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Rational planning and optimization of urban spatial form to achieve the goal of energy
efficient utilization and carbon emission reduction is one of the important ways to improve
energy efficiency. We deconstruct urban spatial form into centrality, aggregation and
complexity, and analyze net effect and its heterogeneity of urban spatial form on energy
efficiency with OLS, quantile regression model as well as grouped regression model. The
results show that the effects of urban spatial centrality and complexity on energy efficiency
are nonlinear. For the vast majority of cities, strengthening urban spatial centrality will
significantly improve energy efficiency, but the growth rate will gradually decrease. The
impact effect of urban complexity on energy efficiency has the characteristics of U-shaped
trend with an inflection point value of 0.429. And for the three-quarters of urban samples,
enhancing urban spatial complexity will reduce energy efficiency. The positive effect of
urban spatial aggregation on energy efficiency is only significant in cities with high quantile
for energy efficiency. In terms of urban heterogeneity, the positive effects of spatial
centrality and aggregation on energy efficiency are more obvious in megacities with a
permanent population of more than 5 million, and the negative effect of spatial complexity
on energy efficiency is more obvious in small and medium-sized cities. Whether it is
promotion or inhibition, the urban samples with high energy efficiency are more affected by
the change of urban spatial form. Optimizing the urban spatial form is one of the important
ways to improve the energy efficiency, and the policy setting should give full consideration
to the urban heterogeneity and classified policies.

Keywords: urban spatial form, energy efficiency, centrality, aggregation, complexity, China

INTRODUCTION

Resource depletion and ecological environment problems caused by excessive energy consumption
have become one of the major challenges of human development in the 21st century. Improving
energy efficiency is the key to achieve the goals of energy conservation, emission reduction and green
development (Chen et al., 2018). Looking back on the development process of major countries in the
world, as the lifeline of national economic development, energy plays a self-evident role as the driving
force for a country or region’s economic growth. At the same time, the dependence of the world
economy on energy has not decreased markedly, but has deepened (Zhang et al., 2020). In China,
energy has supported the process of industrialization and urbanization to a certain extent, and has
become a vital factor of production for economic growth. According to the data released by BP
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World Energy Statistical Yearbook, China is still the largest
energy consumer in the world. In 2018, China’s total energy
consumption has reached 3.273 billion tons of oil equivalents,
accounting for 23.6% of the world, and its contribution to the
growth of total primary energy consumption has reached 34%, far
exceeding that of other countries in the world. On the supply side,
energy consumption has shifted from self-sufficiency to import,
and the proportion of import has increased year by year. Since
2018, China has become the world’s largest oil and gas importer,
and its dependence on foreign crude oil and natural gas has
reached a new high in recent 50 years ( Rong et al., 2016). The
huge energy consumption makes China’s carbon emissions jump
to the first in the world, accounting for 28.9% of the global total.

Consistent with the growth trend of energy consumption,
China has experienced a large-scale and rapid urbanization
process since the reform and opening up. Over the past
40 years, more than 650 million rural residents have moved to
cities to live and work. By the end of 2020, China’s urbanization
rate has reached 63.89%. According to Wu et al. (2020), by 2035,
China’s urbanization rate will reach 75-80%, adding nearly 400
million urban residents. The expanded cities have rapidly
obtained factors of production such as labor and energy, and
achieved rapid development. At the same time, they have also
expanded the scale of production and life, increased fossil energy
consumption, and exacerbated the problem of regional and
structural energy shortage. As the center of human social and
economic activities, urban areas now account for 85% of the total
national energy consumption and more than 70% of the national
carbon emissions. In addition, the decentralization and complexity
of urban spatial form, as well as the spatial mismatch between
industry and resource elements in the city, inhibit the efficient and
intensive utilization of energy resources to a certain extent.
Therefore, how to achieve the goals of energy efficient utilization
and carbon emission reduction through reasonable planning,
optimization and adjustment of urban spatial form provides a
new path for China to deal with the energy crisis and improve
energy efficiency under the “double carbon” strategic goal.

This study is structured as follows. Literature Review and
Hypothesis Section summarizes the existing research progress and
theory hypothesis. Material and Methods Section presents the
identification method of urban spatial form and energy efficiency,
and the econometric model specification of the theoretical
hypothesis test. In Result section, the net effect and its
heterogeneity of urban spatial form on energy efficiency are
systematically analyzed. Conclusion Section draws conclusions
and policy implications.

LITERATURE REVIEW AND HYPOTHESIS

The research on urban spatial form originated from the urban
form and land use research center founded by British scholars
March and Martin in the 1950s. They believe that urban spatial
form is a variety of spatial structures and traffic corridors
composed of basic spatial geometric elements. After entering
the 21st century, with the reorganization of the world economic
pattern and global economic integration, the urban spatial form
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has further developed in the direction of regionalization and
information networking, and its internal mechanism has become
more complex (Tanushri and Sarika, 2021). The evolution of
urban spatial form is showing unprecedented new mechanisms
and characteristics, and has become an important field of urban
geography and economic research (Li et al., 2021; (Xiong and
Duan, 2020). This is because the urban spatial form can not only
comprehensively reflect the social and economic activities of the
city in different periods, but also change with the changes of
urban economic activities and social culture, showing a dynamic
interaction process. At this stage, there are various measurement
indicators of urban spatial form, mainly focusing on the
geometric characteristics of urban space and the economic and
social indicators related to spatial form, which can be roughly
divided into three types: urban spatial aggregation, urban spatial
complexity and urban spatial centrality. Among them, the
indicators to measure urban spatial aggregation include cluster
degree (Shu and Lam, 2011), similar adjacency rate (Falahatkar
et al., 2020), aggregation index (Fang et al., 2015), compactness
index (Liu et al, 2012), maximum patch compactness index
(Makido et al., 2012), etc; Indicators to measure urban spatial
complexity include landscape shape index (Bereitschaft and
Debbage, 2013; Liu et al, 2015), edge density (Ma et al,
2013), average perimeter area ratio (Ou et al, 2013), etc; The
largest patch area (Chen et al., 2011; Jia et al., 2019) is the index to
measure the urban spatial centrality.

The effect of urban spatial form on energy efficiency has
always been the focus of academic attention. However, from
the existing research, few literatures systematically explore the net
impact of urban spatial form on energy efficiency and its
mechanism from multiple dimensions. It mainly investigates
the impact of a certain dimension index of urban spatial form
on urban energy efficiency (Zhong et al,, 2020; Esfandi et al,
2022). First, some researchers have investigated the impact of
urban spatial aggregation on energy efficiency, and believe that
the higher the aggregation, the higher the energy efficiency
(Ewing and Rong., 2008). This is because high aggregation
degree means that urban spatial form shows high population
density, high building density and relatively high industrial
concentration, which are more conducive to improving energy
intensive utilization efficiency (Steemers, 2003; Wang et al,
2020). Moreover, the centralized residential space and
industrial distribution form help to save the energy
consumption of transportation, commuting and product
transportation (Hankey and Marshall, 2010; Ma et al., 2015;
Quan and Li, 2021). Second, the centralization of urban spatial
structure will also have a positive impact on energy efficiency,
because the higher the urban centrality, the more conducive to
saving overall energy consumption and realizing intensive
utilization (Chen et al.,, 2011; Mangan et al., 2020). Third, the
complexity of urban spatial form represents the geometric
complexity of urban patch form. Moreover, cities with higher
complexity usually have higher energy consumption and lower
energy efficiency. This conclusion was obtained by Falahatkar
et al. (2010) based on the sample data of Iran and Makido et al.
(2012) Based on the empirical analysis of Japanese sample data.
Therefore, this paper proposes proposition 1.
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Proposition 1. Aggregation, centrality and complexity of urban
spatial form will have an impact on energy efficiency. And urban
spatial aggregation and centrality are positively correlated with
energy efficiency, while urban spatial complexity is negatively
correlated with energy efficiency.

In addition, the impact of urban spatial form on energy
efficiency is not invariable (Mangan et al., 2020). On the one
hand, with the change of urban spatial form, the urban internal
population and industrial spatial structure will be dynamically
adjusted, and the corresponding energy consumption scale
and structure will also be adjusted accordingly (Zeng et al,,
2021; Wu et al., 2021a). It can be seen that the effect of urban
spatial form on energy efficiency is not necessarily completely
linear, but may show nonlinear characteristics. On the other
hand, urban space is not completely homogeneous. The
heterogeneity —of  different cities in  geographical
characteristics, economic development and technological
innovation (Peng et al., 2021) makes the impact of urban
spatial form on the scale and structure of energy
consumption significantly different among different cities
(Yu, 2021; Zhang and Gao, 2021). Therefore, this paper
proposes the second and third theoretical hypothesis.

Proposition 2. The aggregation, centrality and complexity of urban
spatial form may have a nonlinear impact on energy efficiency.

Proposition 3. The marginal effect of aggregation, centrality and
complexity of urban spatial form on energy efficiency will show
urban heterogeneity characteristics.

MATERIAL AND METHODS
Data

This paper performs an empirical analysis based on cross-
sectional data from 282 cities of China in 2017. The cross-
sectional data in 2017 is selected as the analysis data set because
the original data of urban spatial form variable indicators
calculated in this paper comes from the basic remote sensing
data source published by Gong et al. (2019), and the latest year
of the data source is 2017. In urban spatial form recognition, the
most important thing is to obtain the spatial structure data of
urban built-up areas, and the urban impervious surface is the
main path to extract urban built-up areas (Liu et al., 2021; Gong
et al., 2019). The basic remote sensing data source of urban
spatial morphology released by Gong et al. (2019)
comprehensively considers MODIS and night light data, and
effectively separates the impervious surface between urban and
rural areas. In order to obtain the spatial form data set of 282
cities in China, we first derived the impervious surface data in
2017, then segmented and extracted the impervious surface
grid map by using the segmented city vector map, and then
obtained the impervious surface distribution map of 282 cities.
At the same time, the landscape index calculation software
FRAGSTATS is used to calculate the index data including
patch, area, shape, edge and so on. Finally, in view of the
dimensional difference of urban spatial form variable index

Urban Form on Energy Efficiency

data, in order to eliminate this influence, we also use the
extreme value standardization method to normalize all
variable indexes.

The independent variable of this study is energy efficiency,
which is also calculated through relevant input and output
indicators. Among them, the data of some input index variable,
such as the number of employees, total investment in fixed
assets, and R&D expenditure, are derived from the China
Economic and Social Big Data Research Platform of the
China National Knowledge Infrastructure (CNKI). The input
index of energy consumption refers to the total energy
consumption of various types, including coal, oil, natural
gas, primary power and other energy consumption. The
variable index is obtained by converting the common
energy consumption into standard coal and summing it up.
The data of output index variable, such as GDP, gross value of
industrial output, industrial SO, emissions, industrial
wastewater discharge, are derived from the Economy
Prediction System (EPS). The missing data of some variable
indicators are supplemented by China Urban Statistical
Yearbook and various urban statistical yearbooks.

Identification Methods

Urban Spatial Form

Scientific, reasonable and accurate identification of urban
spatial form is the key to ensure the reliability of research
results. Based on the existing related research, this paper
describes the urban spatial form from the three dimensions
of centrality, aggregation and complexity. In order to avoid the
tendency and multi-collinearity of the index set, only one
characterization index is reserved for each dimension of
urban spatial form recognition.

(1) Centrality
Galster et al. (2001) defined the centrality of urban spatial form as
the degree to which urban residential or non residential areas are
close to the central business district, which can also be expressed
as the degree to which urban spatial form is characterized by a
single core development model. This paper uses the maximum
patch index to measure the centrality of urban spatial form.
Among them, the largest patch index is the proportion of the
largest patch area in the total urban landscape area, and the
largest proportion indicates that the higher the city centrality. The
calculation formula is as follow:
Centrality = M x 100 (1)
Y7 a;(1/10000)
Where Centralit y represents the centrality of the urban spatial form,
and the result of Centrality is multiplied by 100 to convert to a
percentage; max’_; a;; is the area of the largest urban patch; m is the
number of patch types, # is the number of patches of a class; a;; is the
area of patch ij, and Y",a; (1/10000) is the total landscape area.

(2) Aggregation
Aggregation refers to the degree of agglomeration or separation of
patch types in space. Generally speaking, the landscape organized by
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many discrete small patches in a landscape has a low degree of
aggregation; When a landscape is composed of several large patches
or the patches of the same category are fully connected, the degree of
aggregation is higher. As the core concept of urban sustainable
development, the quantitative index of aggregation degree is an
effective method to evaluate the aggregation distribution of urban
spatial structure. Aggregation development makes urban economic
development and function distribution more compact, and
effectively shortens the spatial distance between urban patches.
The calculation formula is as follows:

P,
Aggregation = [G' ] if G;<P;<0.5 else
G, - P;
A tion = 2
ggregation [ oD, ] 2
Given G;= gi

m .
Zk:lgik — mine;

Where P; is the proportion of the landscape occupied by patch
type i, and G; is the proportion of the landscape occupied by like
adjacencies between pixels of patch type i; min e; is the minimum
perimeter of a patch type i for a maximally aggregated patch type;
g;; is the number of like adjacencies between pixels of class i, and
gix is the number of adjacencies between pixels of class i and
class k.

(3) Complexity

The complexity of urban spatial form mainly refers to the
irregularity of patch shape. In landscape ecology, shape index
is closely related to edge effect. Therefore, scholars often
characterize the complexity of landscape patches based on the
area and perimeter of patches. Generally speaking, the urban
landscape with highly complex and irregular boundaries will
increase the straight-line distance and commuting time
between different patches in the city. This paper uses the
landscape shape index to describe the regularity of urban
spatial form, and uses the perimeter area ratio of urban
patches to measure the landscape shape index. The calculation
formula is as follow:

0.25%" €%

—_— 3)
> a;(1/10000)

Complexity =

Where ey is the total edge length of class i in the landscape, and
Y ,a;i(1/10000) is the total landscape area.

Energy Efficiency

There are many indicators and methods for measuring energy
efficiency in academia, such as parametric and nonparametric
estimation methods. Considering that the super-SBM model not
only overcomes the limitations of the traditional SBM model, but
also has relatively high accuracy of measurement results (Li et al.,
2021), this paper establishes a super-SBM model of non angular,
non radial and considering undesirable output to measure energy
efficiency with reference to the practice of Wu et al,, 2021b. The
model is constructed as follows:
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- Loy
- =S8 /x,
Nom

St1b,
T M ) 1 s.t.
1 y
+ Ml ;Sm/ YVign + ;

p = min

ZiX,, +S8 =x  (n=1,,N)

M=

(4)

M= IN-
M» T

Zixt, +8 =y (m=1,,M)

T
L
-
i

Zibl, + St = b,

M=
M=

~
Il
—_

k
(i=1,-,0)Z20,8>0,8,>0,8">0(k = 1,---,K)

1l
—_

In Eq. 1, p is energy efficiency values that need to be measured,
which is greater than or equal to 0. Among them, ind_control
indicates that there is room for energy efficiency improvement; a
is the number of input indicators; Py is the number of desirable
output indicators; and a is the number of undesirable output
indicators. The expression P; represents the input (output) value
of the In(wage;j;) = a+ fex_povertyj +y,ind_control;j+
y,fam_controljs + ¢y  decision-making wunit in period
In(wageij;) = a + B,in_poverty, +y,ind_control;j;+
y, fam_controlj; + &;;; and i represents the slack variable of input
(output). If the slack variable is larger than 0, it indicates that the
input of factors is not fully used. The variable j represents the
weight of the decision-making unit; f means the return on scale of
the model is constant, In (wage) means the model has variable
returns to scale.

For a more comprehensive understanding of energy efficiency
in China, a multidimensional analytical framework has been
created for energy efficiency identification. The framework
characterized has two dimensions (ie., the inputs and
outputs), as shown in Table 1. Number of employees (per 10
thousand people), total investment in fixed assets (per 10
thousand RMB), Energy consumption (kgce/100 million tons),
and R&D expenditure (per 10 thousand RMB) are selected as
indicators of inputs. GDP (per 100 million RMB), and gross value
of industrial output (per 100 million RMB) are selected as an
index of desirable output indicators. And industrial SO,
emissions (per ton), industrial wastewater discharge (per 10
thousand t) are selected as an index of undesirable output
indicators.

Model Specification

The impact of urban spatial form on energy efficiency has been
supported by theoretical research. Moreover, as the three types of
representations of urban spatial form, there are obvious
differences in the effects and mechanisms of centrality,
aggregation, and complexity on urban energy efficiency. In
order to further verify the response of urban energy efficiency
to the centrality, aggregation, and complexity of spatial form, this
paper constructs the following three groups of basic regression
models:

energy_eff; = a +  Centrality; + ycontrol; + & (5)
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TABLE 1 | Input and output variables for energy efficiency identification.
Inputs

Energy efficiency ®Number of employees

@Total investment in fixed assets

®Energy consumption
@®R&D expenditure

Urban Form on Energy Efficiency

Outputs

®GDP (+)

®@GQGross value of industrial output (+)
®Industrial SO, emissions (—)
@Industrial wastewater discharge (—)

Note: “+” represents the desirable output indicator, “- ” represents an indicator of undesirable output.

energy_eff; = a+ p Aggregation; + y control; + &  (6)
energy_eff; = a + fComplexity; +y control; + & )

Where, the dependent variable energy_ef f; represents the energy
efficiency of city i; The independent variables are centrality,
aggregation, and complexity of urban spatial form, and f is
the net effect of urban spatial form on energy efficiency;
control is the control variables, including social, economic,
and institutional factors. The social factors controlled in this
paper include population density (density), urbanization rate
(urbanization); the economic factors include per capita GDP
(rigdp), industrial structure index (structure); and the
institutional factors include government expenditure level
(expenditure), innovation ability (innovation). The population
density is the number of permanent residents per unit of urban
construction area; The urbanization rate is the ratio of the
number of urban permanent residents to the total population;
The industrial structure index is measured by the proportion of
the output value of the primary and tertiary industries; Urban
innovation capability is measured by the number of urban
invention patents authorized. In order to obtain more stable
research results, the article also takes natural logarithms for
variables such as population density, per capita GDP,
government expenditure level and innovation ability.

In addition, certain literatures show that the centrality,
aggregation, and complexity of urban spatial form may have a
nonlinear relationship with energy efficiency. In order to verify
this inference, the basic regression model is optimized, and the
nonlinear performance of influence effect is investigated by
adding the quadratic term of independent variable. The model
settings are as follows:

energy_eff; = a + f Centrality; + §Centrality; x Centrality;

+ ycontrol; + & (8)
energy_eff; = a + f Aggregation; + §Aggregation; ©)
x Aggregation; + ycontrol; + ¢;
energy_eff; = a + 5 Complexity; + SComplexity; x Complexity;

+ yecontrol; + ¢
(10)
After introducing the quadratic term of the independent variable,

the influence coefficient of urban spatial form on energy
efficiency is adjusted as follows:

Oenergy_eff;

OCentrality; B + 20 x Centrality (11)

Oenergy _ef f; '
i S 20 x A tion, b
0Aggregation; B + 26 x Aggregation, (12)

%ﬁ.ﬁ = B+ 28 x Complexity; (13)

0Complexity;

RESULT

Baseline Regression

Table 2 represents the baseline estimates for the net effect of
urban spatial form on energy efficiency. Among them, regression
Equations 1-3 only investigate the linear effects of urban spatial
centrality, aggregation, and complexity on energy efficiency; In
regression Equations 4-6, the quadratic variables of urban spatial
centrality, aggregation and complexity are introduced
respectively to further investigate the nonlinear effects of
urban spatial centrality, aggregation and complexity on energy
efficiency. From the estimation results of Equations 1-3, the
urban spatial centrality has a significant positive effect on energy
efficiency, and the marginal effect is 1.48, which means that every
unit increase in the urban spatial centrality will effectively
improve energy efficiency by 1.48 units. The complexity of
urban spatial form has a significant negative effect on energy
efficiency, and its marginal influence coefficient is 0.61, indicating
that every increase of urban spatial complexity will lead to a
decrease of urban energy efficiency by 0.61 units. The estimation
coefficient of urban spatial aggregation is positive but not
significant, indicating that urban spatial aggregation has no
significant impact on energy efficiency. In other words, from
the perspective of overall average effect, it is impossible to clearly
distinguish the net impact of urban aggregation on energy
efficiency. In summary, it can be seen that part of the
proposition 1 has been proved.

In regression Eq. 4, the estimated coefficient of the urban
spatial centrality is significantly positive, and the quadratic term
estimation coefficient is significantly negative, indicating that the
effect of urban spatial centrality on energy efficiency shows the
inverted U trend characteristic. Further, the inflection point value
of this impact effect is 0.3449, and only 5 cities are greater than the
inflection point value, namely Shanghai, Shenzhen, Xiamen,
Foshan, and Zhongshan. Therefore, it can be considered that
for the vast majority of cities, increasing the centralization is
conducive to improving energy efficiency. That is to say, for the
vast majority of urban samples whose centrality is not high
enough, enhancing the area proportion of the largest urban
patch essentially strengthens the urban single center structure
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TABLE 2 | Baseline regression estimation resullts.

Dependent variable: energy_eff

Urban Form on Energy Efficiency

(U]

(]

()

Centrality 1.4841** (0.2306

Centrality* Centrality

Aggregation 0.1657 (0.1114)

Aggregation* Aggregation

Complexity -0.6058** (0.1170)
Complexity* Complexity

In(density) 0.0713** (0.0252) 0.0455* (0.0271) 0.0537** (0.0271)
urbanization 0.2276 (0.1584) 0.2750* (0.1574) 0.2508* (0.1577)
In(rigdp) 0.0342 (0.0354) 0.0307 (0.0377) 0.0322 (0.0380)
structure 0.0036** (0.0017) 0.0036** (0.0018) 0.0035* (0.0019)
In(expendiiture) 0.1544** (0.0392) 0.1191* (0.0414) 0.1098** (0.0436)
In(innovation) 0.0687** (0.0164) 0.0610* (0.0175) 0.0589*** (0.0178)
F Stats 20.550"** 13.130"* 12,770

R? 0.2442 0.2512 0.2460

Obs 282 282 282

Q]

0.8433" (0.4221
-1.2227* (0.6647)

0.0895"* (0.0252)
0.1071 (0.1586)
0.0360 (0.0353)

0.0037** (0.0017)

0.1687* (0.0400)

0.06813* (0.0170)

18.400*
0.3503
282

5

0.6437 (0.4449)
-0.4393 (0.3959)

0.0462* (0.0271)
0.2593* (0.1580)
0.0333 (0.0378)
0.0036* (0.0019)
0.12117* (0.0414)
0.0592*** (0.0176)
11,650
0.2546
282

(6)

-0.9617*** (0.3177)
1.1208** (0.3705)
0.0485** (0.0268)

0.1561 (0.1585)
0.0367 (0.0375)
0.0030* (0.0017)

0.1285* (0.0434)

0.0530* (0.0176)
12,650
0.2705
282

Note: *** p < 0.01, * p < 0.05, * p < 0.1, robust standard errors in parentheses (the same below).

mode, which is conducive to the intensive consumption and
efficient utilization of energy resources. However, strengthening
the centrality of cities such as Shanghai, Shenzhen, Xiamen,
Foshan, and Zhongshan is not conducive to the improvement
of energy efficiency, which may be related to the heavy reliance of
the above cities on the single center structure mode. Therefore,
the appropriate development of the multi center structure mode
is more conducive to the improvement of urban energy efficiency.

In Equation 6, the estimation coefficient of urban spatial
complexity is significantly negative and the estimation
coefficient of quadratic term is significantly positive, which
means that the impact effect of urban complexity on energy
efficiency has the characteristics of U-shaped trend. Further
calculation shows that the inflection point value of urban
complexity is 0.4290, and three-quarters of urban samples
are located on the left side of the inflection point value, and
one-quarter of urban samples are located on the right side of
the inflection point value. This shows that for most cities,
increasing the complexity of urban spatial form will reduce
their energy efficiency. This is because the more complex the
shape and edge of urban space, the more dispersed the energy
consumption within the city, which is not conducive to the
intensive utilization of energy resources. In Equation 5, the
estimation coefficients of urban spatial aggregation and its
quadratic term variable are not significant, indicating that
from the overall average effect, aggregation has no
significant impact on urban energy efficiency. In short, for
the vast majority of cities, appropriately improving urban
centrality or reducing urban complexity is conducive to
enhancing urban energy efficiency. Therefore, the part of
the theoretical proposition 2 is proved.

From the estimation results of control variables, the variables
such as urban population density, urbanization, industrial
structure index, government expenditure level, and innovation
ability have consistent estimation results in each regression
equation, and the regression coefficients are significantly
positive, indicating that the higher the urban population

density, urbanization, government expenditure level and urban
innovation ability, the more conducive it is to promote the
intensive consumption and efficient use of urban energy. In
addition, the industrial structure biased towards the primary
and tertiary industries is conducive to the improvement of
urban energy efficiency. Finally, from the significance test
results of the model, F statistical values of each estimation
equation are 20.55, 13.13, 12.77, 18.40, 11.65 and 12.65
respectively, which are significant at the 1% level, indicating
that the econometric model is well set.

Heterogeneity Analysis

Quantile Regression Estimation

Traditional regression estimation studies the relationship
between conditional expectations between independent
variables and dependent variables. The quantile regression
studies the relationship between the conditional quantiles of
independent variables and dependent variables, so it can
further identify the heterogeneous effects of urban spatial form
on energy efficiency at different quantiles. Furthermore,
according to the statistical data, there are significant
differences in energy efficiency between different cities, which
means that cities with different energy efficiency may be affected
differently by urban spatial form. In order to verify this inference,
we use quantile regression model (QR) to further investigate the
differentiated effect of urban spatial form on the energy efficiency
at different quantiles.

Table 3 reports the response of energy efficiency to urban
spatial form at the 25th, 50th and 75th quantile. Firstly, from the
centrality estimation results, the estimation coefficients of urban
centrality variables are significantly positive in all quantile
regression models, and the estimation coefficients of quadratic
term are significantly negative, indicating that the net effect of
urban centrality on energy efficiency shows an inverted U-shaped
trend of first rising and then falling. Moreover, the net effect of
centrality on energy efficiency gradually strengthens with
increasing quantiles, meaning that cities with higher energy
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TABLE 3 | Quantile regression estimation results.

Dependent variable: energy_eff

Urban Form on Energy Efficiency

25 points 50 points 75 points
(1 @ € @ ®) © ) ® ©
Centrality 0.3745™ -0.7134" 1.7828*
(0.1884) (0.1712) (0.8342)
Centrality* -2.5848** -2.1215"* -2.9480**
Centrality (0.4773) (0.5945) (1.3806)
Aggregation 0.1980 0.7222** 1.3255*
(0.2516) (0.3280) (0.7962)
Aggregation* -0.1836 -0.5687* -0.9612*
Aggregation (0.2238) (0.2908) (0.6008)
Complexity -0.7134** -1.0982*** -1.7159
0.1712) (0.2094) (0.5900)
Complexity* 0.7713"* 1.3055"** 2.0880"**
Complexity (0.1996) (0.2442) (0.6878)
Control YES YES YES YES YES YES YES YES YES
Pseudo R? 0.2710 0.2401 0.2596 0.2772 0.2414 0.2676 0.2726 0.2196 0.2314
Obs. 282 282 282 282 282 282 282 282 282
Note: ** p < 0.01, ™ p < 0.05, * p < 0.1, robust standard errors in parentheses.
TABLE 4 | Urban heterogeneity analysis results.
Dependent variable: energy_eff
Megacities Large cities SMCs
(1) (] () @ 6) (6) @) @® ©)
Centrality 2.0874** 1.7847 3.4185
(1.002) (0.5455) (2.2778)
Centrality* -3.56119* -0.4849* 18.0134
Centrality (1.9107) (0.2117) (11.7900)
Aggregation 1.2961* 0.2787 0.7387
(0.7314) (0.6775) (0.6873)
Aggregation™ -0.8533* -0.1106 -0.6959
Aggregation (0.4735) (0.6058) (0.6116)
Complexity -3.2037 -0.6829 -1.8601**
(2.2808) (0.4457) (0.6165)
Complexity* 3.8515 0.8375 2.0828"*
Complexity (2.3440) (0.5316) (0.7904)
Control YES YES YES YES YES YES YES YES YES
F Stats 6.650* 7.760* 6.650* 12.170"* 3.310" 0.4164 4,750 4.580 5.897
R? 0.3852 0.3978 0.3852 0.4207 0.1650 3,364 0.2517 0.2447 0.2943
Obs. 16 16 16 143 143 143 122 122 122

Note: ** p < 0.01, ™ p < 0.05, * p < 0.1, robust standard errors in parentheses.

efficiency benefit more from the centralization of urban spatial
structure. Secondly, the estimated coefficients of urban
aggregation variables and their quadratic terms are only
significant in the 50 and 75 quantile regression models, and
showed inverted U trend features. This shows that for urban
samples with high energy efficiency, the net effect of aggregation
on energy efficiency will also show an inverted U trend
characteristic of rising first and then decreasing. Moreover,
cities with relatively high energy efficiency can more benefit
from urban spatial aggregation. Thirdly, the estimated
coefficients of urban complexity variables are significantly
negative in all quantile regression models, and their quadratic
terms are significantly positive, meaning that the net effect of

urban complexity on energy efficiency exhibited a U-shaped
trend characteristic of falling first before rising. Moreover, for
urban samples with high energy efficiency, urban complexity has
the most obvious inhibitory effect on energy efficiency. Taken
together, urban samples with high energy efficiency are more
prominently affected by urban spatial morphology changes,
whether by facilitation or inhibition.

Urban Heterogeneity Analysis

According to the research of Wu et al. (2020), megacities, large
cities, and small and medium-sized cities show certain
heterogeneity in spatial structure and economic development
level, which means that the impact of urban spatial form on
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energy efficiency will be different in different levels of cities.
Therefore, this paper classifies cities according to the size of
permanent population in the municipal area, and divides cities
with a permanent population of more than 5 million into
megacities, cities with a permanent population of more than 1
million and less than 5 million into large cities, and cities with a
permanent population of less than 1 million into small and
medium-sized cities (SMCs). Table 4 reports the grouping
estimation results of different types of urban samples.

From the estimates of urban centrality, its primary-term and
quadratic-term regression coefficients are only significant in the
megacities and large city samples, but not in SMCs. In addition,
the net effect of centrality on the energy efficiency of megacities
and big cities shows the inverted U type trend of rising first before
decreasing, and it will gradually increase with the expansion of
urban scale. For urban aggregation, its net effect on urban energy
efficiency is only significant in megacities, and also presents a
characteristic of inverted U trend of rising first and then
decreasing. From the estimates of urban complexity, the net
effect on energy efficiency is only significant in small and
medium-sized city samples. Moreover, the inhibitory effect of
complexity on urban energy efficiency will gradually slow down
with increasing complexity. In general, the effects of urban
aggregation, centrality, and complexity on energy efficiency
show obvious heterogeneity in urban scale heterogeneity, which
means that optimizing energy efficiency from the urban spatial
form needs to consider urban heterogeneity and adopt classified
policies. In conclusion, the theoretical proposition 3 is proved.

CONCLUSION

This study deconstructed urban spatial form into centrality,
aggregation and complexity, and analyzed net effect and its
heterogeneity of urban spatial form on energy efficiency with
OLS, quantile regression model as well as grouped regression
model. The following main conclusions were reached: First, the
effect of urban centrality on energy efficiency shows an inverted
U-shaped trend with an inflection point value of 0.34, and 98.23%
of the city samples are on the left of the inflection point, meaning
that strengthening urban centralization for the vast majority of
cities helps improve energy efficiency. Second, the effect of urban
spatial complexity on energy efficiency shows a U-shaped trend of
first decreasing and then increasing, and about three-quarters of
urban samples are located on the left side of the inflection point. It
can be seen that with the rise of urban spatial complexity, the
urban energy efficiency tends to decline, but the decreasing rate
gradually decreases. Third, from the perspective of the overall
average effect, the net effect of urban aggregation on energy
efficiency is not significant. However, in the sample of high
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