2008 to 2017. When considering spatial differences,
Beijing, Shanghai, Jiangsu, Zhejiang, Guangdong, and other provinces were technically
effective and the urban land use efficiency was relatively high. Most of the other provinces
did not reach their production frontiers, and there was space for efficiency improvement.
The proportion of provinces that reached the frontier of production in China is relatively
low, and there is room for efficiency improvement in most provinces.

4.2. Geospatial Analysis of Provincial Urban Land Use Efficiency
4.2.1. Spatial Correlation Analysis

Using the spatial analysis tool GeoDa1.14 [52] the Global Moran’s I indexes of ULUE
in 31 provinces (municipalities, autonomous regions) in Chinese mainland of 2008, 2011,
2014, and 2017 were calculated. Table 4 shows the results of Moran’s I index of ULUE in
China. Except for 2011, the P-values of the evaluation units all passed the significance
test at the level of 1%. The index in 2011 passed the significance test at a level of 10%.
The indexes were all positive and the range was [0.1, 0.4], which indicates that the ULUE
of provincial-level regions has significant spatial clustering characteristics, and there is
a positive spatial correlation. Moran’s I tends to increase year by year with time series,
demonstrating that the spatial agglomeration degree of provincial ULUE increases year
by year.

The Local Moran’s I scatter plot (Figure 3) portrays the spatial aggregation types of
provincial ULUE for each of the four time sections of 2008, 2001, 2014, and 2017. Among
them, Beijing, Tianjin, Shanghai, Hebei, Jiangsu, Zhejiang, and Fujian are in high–high
concentration areas, and Ningxia, Jiangxi, Hubei, Anhui, and Jilin are in low–high con-
centration areas. Heilongjiang, Guizhou, Yunnan, Sichuan, Gansu, and Xinjiang are in
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low–low concentration areas. The spatial aggregation types of 13 provinces changed during
2008–2017; for example, Chongqing shifted from low–low to high–low, Guangxi shifted
from low–low to low–high, and Guangdong shifted from high–low to high–high.

Table 4. Global Moran’s I and hypothesis tests of provincial urban land use efficiency in China.

2008 2011 2014 2017

Moran’s I 0.195 0.073 0.262 0.327
p value 0.006 0.083 0.002 0.001
Z scores 2.9321 1.335 3.6201 4.4723
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4.2.2. Spatial Feature Analysis

Figure 4 shows the provincial ULUE from 2008 to 2017, visualized by ArcMap10.2.
With time variations, the spatial pattern of ULUE changes at the provincial scale. Among
them, some provincial regions are relatively stable, such as Beijing, Tianjin, Shanghai,
Shandong, Jiangsu, Zhejiang, Fujian and Guangdong in the high-level group; Guizhou,
Qinghai, Jiangxi, Sichuan, Chongqing, Guangxi, and Hubei in the mid-level group; and
Xinjiang, Tibet, Shaanxi and Gansu the low-level group. There are changes in efficiency
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levels in some provinces. For example, Inner Mongolia shifted from the high-level group
to medium-level group, there was a “low→high” transition in Jilin and a “medium→high”
transition in Hunan.
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4.2.3. Gravity Center Analysis

According to the technical efficiency values of the urban land in four sections in 2008,
2011, 2014, and 2017, the spatial gravity center migration model was adopted to obtain the
coordinates of the technical efficiency gravity center from 2008 to 2017. Figure 5 visualizes
the center of gravity migration (using ArcMap10.2). The visualization results indicate that
the center of gravity of urban land efficiency at the provincial scale from 2008 to 2017 is
located in Henan Province, China. During the study period, the gravity center of provincial
ULUE moved 0.04◦ to the east and 0.18◦ to the south, indicating that the provincial urban
land use in Southeast China was more efficient. The straight-line distance of gravity center
migration was only 20.96 km, which indicates that the gravity center is relatively stable.
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5. Discussion

The ULUE results include an assessment of the ecological development by decompos-
ing the technical efficiency into pure technical efficiency and scale efficiency. Furthermore,
it helped to identify the spatial patterns, spatial distributions and spatial transfers of ULUE
and it led to the depiction of the spatial–temporal evolution of ULUE at the provincial scale
in China. Hence, the employed methodology can identify practical problems when relying
on ULUE and seeking practical solutions.

The proportion of provinces reaching the production frontier in China is relatively
low, and there is room for improvement in ULUE in most provincial regions, which is
closely related to the phased characteristics of China’s urbanization. Over the past 20 years,
China’s urban land has shown a trend of rapid expansion. The excessive expansion of
urban land will undoubtedly lead to some resource and environmental problems [53]. In
particular, China’s urbanization rate has exceeded 60%, reaching the post-middle stage of
urbanization, which shows the inefficient use or idleness of urban land [54], the disorderly
spread of urban space [53], the land management mode of local governments seeking
development by land [55], the long-term land hoarding phenomenon of some real estate
developers driven by interests, and the low-cost investment attraction of some industrial
land. These problems have affected the development of ULUE and need to be solved by
improving ULUE. The promotion of ULUE is of great practical significance for alleviating
the imbalance between the supply and demand of urban land resources, the sustainable
use of land resources, the healthy development of urbanization and the realization of the
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United Nations Sustainable Development Goals (SDGs) [56]. Therefore, local governments
should improve the land management system and policies, reduce the idle use and waste
of urban land by improving the land trading market and standardizing the approval of
construction projects, dynamically monitor and clean up inefficient land, activate the stock
land resources in the city and improve the efficiency of resource utilization. Secondly,
we should regulate the capital entry into the real estate market and reduce inefficient
investment and disorderly competition in the real estate industry.

The spatial agglomeration of ULUE is increasing year by year, which shows that the
spatial connection of urban land use is increasing. Therefore, in the process of land develop-
ment and utilization, it is necessary to consider not only the impact of local economic and
social factors, but also the spillover effect of land development and utilization in the neigh-
borhood. First of all, in the process of land development and utilization, the inter-regional
division of labor and cooperation, functional complementarity, and linkage development
should be considered and a cross-regional cooperation mechanism should be constructed.
For example, Chongqing can conduct joint planning with neighboring provinces such as
Sichuan and Guizhou to avoid the repeated construction of industries and homogenized
competition to improve ULUE. Secondly, according to the regional resource endowment
conditions and ecological environment capacity, it can build a cross-regional industrial
transfer mechanism to promote the adjustment and optimization of industrial layout. For
example, the Yangtze River Economic Belt can reasonably position the function and indus-
trial direction of its internal cities according to urban resources, environment and location,
so as to realize the industrial integrated development of the Yangtze River Economic Belt.

ULUE is closely related to the economic level, location and development founda-
tion [57]. Beijing, Jiangsu, Zhejiang and other regions have rapid economic and social
development, a high level of economic and social development and relatively high land
investment, so ULUE is at a high level. The central part of China is at a medium level,
while the western part of China is at a relatively low level due to the limitations of location,
resources, climate, landform and other factors. This is consistent with the conclusions of
previous studies on urban land use efficiency in China [56]. Beijing, Jiangsu, Zhejiang and
other provinces and cities should pay attention to further promoting the optimization of
industrial structure and economic development, while radiating and driving the central
and western regions of China to improve ULUE. The central and western regions of China
will be the key regions of the promotion of ULUE; these regions can develop diversified
land development models in combination with their own resources and environment to
improve ULUE, which is also of great significance to promote the realization of the United
Nations SDGs.

6. Conclusions

This study investigates the provincial ULUE in China from 2008 to 2017, based on the
SBM-GPA model and considering the degree of green development. From a time series
perspective, the efficiency at the provincial scale did not improve significantly from 2008
to 2017. From the perspective of spatial differences, the proportion of provincial regions
that reached the production frontier is relatively low, and there is space for improvement
in most provincial regions. The ULUE at the provincial scale has significant spatial clus-
tering characteristics, and there is a positive spatial correlation, and the degree of spatial
agglomeration tends to increase year by year. The gravity center of the provincial ULUE is
located in Henan Province, which moved 20.96 km in the southeast during 2008–2017. It is
relatively stable, with only a limited spatial variation.
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