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Abstract: The sustainable development has been seriously challenged by global climate
change due to carbon emissions. As a developing country, China promised to reduce
40%—-45% below the level of the year 2005 on its carbon intensity by 2020. The realization of
this target depends on not only the substantive transition of society and economy at the na-
tional scale, but also the action and share of energy saving and emissions reduction at the
provincial scale. Based on the method provided by the IPCC, this paper examines the spati-
otemporal dynamics and dominating factors of China’s carbon intensity from energy con-
sumption in 1997-2010. The aim is to provide scientific basis for policy making on energy
conservation and carbon emission reduction in China. The results are shown as follows.
Firstly, China’s carbon emissions increased from 4.16 Gt to 11.29 Gt from 1997 to 2010, with
an annual growth rate of 7.15%, which was much lower than that of GDP (11.72%). Secondly,
the trend of Moran’s | indicated that China’s carbon intensity has a growing spatial agglom-
eration at the provincial scale. The provinces with either high or low values appeared to be
path-dependent or space-locked to some extent. Third, according to spatial panel economet-
ric model, energy intensity, energy structure, industrial structure and urbanization rate were
the dominating factors shaping the spatiotemporal patterns of China’s carbon intensity from
energy consumption. Therefore, in order to realize the targets of energy conservation and
emission reduction, China should improve the efficiency of energy utilization, optimize energy
and industrial structure, choose the low-carbon urbanization approach and implement re-
gional cooperation strategy of energy conservation and emissions reduction.
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1 Introduction

With the rapid propulsion of industrialization and urbanization, global warming has become
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one of the most serious challenges to sustainable development, which is usually attributed to
greenhouse gas emissions from traditional fossil-fuel energy consumption (IPCC, 2007;
Zhao et al., 2011; Chuai et al., 2012a). Therefore, addressing climate change and reducing
carbon emissions has become a global issue that attracts increasing attentions from both the
policy makers and scholars, and developing low-carbon economy has thus become a world-
wide consensus (Liu et al., 2008; Chuai et al., 2012b; Lu et al., 2012). As a developing
country, China has been experiencing a gradual transition from a planned economy to a
market economy, has achieved spectacular economic growth in the last three decades (Li and
Wei, 2010). It has led to a long-term and higher-speed growth of energy consumption, as
well as the carbon emissions. The gross energy consumption in China accounts for 20% of
global primary energy consumption, and 90% of China’s carbon emissions are from the
combustion of fossil-fuel energy. China’s carbon emission has attracted concerns from the
western countries, which ask China to undertake a larger share of carbon emissions reduc-
tion. China has surpassed the United States and become the leading country in CO, emis-
sions in the world (IEA, 2009). Moreover, due to the long-term durative influence of eco-
nomic growth and industrial transition, China’s CO, emissions will increase unceasingly,
leading to increasing diplomatic pressure in international climate negotiation on combating
with global climate change (Zhang, 2010). In this context, China pledged to reduce carbon
intensity by 40%-45% below the 2005 level by 2020 to reach the international climate
agreement in Copenhagen. In addition, carbon intensity has been included in the long-term
planning of China’s socioeconomic development, indicating that China’s energy policy will
face a strategic transition from emphasizing energy efficiency to improving energy structure.
Meanwhile, the realization of this target depends on not only the substantive transition of
socioeconomic structure at the national level, but also the action and share of energy saving
and emissions reduction at the provincial level. However, China is a nation with vast terri-
tory, where remarkable differentiation exists in resources endowment, population scale,
economic development level, industrial structure, and energy consumption structure. There-
fore, national energy saving and carbon emission reduction can only be realized by allocat-
ing share of carbon emission reduction and implementing differential policies.

Carbon intensity (CI) is defined as the ratio of carbon emissions to the gross domestic
products (GDP). Low carbon intensity indicates that a country or a region is able to produce
each unit of output with fewer carbon emissions. Carbon intensity is used as one of the most
important indicators to measure energy utilization quality and carbon emission efficiency.
Moreover, increasing literatures have attempted to describe and explain these dynamic pat-
terns and factors from different perspectives. Most studies agreed that energy intensity and
energy structure are the two uppermost factors affecting carbon intensity. For example,
Greening et al. (1998, 1999, 2001 and 2004) examined the carbon intensity in 100 OECD
countries using adaptive weighted division index (AWD) and argued that energy intensity of
the production sector was the main factor. Schipper et al. (2001) analyzed the carbon inten-
sity of nine manufacturing sectors in 13 IEA countries using factor decomposition method
and explained the dominating factors of carbon emission declining. Obas and Anthony (2006)
decomposed CO, emission intensity of some African countries and considered that energy
intensity, energy type and economic structure are the dominating factors that influence car-
bon intensity. Bhattacharyya et al. (2010) found that the declining of carbon intensity in the
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EU-15 came mainly from Germany and UK, and the declining of energy intensity is the de-
cisive factor. Simone ef al. (2011) had a contrastive analysis of carbon intensity of Austria
and Czech using the methods of Kaya identical equation and logarithmic comparison and
found that both the energy intensity and industrial structure have important influence on
carbon intensity. However, Nag and Parikh (2000) argued that the growth of income per
capita is the main factor causing the increase of carbon intensity, and there exists an inverse
U-shaped relationship between carbon emissions and income per capita (Ang et al., 2006),
while Davis et al. (2003) considered that climate change is the uppermost factor that causes
the declining of energy intensity and carbon intensity from 1996 to 2000, instead of energy
structure adjustment. But on how to reduce carbon intensity, scholars have different view-
points. David et al. (2011) argued that biomass fuel and hydrogen power vehicle are the key
to reduce carbon intensity from transport in the future 50 years, and it is still a difficult issue
in future studies to search for stable and sustainable cleaning energy to replace the fossil
energy. Simone ef al. (2010) argued that biomass energy plays a more important role in en-
ergy balance and carbon intensity reduction. Besides, after analyzing the influence of in-
put-output ratio, temperature and technique on energy intensity, Stem et al. (2010) fore-
casted the tendency of carbon intensity in China and India and indicated that it is more dif-
ficult for China to realize the carbon emission reduction target. Therefore, more radical poli-
cies should be implemented in China for future sustainable development.

Since the Central Government of China pledged the target of carbon emission reduction
in 1999, concerns about China’s carbon intensity have been raised worldwide and studies
have been done utilizing different data sources and methodologies. Yue et al. (2010) and Tan
and Huang (2008) analyzed the carbon intensity in China using Theil's index based on the
data from the Oak Ridge National Laboratory, and found that western China has a higher
carbon intensity than eastern China. Sather et a/. (2011) examined the eastern, central and
western regions using the variable coefficient, Gini coefficient and Theil’s index, and argued
that no significant regional difference existed. Yang and Liu (2012a) conducted a structural
decomposition of carbon intensity for the eastern, central, western and northeastern China,
and found that regional difference is generated mainly by the four inland regions. Besides,
Zhao et al. (2011) analyzed the spatiotemporal patterns of China’s carbon intensity in
1997-2007 utilizing spatial autocorrelation analysis and argued that carbon intensity in pro-
vincial China demonstrated positive spatial agglomeration. The ‘cold spot’ arecas were con-
centrated mainly in the coastal regions with a relative steady situation, while the ‘hot spot’
areas transferred from Northwest China to the middle Yellow River Basin and Northeast
China. In addition, Yao and Ni (2011) argued that foreign direct investment (FDI) can reduce
regional carbon intensity effectively. Ying et al. (2007) analyzed the factors affecting
China’s carbon intensity using adaptive weighted logarithmic index and indicated that en-
ergy structure and energy intensity are the decisive factors on carbon intensity. Du (2010)
argued that the proportion of heavy industry, urbanization level and the proportion of coal
consumption have significant positive influence on China’s CO, emissions, and there exists
an inverse U-shaped relationship between economic development level and per capita CO,
emissions. Wu et al. (2011) established an optimized model of per capita carbon emission,
per capita income, urbanization rate and the proportion of service, and classified the 112
self-governed economic units into four stages and five typical modes. Yang and Liu (2012b)
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indicated that energy intensity, energy structure, per capita GDP and industrial structure have
decisive impact on carbon intensity.

However, it should be noted that most econometric methods in the above studies de-
pended mainly on the theoretical hypotheses of traditional statistics, which treated the spatial
units as independent and homogeneous individual and tended to ignore the spatial relation-
ships among spatial units. According to Tobler’s first law of geography, all values on a geo-
graphic surface are related to each other, and closer observations are more strongly related
than distant ones (Tobler, 1970). Spatial autocorrelation analysis can reflect the spatial rela-
tionships between any focal spatial unit and its neighbors based on spatial weight matrix
(Cliff and Ord, 1981), therefore, it can be applied to illustrate the spatial correlative degree
of carbon intensity and reveal its spatial distribution patterns. Spatial panel econometric
model elucidates the specific impact of the selected factors by nesting temporal and spatial
effects (Anselin, 1988). However, to date many panel data models ignored spatial interaction
(Ye and Wu, 2010). This paper attempts to examine the spatiotemporal patterns of China’s
carbon intensity from energy consumption using the spatial autocorrelation analysis, and
explain the dominating factors through spatial panel econometric model. In addition, the
authors propose some suggestions from the perspective of fossil energy utilization and struc-
tural adjustment of energy consumption. The aim is to provide a scientific basis for China to
implement differential policies and strategies of energy saving and carbon emission reduc-
tion as well as the share of carbon reduction among provinces.

2 Method and data
2.1 Carbon intensity model

CO, emissions come mainly from the combustion of fossil energy, which are estimated ac-
cording to the energy consumption. Based on the method provided by the Intergovernmental
Panel on Climate Change (IPCC, 2006), the CO, emissions are estimated by calculating the
product of the total consumptions, average low-order calorific value and the CO, emission
coefficients of eight types of fossil energy such as natural gas, diesel oil, coal oil, gasoline,
fuel oil, crude oil, coke and coal (Table 1). The equation is given as:

8 8

CE =) (CO,), = Y E; x NCV, x CEF, (1)

i=1 i=1
where CE denotes the total CO, emissions, NCV; refers to the average low-order calorific
value of each type of fossil energy, which can be derived from the appendix 4 of the China
Energy Statistical Yearbook 2011; CEF; denotes the CO, emission coefficients of the ith en-
ergy provided by the IPCC (Table 1).

Table 1 Average low-order calorific value and the CO, emissions coefficient of each kind of fossil energy

Natural gas Diesel oil Coal oil Gasoline Fuel oil Crude oil Coke Coal
NCV 38931 42652 43070 43070 41816 41816 28435 20908
CEF 56100 74100 71500 70000 77400 73300 107000 95333

Based on total CO, emissions and GDP in provincial China, the carbon intensity can be
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calculated with the following model:

CE,

Cl =—7 (2)
J
GDP,

where CI; denotes carbon intensity of the jth province, j refers to a specific province, with j
=1,2,3...30.

2.2 Exploratory spatial data analysis (ESDA)

ESDA is a set of methods aiming at describing and visualizing geographical distributions.
ESDA can be utilized to detect spatial outliers or atypical localizations, identify patterns of
spatial association and indicate forms of spatial heterogeneity (Grubesic and Mack, 2008;
Haining, 1990, Anselin, 1999). ESDA provides measures of global and local spatial auto-
correlation to characterize the spatial distribution of a set of values (Ye and Wu, 2010). It is
considered as a descriptive step before hypothesis test and regression model implementation
(Anselin, 2005). Global autocorrelation is assessed by Global Moran’s I statistics. A positive
and significant Moran’s I value indicates a general pattern of spatial clustering of similar
values. Local indicator spatial autocorrelation (LISA) considers spatial proximity of each
unit/value, which can identify the spatial hot spots of values (Anselin, 1995). The rapid de-
velopment of new ESDA methods has stimulated a number of research efforts to analyze the
spatial inequality and regional dynamics (Goodchild, 2006; Rey and Ye, 2010; Gallo and
Ertur, 2003; Rey, 2004; Pu et al., 2005, Rey, 2001, Vilalta, 2010; Tu et al., 2012; Cheng et
al.,2013; Ma et al,., 2013). This paper attempts to illustrate the spatiotemporal dynamics of
China’s carbon intensity from 1997 to 2010.

2.2.1 Global spatial autocorrelation

Global Moran’s I is applied to detect the spatial autocorrelation and analyze spatial rela-
tionships among regions (Upton and Fingleton, 1985; Aneslin, 1988, 1995, 1996). An in-
creasing Global Moran’s I indicates the growing convergence, while a decreasing Global
Moran’s I reveals a more even spatial distribution (Yu and Wei, 2003).
Global Moran’s | is given as:
nZZVVij(yi -, =)
[ == 3)

SIS0, -P)

i=1 j=1 =l

where # is the total number of the provinces; y; and y; denote the carbon intensity of the ith
and jth province, respectively; 7 is the average carbon intensity of the provinces; Wj; is the
binary weight matrix of the general cross-product statistic, in which the K-Nearest Neighbor
is selected on the basis of the adjacency relations, and K fetches the accepted value of 4 to
ensure each province has one neighbor at least. The z value is used to test the Global
Moran’s I, which is given as:

Z =[1-EW)]/Var(I) (4)

where, if Z value is greater than 0 and significant in statistic, it indicates that there exists an
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obvious positive autocorrelation in spatial distribution of carbon intensity.
2.2.2 Local spatial autocorrelation

Global Moran’s I reveals overall spatial associations, but does not illustrate spatial associa-
tion of individual units. To address this issue, we apply local spatial autocorrelation to un-
dertake a disaggregated analysis of China’s carbon intensity. In the Moran scatterplot, the
four different quadrants divide such two types of spatial association as the positive and
negative associations into four types of local spatial association between individual prov-
inces. Namely, High-High (quadrant I, positive associations) indicates high values sur-
rounded by high values; Low-Low (quadrant III, positive associations) indicates low values
surrounded by low values; Low-High (quadrant II, negative associations) and High-Low
(quadrant IV, negative associations) indicate low values surrounded by high values, and high
values surrounded by low values, respectively (Yu and Wei, 2003).

2.3 Spatial panel econometric model

Generally speaking, panel data covers a large amount of information and includes more
changes and weaker co-linearity of variable, which can provide a higher freedom degree and
improve the reliable estimates of the coefficients (Ji et al., 2011; Elhorst, 2003). Due to the
spatial autocorrelation (spatial dependence) of carbon intensity among the provinces in each
time section, the spatial panel econometric mode, based on the common panel data model
and blended in spatial and temporal effect, can be applied to illustrate the driving mecha-
nism of these selected factors on the spatiotemporal dynamic patterns of China’s carbon in-
tensity.

2.3.1 Three models

Three types of spatial econometric models are usually applied to analyze the spatial interac-
tion of dominating factors among study units, namely, spatial lag model (SLM), spatial error
model (SEM) and spatial Durbin model (SDM), which are corresponded with different set-
ting modes of spatial interaction (Lesage and Pace, 2009).

The SLM places more emphasis on the spatial correlation of the variables among the
geographical units and inspects its spatial spillover effect. If the spatial interaction or spatial
autocorrelation comes from the material correlation of regional trade, labor, capital, tech-
nology and knowledge flow, it can be analyzed by spatial lag factors including dependent
variables (Hong et al., 2010). The equation is given below:

V=6, WYy + Bxy + i+ A + &, & ~11.d(0, %) (5)
Jj=1

where i is an index of the cross-sectional spatial units, with i=1, ..., n, 30 provinces serve as
the cross-sectional spatial units; the index of ¢ represents the temporal periods, with =1, ...,
T, and the three years are considered as three time points of temporal dimension (1997, 2000,
2010); o is the spatial autoregressive coefficient; y;, is an observation on the dependent vari-
able (carbon intensity) at spatial unit i and time #; x;, is a (1, k) row vector of observed value
of independent variable at i and #; § is a matching (%, 1) of fixed but unknown parameters; y;
denotes a spatial fixed effect, which controls all of the spatial fixing and the variables that
will not change with time; 4; denotes a time fixed effect, which controls all of the time fixing
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and the variables that will not change with space; w;; is an element of a spatial weight matrix
w, and w describes the spatial arrangement of all the spatial units in the sample.

The SEM inspects mainly the influencing degree of variable error on observation values.
Some independent variables, which are relative to the dependent variable, have spatial
autocorrelation, may be missed when we establish the spatial regression model, and the
random error may influence the spatial spillover effect, for example, the elemental fluctua-
tion of a spatial unit will spread to other regions through spatial transmission mechanism,
therefore, spatial autocorrelation that ignores the error may lead to a bias when we establish
the model under some condition. The equation is given as:

Vi =PBx; AW A 9y @ :Pzwg/(/’it +&, &,~11.d(0, 5%) (6)
j=l

where ¢, denotes an error item of spatial autocorrelation; p is called a spatial autocorrelation
coefficient of an error item (Elhorst, 2003, 2010).

The SDM combines the characters of SLM and SEM. It can inspect the spatial effect and
influence of variable error on observation values, then achieves a better estimation effect
(Lesage and Pace, 2009). The advantage of SDM is that spatial modes of the data may be
explained with not only endogenous interaction or disturbance item, but also endogenous
interaction, exogenous interaction and the autocorrelation of error item as well (Elhorst,
2003). The SDM is given as:

n n
V= 52 W,y + Bx;, + ZWy‘x@/zV +u+4+sg, & ~1.1.d(0, 52) (7
=1 =1

where y is a matching (&, 1) vector of the parameters of spatial lag variables.
2.3.2 Estimation

According to the model proposed by Elhorst, two issues should be solved when the estima-
tion and test are conducted: which spatial panel model to be selected and what kind of fixed
effect to be included (Elhorst, 2010). Firstly, we should estimate and test the traditional
mixed panel data model without regard to spatial interaction, and then test the spatial auto-
correlation of the residual error to decide which one is more suitable to describe the data
between the SLM and SEM and what kind of fixed effect should be included. Generally
speaking, the OLS is usually applied to estimate the non-space panel data model, and the
LMlag, LMerror, R-LMlag and R—LMerror are commonly applied to test the spatial auto-
correlation of the residual error (Lesage and Pace, 2009), and the likelihood is usually used
to test the fixed effect. Additionally, besides the traditional fitting goodness (Rz) and Log
Likelihood ratio, the Corrected R? that ignores the influence of fixed effect is also applied to
test the spatial panel model.

Secondly, we should analyze if the SDM can be simplified to SLM or SEM, the null hy-
pothesis that can be simplified to SEM and SLM are Hy: y+3p=0 and Hy: y =0, respectively,
both of which will be refused if the results pass through the test of 5% significant levels by
the methods of Wald or likelihood ratio. Generally speaking, the maximum likelihood ratio
is usually applied to estimate the parameters of SDM.

Finally, Lesage and Pace (2009) once argued that it may lead to wrong conclusion using
the method of point estimation to test the existence of spatial spillover effect in the spatial
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regression model. Therefore, the partial differential equation should be applied to test the
direct effects and spatial spillover effects of the variables on the basis of section model.
Moreover, Elhorst applied this method to spatial panel model and illustrated its principle by
taking the SDM as an example (Elhorst, 2010). The SDM can be rewritten to the vector
quantity as:

Y, =(I-W) ' (BX, + WX, ) +(I-W) & (8)
where the error item of &', includes & and fixed effect. Taking the derivative of the above
equation with the kth explanatory variable, the partial differential matrix can be achieved as:

B WA o WinA

w. e Wy
[GY . oY } =(I—§W)_1 214 By 2N Y% )
Xy 0X p . . .

Waide Wy o By p

where the direct effect is defined as the mean value of the elements in principal diagonal of
the matrix, reflecting the marginal effect of &k variable to dependent variable of the section
unit, and indirect effect is defined as the mean value of the elements except principal diago-
nal of the matrix, reflecting the marginal effect of k£ variable of one section unit to the de-
pendent variables of other section units or the influence of & variable of other section units to
the dependent variables of one section unit.

2.4 Data sources and variables

2.4.1 Spatial units

Our study consists of 30 provincial units, including 21 provinces and four municipalities
directly under the Central Government of China and five Autonomous Regions, but Taiwan
Province, the Hong Kong and Macao Special Administrative Regions and the Tibetan
Autonomous Region are not covered for lacking of statistical data.

2.4.2 Data sources

Data of the total consumptions of natural gas, diesel oil, coal oil, gasoline, fuel oil, crude oil,
coke and coal are from the China Energy Statistical Yearbook (NBSC, 1998-2011a); and the
average low-order calorific values of each kind of fossil energy are derived from the appen-
dix 4 of the China Energy Statistical Yearbook 2011; and the carbon emission coefficients of
all kinds of fossil energy are derived from 2006 IPCC Guidelines for National Greenhouse
Gas Inventories (IPCC, 2006); besides, data of gross domestic product (GDP) over these
years are from the China Statistical Yearbook (NBSC, 1998-2011b) and are converted into
the constant prices of the year 1997 based on the provincial implicit GDP. The GIS maps
(shape files) are downloaded from China Data Center (http://chinadatacenter.org).

2.4.3 Variables

As many scholars argued (Greening et al., 1998, 1999, 2001, 2004; Schipper et al., 2001;
Obas and Anthony, 2006; Yao and Ni, 2011), carbon intensity is an integrative concept and
influenced by such factors as energy intensity, energy structure, economic development level,
technical level and population, etc., which have different effects on and contributions to
carbon intensity. In this paper, based on the literatures (Yang and Liu, 2012b; He and Zhang,
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2006), eight explanation variables are selected to explain the spatial interaction mechanism
of China’s carbon intensity. Almost all of the data of these variables are derived from the
China statistical yearbook and China energy statistical yearbook in 1998-2011 except the
data of FDI, which are from the Ministry of Commerce of China. The variables are ex-
plained as follows: 1) Total population (TP) is the arithmetic average of a year and the fol-
lowing year; 2) GDP per capita (GDPC) denotes the ratio of GDP and the total population;
3) Energy intensity (EI) refers to the ratio of total energy consumptions and GDP; 4) Energy
structure (ES) denotes the proportion of coal consumptions to overall energy consumptions;
5) Industrial structure (IS) denotes the proportion of the output value of the secondary in-
dustry to GDP; 6) Urbanization rate (UR) refers to the ratio of non-agricultural population
and the total population; 7) Foreign trade openness (FTO) refers to the proportion of total
import-export volume to GDP; 8) Foreign direct investment (FDI) denotes the ratio of the
total amount of FDI and GDP.

3 Findings and interpretations
3.1 Temporal characteristics

Figure 1 shows that the carbon emissions from energy consumption in China increased un-
interruptedly from 4.16 Gt to 11.29 Gt (1 Gt =10’ t) in 1997-2010, with an annual rate of
7.15%, while the average growth rate of GDP was 11.72% (calculated by 1997 constant
prices), which is much higher than that of the total CO, emissions. Therefore, though the
CO, emissions increased year by year, the carbon intensity still showed a declining tendency
from 5.43 t/10° yuan to 3.49 t/10° yuan in this period.

61 rl2
— - = Carbon intensity t/10* yuan
N Carbon emissions Gt

51 F 10
Z 4 r8 2
© ~ — 9
E 3 -6 §
3 =
o 5]
A 5
SR r4 O

14 F2

0 0

1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

Figure 1 Carbon emissions and carbon intensity in 1997-2010

With the aid of GeoDa, the Global Moran’s I of China’s carbon intensity from energy
consumption in 1997-2010 is calculated (Figure 2), and the significances of which are also
tested by establishing the normal distribution with the method of random permutation. Fig-
ure 2 shows that all of the Moran’s I over these years were positive and the normal statistics
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z of annual Moran’s I passed through the 5% level of significance test, which indicated that
China’s carbon intensity had significant spatial autocorrelation at the provincial scale during
the study period, that is, the provinces with higher or lower carbon intensity tended to be
adjacent. Meanwhile, Figure 2 shows that the Moran’s I of carbon intensity had a decreasing
tendency with a small fluctuation from 1997 to 2000, with about 0.3 of stable concomitant
probability, which indicated that the cluster degree of China’s carbon intensity had a slight
decreasing tendency; while the Moran’s I increased significantly with a small fluctuation
from 2000 to 2010, and the concomitant probability also decreased significantly compared
with the previous period, which indicated that the spatial agglomeration of carbon intensity
tended to be increasing significantly. As a whole, the agglomeration degree of China’s car-
bon intensity at the provincial scale has been strengthened since 1997 and the provinces with
similar carbon intensity tended to be agglomerated in spatial distribution with a reduction.
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Figure 2 Moran’s I of carbon intensity in 1997-2010

3.2 Spatial dynamics

Spatial analysis is important to illustrate the spatial dynamic patterns of China’s carbon in-
tensity. Therefore, according to the temporal characteristics of Moran’s I, three sectional
estimation values of carbon intensity in 1997, 2000 and 2010 are selected to classify China’s
30 provinces into five grades (Figure 3), respectively.

As shown in Figure 3, the spatial distribution of China’s carbon intensity had obvious
difference at the provincial scale that carbon intensity of the northern provinces was much
higher than that of the southern provinces. In 1997, Shanxi and Guizhou provinces had the
highest carbon intensity, and other northern and northeastern provinces such as Xinjiang,
Gansu, Inner Mongolia, Ningxia, Liaoning and Jilin ranked the second place, while carbon
intensity of the eastern coastal provinces such as Hainan, Zhejiang, Fujian, Guangdong and
Guangxi were much lower than that of the above regions. In 2000, Shanxi became the prov-
ince with the highest carbon intensity, and Inner Mongolia, Ningxia and Guizhou ranked
second, while such provinces as Hunan and Jiangsu belonged to the group of lower carbon
intensity. However, the spatial pattern of China’s carbon intensity had not changed radically,
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Figure 3 Spatial pattern of China’s carbon intensity in 1997, 2000 and 2010
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Figure 4 Spatial Moran’s I scattersplots of China’s carbon intensity in 1997, 2000 and 2010
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that is, carbon intensities of the northern provinces were still higher than those of the south-
ern provinces. In 2010, Ningxia became the province with the highest carbon intensity, and
Guizhou and Shanxi ranked the second place. Moreover, the provinces with lower carbon
intensity increased largely in this period, including such inland provinces as Jiangxi, Hubei,
Sichuan and Chongqing, and in terms of China’s carbon intensity, it is clear that the northern
provinces had higher values than the southern provinces.

After statistically analyzing the provincial change of China’s carbon intensity among the
five grades (Table 2), we can find that regional patterns of China’s carbon intensity changed
greatly in 1997-2010. For example, the proportion of the provinces that carbon intensity was
between 3 and 14 decreased from 76.7% in 1997 to 70.0% in 2000 and 53.3% in 2010, and
the provinces where carbon intensity was greater than 14 remained almost unchanged, while
the proportion of the provinces where carbon intensity was below 3 increased from 16.7% in
1997 to 23.3% in 2000 and 43.3% in 2010. Therefore, the decrease of the provinces with
higher carbon intensity and the substantial increase of the provinces with lower carbon in-
tensity further evidenced the objective fact that China’s carbon intensity from energy con-
sumption has been in a continuous decline since 1997.

Table 2 The provincial change of carbon intensity in 1997, 2000 and 2010

Provinces
CI
1997 2000 2010
1-3 Zhejiang, Fujian, Hainan, Jiangsu, Hunan, Hainan, Fujian, Beijing, Tianjin, Jiangsu,
Guangdong, Guangxi Guangdong, Zhejiang, Guangxi Sichuan, Hubei, Zhejiang,
Chongqing, Guangxi, Fujian,
Hunan, Hainan, Shanghai,
Jiangxi, Guangdong
3-5 Shandong, Henan, Jiangsu, Beijing, Tianjin, Shandong, Heilongjiang, Jilin, Liaoning,
Anhui, Hubei, Hunan, Shanghai, Henan, Anhui, Shandong, Henan, Anhui,
Sichuan, Jiangxi, Chongqing,  Heilongjiang, Jiangxi, Hubei, Yunnan
Shanghai Sichuan, Yunnan, Chongqing
5-9 Beijing, Tianjin, Hebei, Jilin, Liaoning, Hebei, Shaanxi, Gansu, Hebei, Shaanxi,
Qinghai, Shaanxi, Gansu, Qinghai, Xinjiang, Qinghai, Xinjiang, Guizhou
Heilongjiang, Yunnan
9-14 Inner Mongolia, Xinjiang, Inner Mongolia, Guizhou, Inner Mongolia, Shanxi
Jilin, Liaoning, Gansu, Ningxia
Ningxia
>14 Shanxi, Guizhou Shanxi Ningxia

Figure 4 illustrates the local spatial autocorrelation of China’s carbon intensity at the pro-
vincial scale in 1997, 2000 and 2010. As shown in Figure 4, China’s carbon intensity had an
obvious spatial agglomeration, and about 70% of the provinces belonged to the type of
High-High and Low-Low agglomeration. The provinces of High-High agglomeration were
distributed mainly in inland areas of Northwest China as well as Northeast China, while the
provinces of Low-Low agglomeration were centralized mainly in the coastal areas of eastern
China. However, the spatial distribution of the provinces in each type showed different
characteristics from 1997 to 2010. In 1997, the numbers of provinces of High-High agglom-
eration and Low-Low agglomeration were 9 and 14, respectively, which accounted for
77.0% of all the provinces, while the provinces of High-Low agglomeration and Low-High
agglomeration accounted for 23.0% of the total number of the provinces, which indicated
that there existed an obvious regional inequality of carbon intensity from energy consump-
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tion at the provincial scale. In 2000, the number of the provinces of High-High agglomera-
tion and Low-Low agglomeration decreased by 1 and 2, respectively, which indicated that
the spatial agglomeration degree of carbon intensity at the provincial scale became much
weaker than 1997. In 2010, the number of provinces of Low-Low agglomeration increased
by 4 compared with 2000, while that of the provinces of High-High agglomeration de-
creased by 2, which indicated that spatial agglomeration degree of the provinces with lower
carbon intensity had a slight increase in 2000-2010, and regional inequality of China’s car-
bon intensity among the provinces tended to be further reduced in this period.

In order to further illustrate the dynamic characteristics of spatial agglomeration of carbon
intensity, the 30 provinces in China are classified into four types using the method of
spatiotemporal transition, and they are analyzed in terms of the quantitative change of the
provinces in each type at different stages. The definitions of the four types are: I denotes
the relative transition of one province; II denotes the transition of spatial adjacent provinces;
III denotes the transition of both the province and its adjacent provinces; and IV denotes the
relative stability of both the province and its adjacent provinces.

The dynamics of the provinces can be illustrated by spatial transition matrix (Table 3). As

Table 3 Spatiotemporal transition matrices in 1997-2010

HH LH LL HL
IV (Heilongjiang,
Xinjiang, Jilin, Shanxi,
HH  Gansu, Ningxia,
Qinghai, Inner

I (Shaanxi) I 11

Mongolia)
IV (Chongqing,
1997- LH I Henan, Sichuan, 11 I
2000 Hunan)

IV (Tianjin, Anhui, Jiangsu,

I (Beijing, Guangdong, Fujian, Hubei, I

LL i Shandong) Shanghai, Guangxi, Jiangxi,
Yunnan, Zhejiang, Hainan)
IV (Liaoning,
HL I ul I Hebei, Guizhou)
IV (Xinjiang, Gansu, 1l (Inner
HH  Ningxia, Qinghai, I (Heilongjiang) I (Jilin) Mongolia)
Shanxi) g
LH I (Shaanxi) Y (Chongqmg, Il (Beijing, Shandong, I
Henan, Sichuan) Hunan)
2000- L -
IV (Tianjin, Anhui, Jiangsu,
2010 . . .
Zhejiang, Fujian, Shanghai,
LL I I . . ? I
Jiangxi, Guangxi, Yunnan,
Guangdong, Hubei, Hainan)
HL 10 I I IV (Liaoning,
Hebei, Guizhou)
IV (Xinjiang, Ningxia,
HH  Gansu, Shaanxi, [ (Heilongjiang) I (Jilin) ﬂo(;ngﬁg)
Qinghai) &
IV (Chonggqing,
LH I Henan, Sichuan) 1I (Hunan) I
1997 IV (Beijing, Zhejiang,
2010 Anhui, Hubei, Guangxi,
Shanghai, Tianjin, Jiangsu,
LL I I . . I
Guangdong, Jiangxi,
Shandong, Yunnan, Fujian,
Hainan)
HL 1 I I IV (Liaoning,

Hebei, Guizhou)
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shown in Table 3, the elements in the main diagonal of spatiotemporal transition matrix are
the provinces of IV transition, which accounted for 90.0%, 77.0% and 87.0% of all the
China’s provinces in 1997, 2000 and 2010, respectively, and indicated that the distribution
of China’s carbon intensity was characterized by spatial lock or path dependence to some
extent. Whereas, the provinces that were transited to LL agglomeration accounted for 40.0%,
53.0% and 53.0%, respectively, which indicated that the agglomeration degree of the
provinces with lower carbon intensity tended to be further strengthened in 1997-2010.

4 Analysis of the dominating factors

China’s carbon intensity has significant spatial autocorrelation at the provincial scale, which
indicates that there exist obvious spatial interaction among the factors on China’s carbon
intensity. However, these spatial interactions have not been nested into traditional pooled
panel model (TPM), which may cause the bias on specification and estimative results of the
TPM to some extent. Meanwhile, spatial panel econometric model (SPM) nests spatial and
temporal effects and can identify if the independent variables have spatial spillover effects.
Moreover, the SPM can make the spatial regression model fit the practice more exactly and
illustrate the spatial influence of the independent variables on the dependent variable more
clearly (Anselin, 1988).

In general, the TPM, SLM, SEM and SDM are common methods used to analyze the
spatial effects of the attributes on geographic surface. However, to be on the safe side, this
paper attempts to estimate and test the spatial effects of the selected factors using these four
models, respectively, and then chooses the optimal model by comparative analysis of the
estimative and test results of each model to illustrate the dominating factors and their spatial
influence on China’s carbon intensity from energy consumption. Firstly, we use TPM to
estimate and test the residual error and conduct a comparative analysis with the test results
of SLM and SEM, so as to identify if SLM and SEM are more optimal than TEM (Table 4).
Secondly, as the SLM and SEM are non-nested models, we should select the model carefully
and think about the test results of SDM (Lesage and Pace, 2009). Moreover, we should
examine if the SDM can be simplified to SLM or SEM according to the test results of such
two hypotheses as Hy: y=0 and Hy: y+8p=0, which obey the y* distribution with the degree of
freedom k and can be illustrated by the test results of Wald and LR. Generally speaking, if it
can not refuse the hypothesis of Hy: y=0, SDM can be simplified to SLM, and SLM is the
optical model; if it can not refuse the hypothesis of Hy: y+3p=0, SDM can be simplified to
SEM, and SEM is the optimal model; if it refuses both the hypotheses of Hy: y=0 and Hj:
v+6p=0, then SDM is the optimal model (Burridge, 1981).

As shown in Table 4, the test result of LR (555.9565, P=0.0000) of null hypothesis for
joint significant level indicates that two-way fixed effect overmatches spatial fixed effect,
and another test result of LR (57.4087, P=0.0000) also indicates that null hypothesis for joint
significant is not tenable, which means that two-way fixed effect also overmatches temporal
fixed effect. Moreover, it can be found from Table 4 that both LMlag and LMerror do not
pass through the 10% level of significance test, while the R-LMlag and R-LMerror pass
through the 5% level of significance test. Therefore, we can not determine which one should
be selected between SLM and SEM merely according to the test results, and we should also
think about the estimation and test results of the SDM (Table 5). The test results of Wald and
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LR of the spatial lag and spatial error showed that all of the LMlag, LMerror, R-LMlag and
R-LMerror pass through the 1% level of significance test. Therefore, we can conclude that
the SDM can not be simplified to the SLM or SEM. Meanwhile, by comparative analysis of
Tables 4 and 5, we can find that the fitting effect of the SDM is much better than that of the
SLM and SEM. Thereby, the SDM that nests two-way fixed effect of space and time is se-
lected to identify the dominating factors and illustrate their spatial interaction on China’s
carbon intensity in this study.

Table 4 Estimation and test results of traditional pooled panel data model without spatial interaction

No fixed effect Spatial fixed effect Temporal fixed effect Two-way fixed effect
InTP 0.000299™" 0.000285 0.000112" 0.000405"
InGDPC 0.000000"" ~0.000000"" -0.000000 ~0.000000""
InEI 2.604854™" 1.839098™" 2.991630™" 2.139974™"
InES 7.678943™" 7.392118™" 7.279430™" 7.007975™"
InIS 0.007099 0.069346™" -0.008369 0.036622""
InUR 0.014439™ 0.025785™" 0.015482"" 0.025928""
InFTO 0.190929™ 0.030146 0.187188™ ~0.008518
InFDI -2.735575 0.032475 7.613159™ -1.096239
R? 0.9060 0.6944 0.9210 0.6510
5 1.4227 0.3572 1.1706 03115
LMlag 5.9626" 1.4440 9.7850™" 1.2629
R-LMlag 0.0001 2.7390" 8.0936™" 5.9562"
LMerror 27.718™ 10.3775™ 1.7023 0.1566
R-LMerror 21.756™ 11.6724™ 0.0109 4.8499™

Notes: **#* ** and * denote the significant levels at 1%, 5% and 10%, respectively.

Generally speaking, the SDM provides the estimative value of the coefficients of two-way
fixed effect, however, because the model is embedded in explanatory variables and ex-
plained variable of spatial lag, it can not reflect the marginal effect (spillover effect) directly
and can not measure the direct impact of the independent variables on dependent variable
(Lesage and Pace, 2009). Therefore, the partial differential matrix is needed to calculate the
direct effect and indirect effect of the selected factors on China’s carbon intensity from en-
ergy consumption (Elhorst, 2010). As shown in Table 5, such four factors as EI, ES, IS and
UR pass through the 1% level of significant test, while TP, GDPC, FTO and FDI do not pass
through any level of significant test, which indicates that ES, EI, UR and IS are the domi-
nating factors that influenced the spatiotemporal dynamic patterns of China’s carbon inten-
sity from energy consumption since 1997. Moreover, the practical influence of ES, EI, UR
and IS on China’s carbon intensity was illustrated by analyzing its elastic coefficient and
spatial effect. Firstly, elastic coefficients of ES, EI, UR and IS are 7.246105, 2.095377,
0.036719 and 0.033355, respectively, which indicates that these factors have positive influ-
ence on carbon intensity of the province itself, while the elastic coefficients of their spatial
error are —0.78034, -0.52500, -0.01547 and -0.09924, respectively, which indicates that the
change of these factors in adjacent provinces have negative influence on carbon intensity of
itself. Secondly, the direct effect of ES, EI, UR and IS are 7.2272, 2.0856, 0.0365 and
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0.0325, respectively, which indicates that ES and EI are two most important factors that
have impact on China’s carbon intensity at the provincial scale, and once the direct effect of
ES and EI in a province increases by 1%, carbon intensity of the province will increase by
7.2272% and 2.0856%, respectively. While the direct effects of RU and IS are much less
than that of ES and EI, and their influence on the spatiotemporal pattern of China’s carbon
intensity is less than that of ES and EI, and once the direct effect of UR and IS in a province
increases by 1%, carbon intensity of the province will increase by 0.0365% and 0.0325%,
respectively. Besides, the indirect effect of ES, EI, UR and IS are -0.2375, -0.3775, -0.0132
and -0.1028, respectively, which indicates that these four factors have negative spatial
spillover effect, that is, change of ES, EI, UR and IS in one province has negative influence
on its adjacent provinces, as well as the adjacent provinces on the province itself. Once the
indirect effect of ES, EI, UR and IS in a province increases by 1%, carbon intensity of the
province itself or its adjacent provinces will decrease by 0.2375%, 0.3775%, 0.0132% and
0.1028%, respectively. Finally, there is a little difference between the elastic coefficients and
direct effects of ES, EI, UR and IS, which is due to the existence of spatial feedback effects.
Changes of the factors in one province will influence carbon intensity of its adjacent prov-
inces; in contrast, changes of the factors in the adjacent provinces will also influence carbon
intensity of the province itself. Part of the feedback effect comes from the explained variable
of spatial lag, and other parts are from the explanatory variable of spatial lag. As shown in
Table 5, the feedback effects of ES, EI, UR and IS are 0.018905, 0.009777, 0.000219 and
0.000855, respectively, which are the integrative effect of the interaction of the spatial
explained variable (W*InCI) and spatial lag variables (i.e., W*InES, W*InEI, W*InUR or
W#*InlS) of these four factors.

Table 5 Estimation and test results of two-way fixed effect of the SDM

Statistic t P Direct effect t Indirect effect t
InTP 0.000301 1.366923  0.171649 0.0003 1.4971 0.0005 1.3281
InGDPC -0.00000"  —3.97533 0.00007 0.0000 —4.1219 0.0000 -2.7592
InEI 2.095377"" 18.13572 0.00000 2.0856 18.5869  —-0.3775 ~1.1446
InES 7246105 16.41636 0.00000 7.2272 16.6046  —0.2375 —0.2021
InIS 0.033355™"  2.815624  0.004868 0.0325 27874  —0.1028 —3.4552
InUR 0.036719™"  3.923004  0.000087 0.0365 40443 —0.0132 —0.8468
InFTO —0.001210  —0.02154 0.982812  —0.0037 —0.0636 0.0191 0.3077
InFDI —0.499004  —0.18946 0.84973 —0.6511 02427 53279 -1.0219
W*InP 0.000418 1.231853  0.218004
W*InGDPC 0.00000™  —2.54037 0.011074
WHInEI —0.52500 ~1.56407 0.117802  R%=0.9808
WHInES  —0.78034  —0.66511  0.505978 ;":5?;;2‘?2206751
W*InIS —0.09924™"  -3.67783 0.000235  Wald test spatial lag=31.144***(P=0.000132)

LR test spatial lag=29.2358***(P=0.000288)

% | —

W*nUR 0.01547 LOBIZL — 0.279602 14 test spatial error=31.5994***(P=0.0001)
WHInFTO 0020450 0371643 0710159 LR test spatial error=30.6443%*(P=0.00016)
WH*InEDI 490060  —1.01557  0.309832

WHInCI 0087230 1347382 0.177857

Notes: *** ** and * denote the significance levels at 1%, 5% and 10%, respectively.
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5 Conclusions

Aiming at providing scientific basis for making differential policies and strategies of China’s
energy saving and carbon emission reduction, this paper examines the spatiotemporal pat-
terns and identifies the dominating factors on carbon intensity using spatial autocorrelation
analysis and spatial panel model. The conclusions are summarized as follows:

(1) China’s carbon emissions continuously increased in 1997-2010, while carbon inten-
sity tended to decrease at the same time. The reason is that economic growth rate in China
was much higher than that of carbon emissions.

(2) Spatial inequality of China’s carbon intensity was obvious. For example, carbon in-
tensities of the provinces in northern China were much higher than those of the southern
provinces. Obvious change was identified on the spatial patterns of carbon intensity at the
provincial scale from 1997 to 2010. The proportion of the provinces where carbon intensity
was between 3 and 14 decreased from 70.0% in 1997 to 53.3% in 2010, while the proportion
of the provinces where carbon intensity was below 3 increased from 16.7% to 43.3% at the
same time. Some inland provinces such as Chongqing, Sichuan and Hubei joined in the
group of lower carbon intensity. China’s carbon intensity at the provincial scale demon-
strated the spatial characteristics of zonal agglomeration, and the agglomerative degree of
carbon intensity tended to be strengthened significantly over time. Meanwhile, the agglom-
erative areas with high or low carbon intensity were characterized by path dependence or
spatial lock.

(3) Spatial econometric analysis showed that the direct effects of EI, ES, IS and UR are
2.0856, 7.2272, 0.0325 and 0.0365, respectively. All of these values passed through the 1%
level of significant test.

The indicators selection in this paper needs to be further justified. Evaluation criteria and
the applicability of suggested methodological procedures also need follow-up studies.
According to the method provided by IPCC, this paper illustrates the spatiotemporal
dynamic patterns and its dominating factors of China’s carbon intensity from energy
consumption at the provincial level, which can help formulate policies of carbon emission
reduction for both central and local governments in China. It is important to calculate the
spatial weight matrix and frictional coefficient of distance, taking the influence of economy,
trade, labor and capital flow into account. In addition, the SDM nests both spatial and
temporal effects, which can identify the dominating factors underlying the spatiotemporal
dynamic patterns of China’s carbon intensity.

China has been experiencing a dramatic development of urbanization and industrialization.
The rigid demand of energy consumption will continue so as to ensure the rapid economic
growth. The energy structure that mainly relies on the coal will not change fundamentally
for a quite long time period due to the restriction of resource structure, technology and capi-
tal. Hence, carbon emissions from energy consumption will continuously increase for a
longer period, which will bring about more challenges to carbon intensity reduction in China.
To address global climatic change based on low-carbon economy, China needs to facilitate
the healthy transition of economic structure, and achieve harmonious development of both
economy and environment. Innovative studies need to be conducted on the process, pattern
and mechanism of carbon emission to provide theoretical support and scientific basis for the
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sustainable development of economy, society and environment. In addition, the central and
local governments should make differential policies of energy utilization and carbon emis-
sion reduction. On the one hand, the provinces in northeastern, central and western China
depending highly on energy should take the industrial restructuring as the major task. The
cleaner production needs to be gradually implemented to change the coal-based energy
structure of high pollution and high consumption. This action will decrease the energy in-
tensity, optimize energy structure, and transform economic development model. The prov-
inces in coastal regions should promote the new industries on energy, material,
high-technology and high-end service sectors. On the other hand, the central government
should carry out various policies based on the progress of economic development and indus-
trial transition in different provinces. The coastal provinces should take more share of car-
bon emission reduction to ensure the smooth industrial transition of the central and western
provinces.
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