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Abstract: Logistics is playing an important role in China with the rapid growth of the digital economy,
and has caused large quantities of carbon emissions as an energy-intensive industry. Due to the
extreme imbalance of land urbanization, the performance of carbon emissions reduction in logistics
is significantly different among regions. This paper establishes a new indicator to describe the
carbon emissions catch-up effect and decomposes the impact of land urbanization into 4 driving
factors, thereby identifying the impact of land urbanization on carbon emissions catch-up effect in
detail. The results indicate that: (1) at the national level, the catch-up effect of carbon emissions in
logistics showed three stages of “catching up-lagging behind-catching up”, which was consistent
with the development of logistics. (2) At the regional level, the land urbanization-related factors had
significant but different impacts on the catch-up effect of carbon emissions. The spatial expansion
and road network density effect were the main inhibitors for catch-up effect of the eastern region, and
spatial structure effect was the main inhibitor for central and western regions. (3) At the provincial
level, the impact of land urbanization-related factors on provinces at different development stages
was different. Finally, some policy implications are proposed to achieve carbon neutrality targets.
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1. Introduction

With the rapid growth of the digital economy and urbanization, logistics is playing a
more and more important role in China, which approximately contributes 4.5 percent of
the growth of gross domestic product (GDP) and 3 to 5 percent of the total employment [1].
However, according to CEADs, logistics is the second-largest energy consumer and carbon
emitter only next to industry in 2020 in China. The energy consumption of China’s logistics
soared from 122 million tce in 2007 to 205 million tce in 2019 [2]. Among the energy used,
the consumption of diesel alone has increased by 3.4 million tons per year. Too much
energy consumption has caused serious carbon emissions and environmental pollution.
Figure 1 indicates that the carbon emissions of China’s logistics reached 179 million tons in
2019, with an annual growth rate of about 5.6%, showing a significant growth trend.

The industrial development that accompanies land urbanization leads to a large
amount of carbon emissions [3-5], especially logistics [6]. In the past 2 decades, the
urban land scale and structure have changed significantly with the rapid process of land
urbanization in China. The urban land has increased from 178 thousand square kilometers
in 2007 to 200 thousand square kilometers in 2019, and the urban built-up area has increased
from 35 thousand square kilometers in 2007 to 60 thousand square kilometers in 2019.
Actually, land urbanization has significantly influenced the carbon emissions of logistics.
For example, the expansion of urban land will enlarge the service scope of logistics, which
means the transportation and distribution distance will increase, and more distribution
sites should be constructed. The energy consumption and carbon emissions of logistics
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increase as a result. Meanwhile, the urban city has become more and more compact and
the job—work distance separated. Traffic congestion has become more and more serious,
especially in mega-cities, which leads to more inefficient logistics and causes too much
energy consumption and carbon emissions. Therefore, identifying the impact of land
urbanization on carbon emission of logistics and then proposing carbon emission reduction
policies will be of great help for peaking carbon emissions and achieving carbon neutrality
for China.
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Figure 1. The carbon emissions of China’s logistics during 2007-2019.

Since 2010, 87 regions, such as Guangdong, Beijing, Shanghai, etc., have been chosen
as low-carbon pilot (LCP) regions successively in China, aiming to explore low-carbon
development experience. In the past 10 years, the LCP regions proposed a lot of policies to
reduce carbon emissions as much as possible, and have achieved remarkable effects. On
average, the growth rate of carbon emissions in LCP regions is decreasing by about 0.93%
each year, and in some regions, such as Beijing, the growth rate of carbon emissions by
1.22% each year. In this context, taking the LCP regions as benchmarks, investigating the
changes in carbon emissions gap between them and non-low-carbon pilot (NLCP) regions,
and identifying the effect of land urbanization on the changes in carbon emissions gap, are
of great significance for detecting the catch-up effect of carbon emissions in NLCP regions,
and help to propose urban land use policies to speed up carbon emissions reduction. Also,
it can help to optimize the urban land use of NLCP regions. However, insufficient attention
was paid to the effects of land urbanization on the catch-up effect between NLCP regions
and benchmark.

Therefore, this paper focuses on the following questions. (1) Are the NLCP regions
catching up with benchmark in carbon emission reduction? (2) How does land urbanization
affect the NLCP regions’ efforts to catch up to the benchmark? In order to answer these
questions. An aggregate indicator is established to describe the catch-up effect of NLCP
regions to benchmark, and the Log-Mean Divisia Index (LMDI) method is applied to capture
the effects of land urbanization on the catch-up effect of NLCP regions to benchmark in
logistics. Comparative analysis is used to detect the different effects of land urbanization
factors on the catch-up effect in logistics of China’s regions.

The remainder of the paper is organized as follows. The existing literature is analyzed
in Section 2. An aggregate indicator is established, and the methods and data are described
in Section 3. The empirical findings and comparative analysis are presented in Section 4.
Section 5 concludes and proposes related policy implications.

2. Literature Review

Many scholars have explored the driving factors of carbon emissions in different
ways. A great number of methods were used to explore how driving factors affect carbon
emissions, mainly including regression methods [7-10] and decomposition methods [11-15].
Actually, regression methods focus more on external factors, e.g., industry structure [16,17],
economic development [9,18], and technological innovation. However, regression results
are susceptible to the choice of research objects and the number of factors, which often
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leads to the opposite conclusion of some factors. Thus, decomposition analysis has become
a research hotspot, because it is an aggregate decomposition without interaction between
factors.

Decomposition analysis is an approach which can identify the changes in energy con-
sumption and energy-related carbon emissions using predefined factors quantitatively [19],
in which many scholars mainly focused on the relationship between carbon emissions
and economic development [20,21], technological progress [22], energy structure [23] and
energy intensity [24]. Three decomposition methods have been widely acknowledged
among scholars, including structural decomposition analysis (SDA), index decomposition
analysis (IDA), and production-theoretical decomposition analysis (PDA).

SDA is dependent on input-output (I-O) tables and more economic details being
attained clearly [25], so it often analyzes energy and emission differences from an economic
systems perspective [26]. However, the updated I-O tables require more data and are not
available in some countries and regions, which limits its application [27,28].

PDA is a method that combined the Shephard distance functions and environmental
data envelopment analysis (DEA) technology, which provides more technical details. It
is widely used by many scholars to analyze the technical factors and substitution factors
which influence the changes in carbon emissions [29,30]. However, PDA usually leads to
the inconsistency of structure effects.

Based on the index number theory, Ang [31] employed IDA to decompose the aggre-
gate emissions into the effects of energy or carbon emissions intensity, activity structure,
and total activity. Compared with SDA, IDA is more simple and more flexible because of
lower data requirements. Two main methods are used primarily, named the Laspeyres
Index and the Divisia Index [32]. Particularly, Logarithmic Mean Divisia Index (LMDI)
was considered to be the best decomposition method because of no unexplained residual
term [33], and was adopted by many scholars [34-37].

There are three perspectives in decomposition studies, including temporal decomposi-
tion, spatial decomposition, and spatial-temporal decomposition. The temporal decom-
position regards the previous period as a baseline and compares at least two periods of
a nation or region [38]. In this context, this decomposition idea could provide historical
trends of regions, and it has been widely used by researchers [39-42].

The spatial decomposition, first proposed by Ang [43], focuses on discovering the
driving factors of the difference among regions in a specific year and all regions can be
ranked based on relative performance. Ang [44] classified the spatial decomposition into
bilateral-region (B-R), radial-region (R-R) and multi-region (M-R) model. The B-R model
could compare each pair of regions, but it is limited when the number of regions is large.
To analyze more regions, a reference region could be considered. The R-R model compares
each region with a reference region, but the comparison between the two regions could not
be attained. Meanwhile, M-R model provides both direct comparisons between each region
and the reference region and indirect comparisons between any two regions, which is the
most widely used by scholars [45—-48].

In order to capture both spatial differences between regions and temporal develop-
ments of specific regions simultaneously, Ang [49] introduced a spatial-temporal model.
Now, a comprehensive framework that combined temporal and spatial decomposition
is becoming more and more popular in recent years. Li [50], Wang [51], Chen [52], and
Hang [53] employed the changes in pollutants (such as CO, or SO;) from the temporal—-
spatial decomposition perspective.

In addition, scholars have carried out a series of studies based on the impact of
urbanization on carbon emissions of logistics. For example, Lv [54] studied the impact of
urbanization on carbon emissions from freight transport under different modes of freight
transport, and Liu [55] studied the impact of urbanization on the carbon emissions of
logistics from four aspects. Scholars also confirmed the multiple impacts of urbanization on
carbon emissions from different perspectives [56-59]. It can be seen that urbanization has a
significant impact on the carbon emissions of logistics, but the effect of land urbanization,
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an important aspect of urbanization, on carbon emissions in logistics has not received
enough attention. The latest research showed that, the expansion and fragmentation of
urban land would lead to growth in carbon emissions, while the connectivity between
urban lands could promote carbon mitigation [60]. Li [61] found that there was an inverted
U-shaped curve between the urban land spatial structure and carbon emissions in the
process of urbanization. However, the spatial structure was only one of the manifestations
of land urbanization, and these studies did not focus on the logistics industry. Therefore,
it is necessary to comprehensively and deeply study the impact of land urbanization on
carbon emissions of logistics.

Summarizing the previous literature, this paper contributes to the literature in three
aspects. First, this paper establishes an aggregate indicator to describe the catch-up effect of
NLCP regions to benchmark in carbon emissions reduction from dynamic spatial-temporal
perspectives, which can reflect the effort of NLCP regions in carbon emissions reduction in
logistics. Second, differing from the existing literature, which focuses on the influencing
factors on the change of carbon emissions, we specifically investigate the impact of land
urbanization factors on the catch-up effect of NLCP regions to benchmark in carbon
emissions reduction of logistics. Especially, we decompose the impact of land urbanization
into 4 factors which can provide more detailed information for carbon emissions reduction.
The research framework is displayed in Figure 2. Third, this study focuses on detecting
the different effects of the 4 factors of land urbanization. In this context, we implement a
comparative analysis among different regions, analyze the similarities and differences in
effects of the same influencing factor on different regions, and propose piecemeal measures
to reduce carbon emission in logistics in NLCP regions by learning from their successful
benchmarks.

Static Dynamic
spatial decomposition temporal decomposition

Dynamic spatial-temporal decomposition

The catch-up effect of carbon emissions

Driving factors of the catch-up effect

Road network Road network Spatial Spatial
economy density structure expansion
RE RD SS SE

Figure 2. The framework of research for the catch-up effect of carbon emissions in logistics.

3. Methods and Data
3.1. The Catch-Up Effect

Catch-up effect describes the carbon emissions reduction effort implemented by un-
derperforming regions to bridge the gap with benchmarks. In this context, we can establish
the benchmarks based on LCP regions, and assess the gap between NLCP regions and
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benchmarks, and then use the change of the gap to describe the catch-up effect of underper-
forming regions. Therefore, establishing the benchmark is a critical and fundamental step.

The existing literature generally has two strategies to determine the benchmarks. First,
we can select a real entity which is pre-defined to meet policy makers’ specific demands,
such as the best or the worst one, providing policy makers with critical information. This
could be defined as a real entity strategy. For example, Sun [62] chose the best result as the
benchmark and considered the levels of CO, emission intensity of the 15 EU countries in
1995. Second, we also can select a virtual region constructed by the average of all regions
automatically. This could be defined as a virtual entity strategy. For example, Ang [44]
decomposed energy consumption in 30 regions of China by using the arithmetic average of
all regions as a benchmark.

Actually, most of the LCP regions have made remarkable achievements in carbon
emissions reduction, but no city was always the best among all the LCP regions in the past
10 years, which means we cannot specify a real entity as the benchmark. Therefore, we
select the average performance of all LCP regions as the benchmark, i.e., we choose the
virtual entity strategy. This is different from the existing literature using static strategy,
which selects the average performance of all entities in the whole observation period as
the benchmark. The average performance of LCP regions in each year is selected as the
benchmark of the year, which means we establish time series benchmarks. In this way, we
can prevent the influence of the performance fluctuation of benchmarks, and dynamically
reflect the catch-up effort of underperforming regions.

The gap between an NLCP region and the benchmark in the carbon emissions reduc-
tion of logistics can be defined as follows:

ACR, = Cky — CRy t€{0, T} (1)

In Equation (1), ¢ indicates the year ¢. Where, Cltzn indicates the total carbon emissions
of logistics in NLCP region 7, while Cltay means the total carbon emissions of logistics of

the benchmark. Therefore, as ACk, indicates the performance gap between region n and
the benchmark in year ¢. then, the catch-up effort of region 7, can be defined as follows:

CUER, ™" = ACR,! = ACk, = (Ci = Ci!) = (Chy — Chy) @

In Equation (2), C UEI(;; U~ describes the change of the gap between NLCP region n
and the benchmark from the year f to the year f + 1. Where if C UEI(;: D > 0, it means

that the gap increases or remains unchanged, which indicates there is no catch-up effect

in region n. While if C UEg: Dt 0, it means that the gap is decreasing, and there is a
catch-up effect in region n. Therefore, the advantage of using this method to establish the
CUE indicators is that the average level of all LCP regions is used as the benchmark, which
can more accurately reflect the most advanced level of low-carbon development of logistics
in different periods, and the CUE indicators can reflect the annual change of the carbon
emissions gap between the different regions and the benchmark.

3.2. The Decomposition Model

Most of the NLCP regions are under-developed, and urbanization is always considered
an effective measure for economic development. With the development of urbanization,
the urban land use of NLCP regions will change significantly, which will affect the carbon
emissions of logistics. Land urbanization has four significant effects on carbon emissions.
First, the scale of the urban area will change sharply due to the population explosion with
the development of urbanization. Actually, the urban area usually expands rapidly, which
means the service scope of logistics will be enlarged. Thus, some new logistics facilities
should be constructed. Moreover, the distance between suppliers and consumers will be
extended, which will make the logistics system more complex and increase distribution
distance. In this context, more energy will be consumed and more CO, will be emitted.
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This effect can be defined as the spatial expansion effect (SE). Second, the rapid growth
of population will change the layout of the urban area, which indicates the layout of the
urban will be redesigned and the usage of urban land will be clearer. Some areas will be
designed as residential land, and some will be designed as industrial land. As a result, the
city will become more job-work separated. However, the city’s infrastructure construction
often lags behind the increase in urban population, which will lead to greater inefficiency
in logistics and affect the catch-up effect of NLCP regions. This effect can be defined as
the spatial structure effect (SS). Third, road network construction will be accelerated with
the development of urbanization, which means the transportation capacity of logistics will
be enhanced greatly. This will provide more convenient logistics services and stimulate
greater potential demand for e-commerce, which will affect the energy consumption and
carbon emissions of logistics. This effect can be defined as the road network economy
effect (RE). Fourth, generally, the sprawl of urban built-up areas is forbidden, thus the city
will become more and more compact. Meanwhile, the construction of a large number of
roads and railways will increase road network density. In this context, many traffic lights
should be set, the speed of vehicles will be controlled too strictly and many traffic jams
may happen. Those will lead to inefficiency and too many carbon emissions in logistics.
This effect can be defined as the road network density effect (RD). Thus, the impact of land
urbanization on the catch-up effect of carbon emissions can be divided into four factors. In
this context, more detailed information to understand the effect of land urbanization on the
catch-up effect of carbon emissions can be discovered.

In order to identify the effects of land urbanization factors, the carbon emissions of
logistics can be decomposed as shown in Equation (3) based on the Kaya identity [63].

t _ vt
CRn—ZjCj
t t t t
S BB YR B t 3
—ZjEtXE;XthXRfXBfXSEfXSE ®3)

]
= CCt x ESt x EI' x RE! x RD! x SSt x SE!

In Equation (3), Ck,, denotes the total carbon emissions of logistics in NLCP region 7.
E; and Cj (j =1, coal; j = 2, gasoline; j = 3, kerosene; j = 4, diesel) respectively denote
the j-th energy consumption and the corresponding carbon emissions. Where, E; denotes
the total energy consumption of logistics. Y; respectively denotes the GDP of logistics. R
denotes road length. B denotes built-up area and SE denotes urban area.

On the right hand side of Equation (3), the carbon emissions of logistics are decom-
posed into seven driving factors: the first component could be interpreted as a carbon
coefficient effect (CC); the second component describes the consumption ratio of each en-
ergy in the total energy, which could be interpreted as the energy structure effect (ES); the
third indicates the energy consumption per unit of added value, which could be interpreted
as the energy intensity effect (EI); the fourth component indicates the added value of
logistics per unit of road length, which could be interpreted as the road network economy
effect (RE); the fifth component indicates the road length per unit of built-up area, which
could be interpreted as road network density effect (RD). The sixth component indicates
the built-up area per unit of urban area, which could be interpreted as spatial structure
effect (SS); At last, the urban area could be interpreted as a spatial expansion effect (SE).

The LMDI is considered the ‘best” method for decomposition analysis; thus, we select
the additive LMDI to analyze the effect of land urbanization on the catch-up effect in
logistics. According to Equations (1) and (3), the carbon emissions gap between NLCP
regions and the benchmark in year t can be shown in Equation (4):

t  __ ot t _ -t t
ACRn - CRn - CR]A - CR,n - CR,u

4
= ACC! + AES! + AEI' + ARE! + ARD! + ASS! + ASE! )
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— Acc(t-‘rl)—t +AEs(t+1)—t +AEI(t+1)—t +ARE(t+1)_t+ARD(t+1)_t+ASS(t+1)_t +ASE(t+1)—t

Since the carbon emissions coefficient of each energy type is constant, ACC' is always
equal to 0. Therefore, each factor on the right side of Equation (4) can be expressed as
Equation (5):

AES' = L(Ck,, Ch, ) In g Est

AEI" = L(Ch, Ch, ) In g

t
ARE' = L(C,,Ck,, ) In 1’:5 o
ARD! = L(ct,,Ct )1
(Chociy) 5

ASS! = 1(Ck,,Ch, ) In 55k

SSt
SERn

ASE' = L(Ch,, C, ) In 3

L Ct 7& C
where L (C%n, Clt?y) = { InCk,—InCk,” “Rn
Cfin or Cfi u’ C%n - Cfiy
According to Equations (2) and (4), the catch-up effect (CUE) can be decomposed as
Equation (6):

CUER ™ ™" = ACK! — ACk, ©)

According to Equation (6), the catch-up effect of NLCP regions on benchmarks can
be decomposed into 7 determinants. Obviously, ACC(*+1)~* always equals 0. AES(+1)~*
refers to the catch-up effect achieved by energy structure optimization. AEI(*+1)~* refers to
the catch-up effect achieved by the decrease in energy intensity. ARE(+1)~f refers to the
catch-up effect achieved by increasing the scale effect of road network. ARD(+1)~ refers
to the catch-up effect achieved by the decrease in road network density. ASS(+1)~* refers
to the catch-up effect achieved by the optimization of spatial structure. ASE(*+1)~* refers to
the catch-up effect achieved by the decrease in the blind and disordered spatial expansion.

3.3. Data Resources

Transportation, warehousing, postal transport, and telecommunications are always
the main components of China’s logistics. Therefore, we collect the panel data of these
industries for 30 provinces (except Tibet, Hong Kong, Taiwan, and Macau because of lack
of data) in China from 2007 to 2019. The data of population, urban area, built-up area, and
value added in logistics were organized based on National Bureau of Statistics of the People’s
Republic of China (2007-2019). To explore the impact of driving factors among regions
briefly, 30 provinces are divided into three regions (Eastern region includes Beijing, Tianjin,
Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan;
Central region includes Shanxi, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and
Hunan; Western region includes Inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou,
Yunnan, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang.). In addition, we converted the
monetary data (e.g., value added of logistics) to the 2007 price level according to the GDP
deflator to eliminate the impact of inflation. Moreover, as four types of fuel (coal, gasoline,
diesel, and kerosene) dominate the energy consumption of logistics in China, these fuels
were considered and were converted into standard coal-based values on the standard coal
conversion coefficient (Coal: 0.714; gasoline: 1.471; diesel: 1.457; kerosene: 1.471). Carbon
emissions in logistics is calculated based on the carbon emissions coefficient (Coal: 0.7559;
gasoline: 0.5538; kerosene: 0.5714; diesel: 0.5921.).
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4. Results
4.1. The Catch-Up Effect of Carbon Emissions in Logistics
4.1.1. The Analysis at the National Level

Figure 3 shows the CUE of carbon emissions in logistics at the national level during
2007-2019.

>

-25.000 -15.000 -5.00_0 ) 5.000 15.000 25.000
Carbon emissions (10%tons )

Figure 3. The catch-up effect of carbon emissions on logistics at the national level during 2007-2019.

The average value of CUE of logistics in China was —29 thousand tons, which indicates
that the NLCP regions caught up to the benchmark during 2007-2019. The carbon emissions
catch-up effect of logistics in China presents a trend of “catching up-lagging behind-catching
up” during the research period totally. Specifically, in the first stage, the value of CUE in
2007-2011 was less than 0 in most years, which meant the NLCP regions caught up to the
benchmark in this period. In the second stage, the value of CUE in 2011-2014 was always
greater than 0, indicating that the NLCP regions were lagging behind the benchmark in
the carbon emissions reduction of logistics. However, the value of CUE was decreasing
gradually, indicating that the trend of widening gap between NLCP regions and benchmark
was narrowing. In the third stage, the value of CUE in 2014-2019 was always less than 0,
indicating a constant catch-up effect of NLCP regions. It is worth noting that the absolute
value of CUE was increasing steadily since 2016, which means the gap of carbon emissions
reduction between NLCP regions and benchmark was continuously shrinking.

4.1.2. Comparative Analysis at the Regional Level

Figure 4 shows the carbon emissions CUE of logistics in China at the regional level,
which indicates that the values of CUE of the three regions of logistics in China are quite
different.
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Figure 4. The catch-up effect of carbon emissions in logistics at the regional level during 2007-2019.
(a). The catch-up effect at regional level; (b). the catch-up effect of eastern regions; (c). the catch-up
effect of central regions; (d). the catch-up effect of western regions.

According to Figure 4a, the average value of CUE in eastern, central, and western
regions was —6 thousand tons, 19 thousand tons, and —87 thousand tons respectively,
indicating that the eastern and western regions caught up to the benchmark, while the
central region lagged behind the benchmark in carbon emission reduction of logistics.
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The absolute value of CUE in the eastern region was always small, especially after 2013,
indicating that the eastern region has a low potential to reduce carbon emissions of logistics.
Meanwhile, the absolute values of CUE in central and western regions were big, meaning
that there is a large potential to reduce carbon emissions of logistics in those two regions.

Based on Figure 4b, among the eastern regions, the average value of CUE in seven
provinces is less than 0, and the average CUE of Hebei (—226), Tianjin (—191), and Hainan
(—167) is particularly significant. Tianjin and Hainan have consistently shown the catch-up
effect. However, the average CUE of Guangdong (285) and Jiangsu (256) is greater than 0,
indicating that those provinces were lagging behind the benchmark in carbon emissions
reduction of logistics. According to Figure 4c, the CUE of most central provinces has
increased, such as Henan and Hubei. Moreover, Jilin has always shown a catch-up effect,
and Shanxi has also begun to show a stable catch-up effect since 2013, but the CUE of
Hunan has been increasing since 2012. According to Figure 4d, most western provinces,
such as Qinghai and Ningxia, have shown a catch-up effect in the past decade, but the CUE
of Sichuan has increased rapidly since 2013.

4.2. Analysis of Decomposition Results
4.2.1. Analysis at the National Level
Figure 5 shows the CUE decomposition results of carbon emissions in logistics at the

national level during 2007-2019, indicating that the land urbanization factors had important
but different effects on the CUE of carbon emissions of logistics in China during 2007-2019.
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Figure 5. The catch-up effect decomposition results of carbon emissions in logistics at the national
level during 2007-2019.

Specifically, spatial expansion (SE) and road network economy (RE) are the main
contributors to the catch-up effect of logistics. However, it is worth noting that spatial
expansion shows the opposite effect after 2016. On the contrary, spatial structure (SS) is the
main inhibitor to the catch-up effect of NLCP regions in most years, but it has become a
contributor since 2017. On average, road network density (RD) is an inhibitor to the catch-
up effect of NLCP regions, but the impact of road network density fluctuates wildly in the
research period. Therefore, only using a composite indicator to describe land urbanization
and assess the impact of land urbanization on the catch-up effect of logistics is probably
inaccurate and may lead to an incorrect explanation.

As logistics is an energy-intensive industry, energy-related factors are always the key
factor affecting the catch-up effect. For instance, the energy intensity (EI) showed a positive
impact on CUE, especially after 2014, Liu [64] and Wang [65] also obtained similar results.
Therefore, reducing the energy intensity of logistics has a continuously positive impact
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on CUE. However, since the energy structure (ES) of logistics changed little during the
research period, it has little impact on CUE compared with other factors.

4.2.2. Comparative Analysis at the Regional Level

Figure 6 shows the CUE decomposition results of carbon emissions on logistics at the
regional level during 2007-2019.

Specifically, Figure 6a shows the overall effect of land urbanization factors on three
regions, and Figure 6b—d shows the CUE decomposition results of the three regions sep-
arately during 2007-2019. According to Figure 6a, among the land urbanization-related
factors, spatial expansion had a significant positive effect on the CUE in the central and
western regions, but had a negative impact on the CUE in the eastern region. Spatial
structure promoted the CUE in the eastern region but had a significant negative impact
on the CUE in the central and western regions. Road network economy contributed to
the CUE in the western region significantly, but has little effect on the eastern and central
regions. Road network density had a negative impact on the CUE in the eastern and west-
ern regions, while a negligible effect in the central region. Therefore, the contribution of
land urbanization-related factors to the CUE of logistics in the three regions is significantly
different.
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Figure 6. Comparative analysis of the decomposition results. (a) The overall results of land urbaniza-
tion factors on three regions; (b) the catch-up effect decomposition results of the eastern region; (c) the
catch-up effect decomposition results of the central region; (d) the catch-up effect decomposition
results of the western region.

According to Figure 6b, in the eastern region, the spatial expansion was the key factor
inhibiting catching up to benchmark during 2007-2019, with an average of 79.4 thousand
tons each year, especially for Guangdong and Jiangsu. In addition, it had a slightly positive
impact on catching up to benchmark only in three years. Road network density was
another key inhibitor for eastern regions catching up to benchmark, with an average
of 42.5 thousand tons each year, especially for Beijing and Shanghai. However, it had
a positive impact on catching up to benchmark in the last two years. Therefore, road
network density may tend to be a contributor to catching up to the benchmark in carbon
emission reduction due to the construction of urban rail traffic. Spatial structure was the
key contributor to catching up to the benchmark for eastern regions in carbon emission
reduction, now with an average of —21.97 thousand tons each year, especially for Beijing,
Shanghai, and Jiangsu. In addition, it had a slight negative impact on catching up to the
benchmark only in four years. Road network economy had a significantly fluctuant impact
on catching up to benchmark for eastern regions in carbon emission reduction of logistics.
On average, it had a positive impact on catching up to benchmark, with an average of
—1.68 thousand tons each year. However, it had a significantly negative impact on catching
up to benchmark for eastern regions in the last two years. In addition, the energy structure
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had a slight negative impact on the CUE, and energy intensity had a significant and stable
positive impact on the CUE in the eastern region. Therefore, by improving energy intensity,
the eastern region had significantly improved the low-carbon levels of logistics.

According to Figure 6¢, in the central region, spatial expansion was the main factor
in promoting CUE, but in recent years the impact has decreased and tends to be negative
for some provinces. Spatial structure was the main factor inhibiting CUE, but after 2015,
it changed to be a contributor, especially for Heilongjiang and Jiangxi. Road network
economy was an inhibitor for CUE on average, but the impact fluctuated sharply. In the
last three years, it played a negative role on CUE stably, especially for Shanxi, Jilin, and
Anhui. Therefore, the negative impact of RE may increase with the rapid development of
the digital economy. Road network density played a slight positive role on CUE during the
research period for central regions. However, it is worth noting that the impact of RD was
consistent in Hubei, Henan, Anhui, and Jilin. In addition, both the energy structure and
energy intensity have inhibited the CUE in the central region, but they have begun to play
a positive role in recent years.

According to Figure 6d, similar to the central region, spatial expansion was the main
factor in promoting CUE of logistics, and the spatial structure was the main factor in
inhibiting CUE. The difference is that the road network economy significantly promoted
CUE of logistics in the western region, especially after 2011, while road network density
decreased the CUE, especially after 2012. In addition, energy intensity has decreased CUE
as a whole, but in recent years it has begun to tend to be a contributor in this region. And it
is worth noting that energy structure promoted the CUE in the western region, which was
different from the eastern and central regions.

5. Discussion
5.1. The Catch-Up Effect in Logistics

At the national level, the carbon emissions catch-up effect of logistics in China was
greater than 0 during 2011-2014, and less than 0 in other years as a whole. This was mainly
because e-commerce began to grow rapidly around 2012 in China, and stimulated massive
demand in logistics, such as logistics distribution vehicles and logistics infrastructure, thus
significantly increasing energy consumption and carbon emissions. Meanwhile, with the
promotion of low-carbon policies in benchmark after 2011, the gap between the country
and benchmark in carbon emissions of logistics has gradually widened. After 2014, since
NLCP regions paid more and more attention to low-carbon development, more and more
intelligent devices were used in logistics, thus the carbon emissions of logistics were
gradually controlled, and the NLCP regions began to catch up to the benchmark.

At the regional level, the carbon emissions catch-up effects of logistics in the three
regions of China were significantly different. The CUE in the eastern region was slightly less
than 0 and stable in the research period. This was mainly because most of the LCP regions
are located in this region, which facilitated NLCP regions continuously learning low-carbon
development experiences from benchmarks. Another possible reason was the provinces
in the eastern region are developed areas, and they have sufficient capital and strong
technological force to continuously research and apply intelligent and environmentally
friendly devices instead of traditional equipment, which reduced the carbon emissions
of logistics. The CUE in the central region was significantly greater than 0 and sharply
fluctuant from 2007 to 2019. This may be because many provinces in the central region
constructed many national integrated transportation hubs (Henan, Hubei, Jiangxi, for
instance), which was playing an important role in transport and warehousing. Obviously,
transport and warehousing are energy-intensive and high-emission sectors in logistics.
The CUE in the western region was far less than 0 and stable during the observation
period, indicating a continuous catch-up effect in the carbon emission reduction of logistics.
Actually, due to the radiation effect of national integrated transportation hubs in the central
region, logistics in the western region developed slowly. Especially, some energy-intensive
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and high-emission sectors, such as transport, warehousing, and distribution processing,
were gradually abolished along with the optimization of the logistics system.

5.2. Driving Factors of the Catch-Up Effect in Logistics

At the national level, the road network economy was a significant contributor to the
catch-up effect in carbon emissions reduction of logistics during the observation period.
This may be because the local government of NLCP regions energetically developed
modern logistics systems due to the rapid development of e-commerce, and some outdated
equipment and technology were eliminated, resulting in the growth of carbon emissions
in logistics decreased compared with benchmarks. However, the impact of the road
network economy decreased gradually after 2016, indicating that the regional difference in
equipment and technology logistics has decreased. Affected by the spatial expansion, the
CUE in logistics first increased and then decreased. The reason may be that the benchmarks
have been built and developed earlier. Specifically, the urban area of most benchmarks
expanded relatively earlier and faster, which widened the transportation and distribution
distance, promoting carbon emissions of logistics. As the benchmark gradually entered
the middle and later stage of land urbanization, the urban scale tended to be stable and
the carbon emissions of logistics has been controlled. Meanwhile, the space of most NLCP
regions expands rapidly, resulting in a decrease in CUE. It is worth noting that spatial
structure and road network density had negative effects on increasing CUE of logistics in
most years. One possible reason is that with the development of land urbanization, the
urban area becomes too crowded, resulting in the inefficiency of logistics. Meanwhile, many
urban roads are constructed to satisfy the demand for travel, transport, and distribution,
which makes the transportation system more complex. More traffic lights are set to control
the speed of vehicles and then traffic congestion increases.

At the regional level, the road network economy significantly promoted CUE of
logistics in the eastern and western regions, but inhibited CUE of logistics in the central
region. The regional difference is mainly because the central region is the logistics center
of China, the development of the digital economy in each region will generate massive
logistics service demand for the central region, which will increase carbon emissions.
Meanwhile, there is a new characteristic named returning migrant-induced urbanization
in the central region, which means many people return to county-level central cities from
eastern provinces. In this context, the impact of road network economy will increase due to
the online shopping habit of returning people. Therefore, most important is optimizing
the layout of logistics to obtain the scale economy effect. Regarding spatial expansion, this
effect mainly inhibited CUE of logistics in the eastern region, slightly contributed to CUE
of logistics in the central region before 2017 then turned to be an inhibitor after 2017, and
mainly contributed CUE of logistics in the western region. This is mainly because the urban
areas in eastern and central regions expanded earlier in the process of land urbanization.
The urban sprawl increased the carbon emissions of logistics in the eastern region and began
to play a role in the central region. Therefore, disorderly and blindly spatial expansion
should be strictly controlled, and land utility should be planned reasonably to avoid further
blind spatial expansion in eastern and central regions in the process of land urbanization.
Spatial structure had a positive impact on CUE of logistics in the eastern region; in contrast,
it had a negative impact on CUE in central and western regions. The regional difference
was mainly because the urban space was optimized earlier in the eastern region since the
new urbanization with Chinese characteristics’ strategy proposed in the 18th National
Congress in 2012. Meanwhile, the space optimization in central and western regions was
slow because the local government was lacking capital. It will become more and more
urgent for the central region to scientifically optimize the city structure because of the
population pouring in from rural areas and returning from eastern regions. In this process,
the local governments should distribute these people reasonably, and avoid a large number
of people pouring into cities. Road network density had a negative impact on CUE in the
eastern region, while had a slightly positive impact on CUE in the central region. This is



Land 2022, 11, 1503

150f18

because most of the provinces in the eastern region are developed and they have gotten
to the mature stage of urbanization. As he layout of urban areas becomes more and more
compact, the road network density increases; then, more and more speed restrictions and
traffic lights are set, and the logistics system becomes more and more inefficient. Therefore,
it will be of great significance to optimize the traffic system for carbon emissions reduction
in the logistics of the eastern region. Specifically, increasing the construction of urban rail
traffic and decreasing the construction of city roads will be conducive to decreasing the
road network density; thus, the vehicle moving speed can be increased, and the efficiency of
the logistics system can be improved. In view of the negative impact of energy structure, it
will be of great help to reduce carbon emission in logistics by improving the share of green
energy, such as hydrogen energy and solar power. In this context, the local governments
should promote the infrastructure construction of green energy, and propose measures to
encourage logistics enterprises to increase the consumption of green energy and decrease
the consumption of traditional energy. Meanwhile, a large share of low-value-added and
energy-intensive sectors should also be distributed in the central region. Promoting the
application of new energy equipment and replacing the energy-intensive equipment will
be conducive to reducing the CUE in the central region.

6. Conclusions

To discover the effect of land urbanization-related factors driving provinces to catch up
to benchmark in carbon emissions reduction of logistics and detect the similarities of and
differences of the same influencing factor on different regions, we propose an aggregate
indicator to describe the catch-up effect of NLCP regions to benchmark and establish
a decomposition model based on the Kaya identity and LMDI. First, an indicator was
established and used to assess the CUE of NLCP regions at the national and regional levels.
Then, the decomposition model was extended to capture the impact of land urbanization
factors on the CUE. Finally, a comparative analysis was proposed to detect the key factors
influencing regions and provinces during the process of land urbanization. The main
results are listed as follows.

(1) At the national level, the carbon emissions catch-up effect of logistics has generally
experienced three stages, and presents the characteristics of “catching up-lagging behind-
catching up”. (2) At the regional level, the land urbanization-related factors had significant
but different impacts on the carbon emissions catch-up effect. In the eastern region, the
spatial structure effect had a positive impact on the carbon emissions catch-up effect, but
the spatial expansion effect and road network density effect had a fluctuating and negative
impact; in the central region, the spatial expansion effect had a positive impact on carbon
emissions catch-up effect, but the spatial structure effect had a negative impact; in the
western region, the road network economy effect and spatial expansion effect had a positive
impact on carbon emissions catch-up effect, but the spatial structure effect had a negative
impact. (3) At the provincial level, the impact of the land urbanization-related factors was
different. The road network economy effect had a negative impact on carbon emissions
catch-up effect in Beijing, Shanghai, and other developed provinces; road network density
effect and spatial structure effect had a negative impact in developing provinces such as
Xinjiang and Inner Mongolia; the spatial expansion effect played a negative role in carbon
emissions catch-up effect for rapidly expanding provinces such as Beijing and Jiangsu, and
had a positive impact on provinces with slow urbanization. In addition, as for energy-
related factors, the energy structure had little impact on the carbon emissions catch-up
effect of most provinces, but the energy intensity had a positive impact on most eastern
and western provinces.

This paper is just an attempt to explore the impact of land urbanization on the catch-up
effect of the inter-regional carbon emissions gap in logistics. There are still some limitations
in this paper. For example, the catch-up effect is influenced by many factors, but this paper
only considers land-urbanization factors, other factors related to industrial agglomeration
or technological progress are also expected to research in the future.
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