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Abstract: Carbon emissions are a prominent issue for sustainable energy production and management.
Energy policies under the growing competitive environment could change the priorities of emission
reduction and investment decisions. This paper aims to forecast carbon emissions from China and to
rank the importance of carbon emissions with interval type 2 (IT2) fuzzy sets (FS) for sustainable
energy investments. For this purpose, the quadratic model is applied to measuring emission trends
and the Qualitative Flexible Multiple Criteria Method (QUALIFLEX) is used for measuring sustainable
energy investment alternatives by the several emission levels. Forecasted values of 29 provinces in
China are converted into the linguistic and fuzzy numbers based on IT2 FS respectively to measure
the priorities of emission reduction for sustainable economies. The novelty of this paper is to propose
a hybrid decision-making approach based on quadratic modeling and the QUALIFLEX method and
to discuss the overall energy emission trend and policies for sustainable economic growth. The
results demonstrate that emission reduction policies are the most important phenomenon and the
environmental factors should be widely considered to construct sustainable energy investments
and production.

Keywords: emission reduction; energy investments; sustainability; forecasting; IT2 fuzzy
sets; QUALIFLEX

1. Introduction

Today, due to the rapidly increasing population, energy consumption is going up dramatically as
well. In parallel with this development, it has become necessary to increase energy production [1].
Otherwise, this increasing energy demand will be unmet which can cause many problems in the
country. These issues increase the need for energy projects. Therefore, countries are developing new
projects for energy investments [2]. As energy projects are high-cost investments, financing of these
projects becomes very important. If the financing of the mentioned energy investments is not planned
effectively, the continuity of these projects cannot be realized [3]. Another important issue in this
process is the need to take environmental factors into account in these projects [4]. The main reason for
this is that international environmental and social standards are important in the financing decisions
of financial institutions [5].
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Carbon emissions in the country is another factor that is effective in lending decisions of financial
institutions’ energy projects [6]. Carbon emissions are a greenhouse gas produced by the combination
of carbon and oxygen. Uncontrolled population growth, industrialization, and fossil fuel consumption
are important issues that lead to an increase in the amount of emissions [7]. In the case of the higher
population, carbon is used more in many different ways and it damages the atmosphere. Another
important indicator of carbon emissions is industrialization. Companies create more carbon to increase
their production amounts. This situation has an important impact on the emission of this gas [8]. As a
result of the accumulation of this emission in the atmosphere, there are many problems such as climate
change and global warming. In particular, international financial institutions attach importance to
environmental sensitivity in the lending of energy projects. In this context, if the countries have high
carbon emissions, this will adversely affect the financing decisions of these institutions [9]. Within this
framework, many different actions are generated by the countries to minimize this problem [10,11].

China has the largest population in the world. This situation leads to high energy demand
in the country. Therefore, numerous energy investment projects are underway in China.
However, the Chinese government is also providing significant support for the production of new
energy projects. This situation will make a significant contribution both to meeting the energy needs of
the country and economic development. Therefore, international financial institutions are expected to
support these energy projects. However, carbon emission figures have a negative impact on China
in this process [12]. Although Chinese carbon emissions increased during the period of 1960–2001,
this increase was not large from data released by the World Bank. Compared to China, the increase in
carbon emissions in the United States was slightly larger than that in the same period. But since 2001,
carbon emissions have increased dramatically in China, and more specifically, exceeded the United
States for the first time in 2005, becoming the country with the largest carbon emissions in the world.
Moreover, carbon emissions were reached to 10.29 billion tons in 2014, which were nearly 5 billion tons
more than the United States [12].

As the world’s largest country of carbon emissions, China is vigorously supporting its carbon
emission reduction process. For instance, at the Copenhagen Climate Conference in 2009, the Chinese
government proactively guaranteed that by 2020, the carbon emissions per unit of output will decrease
by 40–45% based on 2005. Furthermore, the Chinese government promised at the Paris Climate
Conference in 2015 that our government will reduce the carbon emissions per unit of output by 60–65%
in 2005, and strive to attain carbon emissions peaking around 2030 and attempt to get the peak as
early as possible [13]. To realize the international emission reduction commitments, China will intend
to the reduction of carbon emissions per unit of GDP as a binding indicator as early as the “Twelfth
Five-Year Plan” period. Through the elimination of backward production capacity, strengthening
critical industries to save energy and reduce emissions. During the “Thirteenth Five-Year Plan” period,
carbon emission reduction work was further strengthened in China. Particularly, energy efficiency
improvement and optimizing energy structure have become the chief way to reduce carbon emissions
in China. However, as Chinese industrialization has not yet been completed, urbanization is still
swiftly advancing, and the task of development is still very heavy. Thus, the future reduction of carbon
emissions will be under tremendous pressure [14].

In this study, we aimed to evaluate the sustainable energy investment policies in China by
considering the different levels of emission reduction potential in the provinces. In this framework,
a two-stage analysis is conducted. The first stage of the analysis is related to defining the net carbon
emission trends emission reduction potential of every province. On the other side, the second stage
focuses on constructing the decision matrix of high, moderate, and low emission reduction targets for
the provinces of China. However, these complex decision-making issues are appropriate for fuzzy logic.
Recently, interval type 2 (IT2) fuzzy sets (FS) are preferred for obtaining more accurate results. In this
framework, calculated carbon emission target values are converted into fuzzy numbers. After that,
three experts made evaluations about three different carbon emission policies of China which are low,
medium, and high.
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Moreover, the Qualitative Flexible Multiple Criteria Method (QUALIFLEX) is one of the best
methods for ranking different alternatives under uncertain environment. The main advantage of this
approach in comparison with similar methods is that it gives more coherent results while ranking
the limited number of alternatives. Similarly, in this study, we aimed to rank three different carbon
emission policies. Hence, it is believed that this approach is quite appropriate for this purpose.
Another important point is that to use this method, evaluation scales should be taken into consideration.
By looking at recent studies, it can be understood that QUALIFLEX methodology was mainly
considered with fuzzy [15–17]. Moreover, IT2 fuzzy QUALIFLEX is used to understand sustainable
investment policies with different levels of emission reduction targets. The main reason for using IT2
fuzzy logic is that it has a contributing effect to minimize the uncertainty of the FS. Thus, it is believed
that this implementation improves the appropriateness of the analysis results.

This study has many original aspects of this study, such as including 29 provinces in China.
Therefore, it can be understood that the analysis is very comprehensive. Hence, it can be said that the
main novelty of this study is that the level of the emission reduction targets can be identified for China
to make sustainable energy investments. In addition, two different stages of analysis were considered
in the study. This increases the accuracy of the result. On the other hand, the IT2 fuzzy QUALIFLEX
approach was accounted for energy investments. These issues are thought to increase the importance
of the study.

This study consists of 5 different parts. First, general concepts related to the subject are explained.
The second part of the study includes the analysis of similar studies in the literature. The third section
provides information regarding carbon emissions in China. Later on, the details of the two-stage
analysis are shared. In this context, firstly, future forecasts for carbon emission figures have been
tried to be determined. Secondly, energy investment policies are listed. The results of the analysis are
interpreted in the final part.

2. Literature Review

The issue of energy investments has been discussed by many researchers in the literature.
Mainly, it is stated that customer satisfaction is essential to the success of energy investments.
For example, Dinçer et al. [18] examined energy investment policies for European countries.
In this study, the Quality Function Deployment approach was taken into consideration. As a result,
it was emphasized that customer expectations should be met in a successful energy investment
project. Similarly, Gamel et al. [19], Tang and Dinçer [20], and Say et al. [21] also considered different
country groups in their study and underlined similar results. In some studies, it is stated that the
financial performance of the project is important for the success of the energy investment. In this
context, Zhang et al. [22] also focused on energy investments in China and defined that the cost-benefit
analysis is vital. Ervural et al. [23] conducted an analysis for a different country and argued that the
financial analysis of the project should be done effectively. In addition, Gliedt and Hoicka [24] and
MacGregor [25] noted the importance of this issue.

Political stability in the country is also very important for the success of energy projects, according
to many researchers. For example, Werner and Scholtens [26] examined energy projects in Germany
and concluded that political problems in the country would affect energy investments. In parallel,
Liu et al. [27], Ragosa and Warren [28], and Keeley and Ikeda [29] emphasized similar results in their
studies. These authors also tried to understand which factors are important regarding the performance
of the energy studies. In these studies, different methodologies are taken into consideration to reach
this objective. They mainly argued that there should be political stability for the success of energy
projects. Because political stability negatively affects the macroeconomic conditions of the country,
energy investments will also be affected by this issue.

On the other hand, Li et al. [30] stated that volatility in the market will affect the success of energy
investments. Energy investors become reluctant to make a new investment when there are uncertain
conditions in the market. For instance, if the interest rate has uncertain trends, it is obvious that energy
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investments will be affected by this negative situation. Furthermore, Duan et al. [31], Liu and Zeng [32],
and Peng et al. [33] argued that effective risk management will play an important role in this process.
In this framework, they argue that first of all, all risks should be identified. After that, necessary actions
should be determined for each risk defined in the first stage. In the next process, these actions should
be taken to control the risks. With the help of decreasing negative impacts of uncertain conditions,
energy investments can be encouraged.

A significant number of researchers have emphasized the importance of renewable energy
projects in energy investments. For example, Kim et al. [34] conducted a study on emerging energy
investments. As a result, it is concluded that renewable energy projects should be given more
importance. Dvořák et al. [35] conducted similar studies for the European Union countries and
emphasized the importance of the same issue. Dinçer and Yüksel [36,37] also argued that renewable
energy projects are important.

In many studies, the problem of carbon emission is also a significant factor in the success of
energy projects. In this context, Ahmad and Du [38] conducted a study to determine the relationship
between energy investments and carbon emissions in Iran. In this study, an analysis was made
using the ARDL method. According to the results, high carbon emission affects energy investments
negatively. Jiang et al. [39] conducted a similar study on China and stated the importance of the same
issue. Li et al. [40] and Zhang et al. [41] emphasized the need for sensitivity to environmental factors
in energy investments. In this context, it is argued that countries should reduce carbon emissions.
Famoso et al. [42] focused on the ozone concentration in Italy with the help of the regression analysis.
They also reached similar results. Amini et al. [43] and Ma et al. [44] also considered the same
methodology in their analyzes for different country groups and concluded that carbon emission
problems should be minimized to make more effective energy investments.

Environmental economists have conducted considerable research on the calculation of carbon
emissions and its affecting factors. For the calculation method of carbon emissions, the existing
research primarily applies the material balance algorithm, life cycle method, emission coefficient
method, and actual measurement method. Although every method has its limitations, it can direct the
practical issues to a certain extent. The most popular methods are the material balance algorithm and
the emission coefficient method [45]. The factors affecting carbon are also investigated. For instance,
Chang et al. [46] and Bhattacharyya et al. [47] adopted factor decomposition to decompose carbon
emissions and energy consumption analysis. Rhee et al. [48] conducted an input-output analysis to
acquire the relationship between economic development and carbon emissions. Greening [49] utilized
factor analysis to decompose and analyze the carbon intensity of related industries in some countries
with the OECD.

Many scholars also discussed the relationship between economic growth and carbon emissions.
For example, Hu [50] analyzed the Chinese provincial data from 2000 to 2012 to research the income gap
and carbon emissions and found that excessive income disparities in urban and rural areas will bring
more carbon emissions. Other people concluded that economic growth and carbon emissions, which
were consistent with the environmental Kuznets inverted U-shaped curve [51,52]. However, some
findings have attained the opposite conclusion and found through a large number of empirical
studies that there was no environmental Kuznets curve between carbon emissions and economic
growth [53–55].

It has been determined that the issue of energy investments is frequently discussed in the literature.
In this context, it was understood that environmental factors should be given importance to ensure the
continuity of energy investments. For this purpose, it is seen that the carbon emission problem of the
countries should be solved. China is also one of the most important countries in this framework due to
its high population. To make energy investments more efficient in China, there are many different
strategies to solve the carbon emission problem. As a result, it is thought that a new study that deals
with the relationship between energy investments and carbon emission in China with a different
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method will contribute to the literature. In this study, it is believed that the IT2 fuzzy QUALIFLEX
method will be used for the first time in this analysis to eliminate the deficiency mentioned.

3. Materials and Methods

Internationally, the measuring methods in the calculation of carbon emission amount typically
include material balance algorithms, model methods, life cycle methods, and decision tree methods.
Six carbon calculation methods mentioned are commonly implemented in two forms [56]. The first
is to divide all industries or sectors to calculate the total energy consumption and then calculate the
carbon emissions. The second is to refine the energy structure into raw coal, crude oil, and natural gas.
To obtain the entire carbon source, the carbon released by different energy sources is converted and
the three energy sources are statistically summed. Although the two methods seem to be scientific,
truly complicating simple problems, it is easier to introduce errors in the conversion process. Based on
the definition of “total energy consumption (10,000 tons of standard coal)” by the National Bureau of
Statistics, it refers to the sum of various energy sources consumed by various industries and residents
throughout the country in a certain period of time, including raw coal and crude oil and its products,
natural gas, electricity.

A simple carbon emission calculation method, namely the mass-energy conversion method,
is applied in this paper. The “mass” gives the total amount of energy (standard coal) consumed by
numerous industries and residents in the country during a certain period of time. For “energy” in the
name, it means the carbon emitted by these standard coals when the energy is released. This conversion
method is a combination of the emission factor method and the material balance algorithm commonly
used internationally [57]. The method directly applies the “Regional Production Value (RMB 10,000)”
and the “Energy consumption per unit of GDP (tons of standard coal)” in the “China Statistical
Yearbook” to attain the total regional energy consumption, combined with the carbon emission
coefficient (tons of carbon released from the combustion of standard coal) that can calculate the carbon
emissions in the region, which can be expressed as in Equation (1).

E = EC× α (1)

where E is the regional carbon emissions, EC is the total energy consumption of the region (tons of
standard coal), and α is the carbon emission coefficient of 1 ton of standard coal. As the coefficient
varies significantly from region to region, previous studies typically utilized the mean calculation,
resulting in the existence of larger errors [58]. This paper completely reflects the difference in carbon
emission coefficient, and various values are used in each region as depicted in Figure 1
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The total energy consumption EC can be expressed as in Equation (2):

EC = GDP× β (2)

where GDP is the regional GDP (million yuan), and β is the energy consumption per unit of GDP (tons
of standard coal per 10,000 yuan).

3.1. Calculation Method for Net Carbon Emissions

In the past, the absorption of carbon by forests and green spaces was not considered in most
research when studying carbon emissions. For instance, even if a region or province generates more
carbon, if there is a lot of green vegetation such as forests in the area, they have a strong absorption
effect on carbon, which can eliminate part of the carbon dioxide, resulting in a net amount of carbon
emissions in the area. Therefore, the removal effect of carbon in the region should be considered in
the study of carbon emissions, and the net carbon emissions should be used as the basic data to more
precise results [59].

In this work, the following methods are used in calculating the net carbon emissions with the help
of Equations (3) and (4):

NE = E−A (3)

A = (AF + AG) × γ (4)

where NE is the net carbon emissions in the region, A gives the absorption of carbon by forests and
green spaces, AF and AG represent the area of forests and urban green areas, respectively, and γ is the
carbon absorption and conversion rate of forests and urban green spaces.

The first law of geography gives that geographical things or attributes are correlated to each
other in spatial distribution. The spatial autocorrelation distribution analysis method is a typical
method to learn the spatial distribution of things or attributes [60]. It can be used to calculate
whether there are spatial correlation characteristics of these two phenomena. For instance, it needs to
discover the phenomenon of diffusion, polarization, and random distribution of things or attributes.
When phenomenon happens in a space where the height is high and the low surrounding is also
low, it is called spatial positive correlation and is a diffusion phenomenon. If the high surrounding
low or low surrounding height is called spatial negative correlation, it is a polarization phenomenon.
If a random distribution occurs, the spatial correlation is not significant and is a random distribution
phenomenon [61].

Global spatial autocorrelation is a description of the spatial characteristics of the entire region.
While for local spatial autocorrelation, it is the same attribute dependency of spatial locations and their
neighbors. The global spatial autocorrelation is measured by the usually used Moran’s I indicator and
the Moran’s I indicator can be expressed as in the Equation (5) [62].

I =
1
S2

∑n
i
∑n

j Wi j(xi − x)
(
x j − x

)
∑n

i
∑n

j Wi j
(5)

where, S2 = 1
n
∑n

i (xi − x)2, n is the total number of provinces (cities) included in the study area, xi is
the measured value of the variable to be studied, and x is the average value of the variable. Wi j is the
geographical relationship between the regions i and j. If two regions are adjacent, it takes 1 and if it not
adjacent, it will be 0 [63].

The Moran’s I index only mirrors the overall spatial autocorrelation property of things, and
sometimes it is necessary to study the local spatial autocorrelation properties of things. The local
index (LISA) is commonly applied to measure the local spatial autocorrelation properties of things.
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The local autocorrelation indicator LISA of a certain thing or phenomenon can be expressed by using
Equation (6).

Ii =
Zi

S2

∑n

j
Wi jZ j (6)

where, Zi = xi − x, Z j = x j − x. The local autocorrelation indicator is to decompose the global indicator
into each regional unit, and that is to study the spatial correlation characteristics inside each region [64].

3.2. Prediction Method

This work applies regression analysis to forecast the future development tendency of Chinese
total carbon emissions. Regression analysis is based on the analysis of the relationship and variation of
the independent and dependent variables and establishes the equation of the relationship between
the independent variable and the dependent variable. The equation is typically called the regression
equation, and then the equation is used as the predictive model. It will be given the future trend of the
independent variable (the independent variable is the year), the regression equation (or prediction
model) is used to calculate the future trend of the dependent variable.

Regression analysis and prediction method can be divided into one-way regression and multiple
regression methods according to the number of independent variables. The unary regression contains
only one independent variable, and the multiple regression method contains more than two independent
variables. Based on the interdependence of independent variables and dependent variables, it can
be divided into linear regression prediction and nonlinear regression prediction. Linear regression
prediction refers to the linear relationship between the independent variable and the dependent variable.
With the linear regression model, the change of the dependent variable can be known according to the
change of the independent variable. Nonlinear regression analysis is an extension of linear regression
analysis. In practical applications, there is not a simple linear relationship between many dependent
variables and independent variables. At the moment, nonlinear regression is applied. Nonlinear
regression methods can occasionally be converted to linear regression methods by variable substitution.

However, the estimation process of emission reduction potential in various provinces in China
given below:

(1) Absolute emission reduction potential model. In theory and in the long term, Chinese provinces
enable the intensity of carbon emissions in all regions more consistent through technical exchanges,
personnel turnover, and structural adjustment, which means that the intensity of carbon emissions
in various regions has a convergence effect. This is an absolute convergence, but this goal cannot be
achieved in the short term. The carbon emission reduction potential of each province and city can be
expressed as in Equation (7):

Pa =

(
1−

Emin
Ei

)
× 100 (7)

where Pa is the absolute emission reduction potential, Emin is the province with the lowest carbon
emission intensity, and Ei gives the carbon emission intensity of a certain province.

(2) Relative emission reduction potential model
Because of diverse factors including resource endowment and technological development level

in various regions, the absolute emission reduction potential formula is an ideal situation and a
long-term effect. At this period, only this value can be applied as a reference. If the country is divided
into six regions according to North China, Northeast China, Central China, Southeast, Southwest,
and Northwest, the differences between different provinces in different regions will be greatly reduced.
The potential for emission reduction can be achieved first in different regions, and it is easier to realize
at the current level of Chinese economic development. Last, this work also introduces a formula for
the relative potential of CO2 emission reduction in each province by using Equation (8):

Pr = (1−
Ermin

Ei
) × 100 (8)
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where Pr is the relative emission reduction potential, and Ermin is the province with the lowest carbon
emission intensity in a certain area.

3.3. IT2 Fuzzy QUALIFLEX Method

Zadeh [65] introduced the FS in the 1960s to analyze the multi-criteria decision-making (MCDM)
issues under the uncertainty. In the literature, there are several extensions on the FS. In this scope,
the IT2 fuzzy logic is one of the most appealing contributions to the [66]. By using this approach,
it can be more possible to minimize uncertainty in this complex environment. Hence, in this study,
we propose to extend the IT2 FS by using the QUALIFLEX method accordingly.

The QUALIFLEX is a kind of flexible MCDM. This methodology was developed by Paelinck in
1976. By using the correct treatment of cardinal and ordinal information, flexibility can be provided.
In addition to this situation, the preferences with the concordance results are taken into consideration
in this process [67,68]. Fuzzy logic was also accounted for in different examinations [69]. On the other
side, there are also a few studies in which the QUALIFLEX method was used with IT2 FS [70].

In the first step of this approach, the decision matrix is constructed with the help of averaged
values of expert evaluations. This matrix is demonstrated in Equations (9) and (10):

X1 X2 X3 Xn

D =

A1

A2

A3
...

Am



A11 A12 A13 · · · A1n
A21 A22 A23 · · · A2n

A31 A32 A33 · · · A3n
...

...
...

. . .
...

Am1 Am2 Am3 · · · Amn


(9)

Ai j =
1
k

 k∑
e=1

Ai j
e

 (10)

In these Equations, Xn demonstrates different criteria and Am gives information about the
alternatives. On the other side, the second step is related to the calculation of the signed distance
d
(
Ai j, 0̃

)
with Equations (11) and (12).

d
(
Ai j, 0̃

)
=

1
8

aL
1i j + aL

2i j + aL
3i j + aL

4i j + 4aU
1i j + 2aU

2i j + 2aU
3i j + 4aU

4i j + 3(aU
2i j + aU

3i j − aU
1i j − aU

4i j)
hL

ij

hU
ij

 (11)

Ai j =
[
AL

ij, AU
ij

]
=

[(
aL

1i j, aL
2i j, aL

3i j, aL
4i j; hL

ij

)
,
(
aU

1i j, aU
2i j, aU

3i j, aU
4i j; hU

ij

)]
(12)

Moreover, the next step includes the calculation of the concordance/discordance index (Il
j). For this

purpose, Equations (13)–(16) are taken into consideration.

Il
j =

∑
Aρ,Aβ∈A

Il
j

(
Aρ, Aβ

)
=

∑
Aρ,Aβ∈A

(
d(Aρ j, 0̃1) − d(Aβ j, 0̃1)

)
(13)

Aρ j =
[
AL
ρ j, AU

ρ j

]
=

[(
aL

1ρ j, aL
2ρ j, aL

3ρ j, aL
4ρ j; hL

ρ j

)
,
(
aU

1ρ j, aU
2ρ j, aU

3ρ j, aU
4ρ j; hU

ρ j

)]
(14)

Aβ j =
[
AL
β j, AU

β j

]
=

[(
aL

1β j, aL
2β j, aL

3β j, aL
4β j; hL

β j

)
,
(
aU

1β j, aU
2β j, aU

3β j, aU
4β j; hU

β j

)]
(15)

Pl =
(
. . . , Aρ, . . . , Aβ . . .

)
for l = 1, 2, . . . , m! (16)
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Additionally, the final step gives information about the calculation of the comprehensive
concordance/discordance index. For this purpose, Equation (17) is considered.

Il =
∑

Aρ,Aβ∈A

n∑
j=1

Il
j

(
Aρ, Aβ

)
.W j =

∑
Aρ,Aβ∈A

n∑
j=1

(
d(Aρ j, 0̃1) − d(Aβ j, 0̃1)

)
.W j (17)

4. Results

This section includes the analysis results of this study. Under this section, firstly, trends of net
carbon emissions are evaluated. After that, the global spatial correlation is calculated. Next, the analysis
results of carbon net emissions for trend forecast and reduction potential are shared. Finally, sustainable
energy investment alternatives are ranked with the help of IT2F QUALIFLEX.

4.1. Trends of Net Carbon Emissions

With the method above, this paper computes the net emissions of carbon in China from 2005 to 2017.
The obtained results that net carbon emissions in China have increased year by year during 2005–2017
because energy is the foundation of national economic development and industrial development. All
countries in the world consume substantial fossil energy in the process of industrial development.
For instance, even in developed countries including the United States, energy consumption is still at
a high level. The United States owns a population of 6% of the world, which consumes 30% of the
energy used globally. The Chinese economy has grown at a high rate in recent years, with an average
annual growth rate of around 7%, and economic growth will inevitably lead to a large consumption
of energy. In the Chinese energy consumption structure, the dependence on coal is far greater than
that of other developed countries. During the inspection period, coal consumption in Chinese energy
consumption accounted for more than 60% of the total primary energy consumption. As coal affects
the environment negatively relative to other energy sources, the coal-based energy structure is very
detrimental to the Chinese development of a low-carbon economy. In addition, the population of
China is huge, and population growth will inevitably bring more energy consumption, resulting in
Chinese net carbon being at the forefront of the world. In addition, net carbon emissions increased
significantly before 2008 in China, and the Chinese overall net carbon emissions growth rate declined
after 2008, which may be due to the slowdown of Chinese economic growth after the 2008 world
economic crisis. This has led to a decline in the growth rate of total carbon emissions.

4.2. Global Spatial Correlation

The global spatial autocorrelation index is calculated to acquire the spatial correlation of Chinese
overall carbon emissions and apply the local autocorrelation indicators to compute the spatial
correlation of net CO2 emissions in each province. In this framework, Equations (5) and (6) are taken
into consideration. According to the global spatial autocorrelation calculation results of Chinese
net carbon emissions in 2005–2017, it can be found that the global spatial autocorrelation Moran’s I
indicator for Chinese net carbon emissions in 2005–2017 is expressively positive, gradually decreasing
from near 0.35 in 2005 to less than 0.29 in 2017. As the Moran’s I indicator is positive, it gives that
Chinese net carbon emissions have a certain spatial positive correlation. Briefly, Chinese net carbon
emissions have a certain aggregation effect. This aggregation phenomenon and the economic and
industrial belts or economic and industrial clusters formed by Chinese economic and industrial
development in recent years, and the Chinese government have repeatedly proposed major decisions
for each region. China has a vast territory and a large population and due to obvious differences
in history, nature, economy and society, and regional imbalances, the Chinese government attaches
great importance to this. It has successively introduced the strategy of developing the western region,
revitalizing the strategy of the old industrial base in the northeast and the central region rise strategy.
The introduction of these strategies has promoted the rapid development of the economy in the
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region. The implementation of each major strategy has led to the aggregation of spatial autocorrelation
properties. Meanwhile, due to the successive implementation of these major decisions, the differences
in the eastern, western, northeastern, and central regions of China have generally narrowed, and
the global spatial autocorrelation indicators have gradually decreased, and they tend to be evenly
distributed. With the above method, we calculated the net carbon emissions of provinces in China
(due to the lack of data and does not include Xinjiang and Tibet) in 2005–2017.

The results indicate that for the five provinces in North China, the net carbon emissions increased
largely before 2009. The net carbon emissions continued to grow after 2009, but the growth rate
was very slow. It can also be found that net carbon emissions in Shanxi have been at a high level,
because Shanxi Province is the main coal production base of China, and the leading industries are Talso
dominated by the coal industry. The energy structure is also dominated by coal. Coal consumption
accounts of Shanxi for more than 90% of all primary energy consumption, while coal is relative to other
fossil energy sources, whose carbon emissions are much higher, leading to top carbon emissions in
the entire North China region and even the country. In other aspects, Hebei and Shanxi are almost
the same, Beijing and Tianjin are basically at a low level, while Inner Mongolia is in the middle of
five provinces. Moreover, the difference in net carbon emissions between the five provinces in North
China is very large. The higher Hebei and Shanxi are 6–8 times lower than those in Beijing and Tianjin,
and the net carbon emissions vary greatly among provinces.

Additionally, it is defined that net carbon emissions of Liaoning Province have been at the top of
the three provinces for the northeastern region. This is because Liaoning is not only a resource-based
city but also a heavy industrial city. The heavy industry in the national economy is triple the light
industry, higher than the national average. Besides, the forest vegetation area in Liaoning is lower
than that in Jilin and Heilongjiang. The effect of eliminating carbon is not as good as that of Jilin and
Heilongjiang, resulting in higher net carbon emissions, but it has shown a sharp decline since 2010.
In 2005–2017, the net emissions of carbon in Heilongjiang and Jilin provinces indicated a gradually
increasing trend.

It can be found that in East China, the net carbon emissions of all provinces have shown an
overall increase. Shandong has the highest net carbon emissions, followed by Jiangsu, Zhejiang,
Shanghai, Anhui, and Fujian, and the lowest is Jiangxi. Shandong’s industrial proportion is dominant
in the national economy. The heavy-duty industry with high energy consumption in the industry has
occupied a considerable proportion, and the scale of production has expanded over the years, leading
to Shandong Province becoming an important source of carbon emissions in East China.

It is concluded that in the Central and South of China, Guangdong owns the largest net carbon
emissions, mainly because Guangdong has the most developed economy in the six regions of Central
and South China. Energy intensity of Guangdong is relatively low, due to the large economic aggregate,
the final net carbon emissions far exceed other provinces. In 2010, the net carbon emissions in Henan
showed a sharp decline, and Guangdong, Guangxi, and Hunan also experienced a certain decline.
After that, they have shown a trend of rising shocks. Moreover, Hainan Province has the lowest carbon
emissions in the six provinces and cities in Central and South China, about one-third of the highest
in Guangdong Province, but it has upheld a momentum of sustained growth and should focus on
this trend.

It can be found that Sichuan has the highest net carbon emissions in the four provinces of southwest
China, chiefly because of the large population of Sichuan, which occupies nearly half of the total
population of the four provinces in the southwest, followed by Guizhou and Yunnan. Chongqing
has the lowest net carbon emissions. In the past four years, the net emissions of carbon in the four
southwestern provinces have indicated an increasing trend year by year, which is inseparable from the
rapid economic growth of the provinces in recent years.

It is identified that in the four northwestern provinces, Shaanxi owns the highest net carbon
emissions, which is due to the highest secondary carbon emissions in Shaanxi Province, especially
in the industrial heavy chemical industry, leading to the highest net carbon emissions, followed by
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Gansu and Ningxia. Qinghai has the lowest net carbon emissions in the northwestern region. This is
because of three aspects: Qinghai Province has a relatively backward economy and a small population.
Meanwhile, the vigorous development of solar energy is inseparable in Qinghai. The partial spatial
autocorrelation of net carbon emissions from Chinese provinces was computed with Equation (6).

It is identified that the local autocorrelation indicators of CO2 emissions in Chinese provinces
can be divided into three categories: the first category is the provinces with zero values, primarily
Heilongjiang, Shanghai, Zhejiang, Hunan, and Hainan, indicating the spatial distribution of net CO2

emissions in these provinces is random. The second category is positive provinces, chiefly Shanxi,
Hebei, Inner Mongolia, Liaoning, Jiangsu, Shandong, Henan, Chongqing, Sichuan, Guizhou, Yunnan,
Gansu, Qinghai, and Ningxia, indicating that these provinces have positive local autocorrelation
properties of carbon emissions. It indicates that the surrounding provinces of these provinces have
similar characteristics to the province, of which Shandong Province is the most significant. This is
since four of the five provinces bordering Shandong (Hebei, Shanxi, Henan, Jiangsu) are all major
carbon emission provinces. Therefore, a strong agglomeration state has emerged, and the local
spatial autocorrelation index is the highest. The remaining local spatial autocorrelation indicators
for carbon emissions from Beijing, Tianjin, Jilin, Anhui, Fujian, Jiangxi, Guangxi, Guangdong, and
Shaanxi are negative (belonging to the third category), suggesting that there are significant net CO2

emissions in these provinces and neighboring provinces. The polarization characteristic, in which
Guangdong Province has the largest negative value, indicates that the polarization” characteristic is
the most significant. This is because the net carbon emissions of the four provinces of Fujian, Jiangxi,
Hunan, and Guangxi, which are bordered by Guangdong, are much lower than those of Guangdong.
Therefore, the local spatial autocorrelation index is negative, and the value is large and appears a sever
phenomenon of high and low considered as polarization.

4.3. Analysis Results of Carbon Net Emissions for Trend Forecast and Reduction Potential

From the analysis of net carbon emissions data in China from 2005 to 2017, we can find that
the relationship between independent variables and dependent variables may be a second power
exponential relationship. Therefore, we apply the quadratic curve y = ax2 + bx + c to fit, where the
dependent variable y represents the net emission of carbon in China, the independent variable x
represents the year, and the fitting result is found to be consistent with the actual value. It is defined
that the values of the fitting parameters a, b, and c are obtained by fitting, a = −2362, b = 9633,312,
and c = −9724,315,425.

To further confirm the accuracy of regression prediction, SPSS software is employed to carry out
T-test on the sample, and the correlation coefficient of the sample is 0.99, the t value is 0.43, and the
p-value of the two-sided test is 0.72, which proves that the prediction result is credible. Based on this
prediction model (equation), we forecast Chinese net carbon emissions in the future (by 2030). It can
be found from the trend forecast curve that Chinese net carbon emissions will peak in 2024, estimated
at 16.3 billion tons.

If it is absolute convergence or relative convergence, the provinces and cities with the lowest
carbon emission intensity have a constant emission reduction potential of 0, and other provinces
have an emission reduction potential of between 0 and 100. When the value is closer to 100, it means
the greater the carbon emission intensity of the province and the greater the potential for emission
reduction. The future emission reduction potential of various provinces in China is shown in Figure 2.

In Figure 2, it is understood that Beijing has zero potential for absolute emission reduction
potential. This table also shows that carbon emission intensity is the lowest among all provinces,
municipalities and autonomous regions in China, while there is still considerable space for the absolute
emission reduction potential of Hebei, Shanxi, and Inner Mongolia in North China. As the relative
emission reduction potential is defined as the province with the lowest net carbon emission intensity
in each region, it can be found that Beijing in North China, Jilin Province in Northeast China, Zhejiang
Province in East China, Hainan Province in Central South China, Chongqing City in Southwest China,
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and Northwest China. The relative emission reduction potential of Shaanxi Province is relatively minor
in the future.
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Figure 2. The future emission reduction potential of various provinces in China.

4.4. Analysis Results for Ranking Sustainable Energy Investment Alternatives

In this stage, the QUALIFLEX method with IT2 FS are applied for ranking the sustainable energy
investment policies with respect to emission-reducing targets in China by the provinces. For this
purpose, the absolute and relative emission reduction potential of 29 provinces in China are used to
obtain the linguistic evaluations of the sustainable energy investments based on emission reduction
targets of China. Three sustainable energy investments, entitled Low, Moderate, and High emission
reduction targets, are defined by considering the different levels of emission policies.

Future emission reduction values of the provinces in China that are obtained from the first
stage of analysis are converted to the linguistic scales. The absolute, relative, averaged values of
emission reduction potential for each province in China are defined in 9-point evaluation scales and
the linguistic results of the provinces by the low, moderate, and high emission reduction targets are
given in Table 1 properly.

Table 1. Linguistic decision matrix for the different levels of emission reduction targets by the provinces
in China.

Emission Reduction
Level/Provinces High (A1) Moderate (A2) Low (A3) Emission Reduction

Level/Provinces High (A1) Moderate (A2) Low (A3)

Beijing AP AP AP Jiangxi F MP P
Tianjin F F F Henan MG MG F
Hebei VG VG VG Hubei MG MG F

Liaoning G MP VP Hunan MG F MP
Shanghai F MP P Neimenggu AG AG AG
Jiangsu MP P AP Guangxi F MP P

Zhejiang P VP AP Sichuan MG P AP
Fujian P VP AP Chongqing F P AP

Shandong MG F F Guizhou VG G MG
Guangdong P VP AP Yunnan G MG F

Hainan P VP AP Shaanxi MG P AP
Shanxi AG AG AG Gansu G F P
Jiling MG P AP Qinghai G F P

Heilongjiang G MP AP

VP: very poor; P: poor; MP: medium poor; F: fair; MG: medium good; G: good; VG: very good.
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The evaluations are reconstructed in the IT2 fuzzy numbers and the signed distance for each
emission reduction level are employed in Figure 3.Energies 2020, 13, 2220 13 of 21 
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Figure 3. Signed distance d
(
Ai j, 0̃1

)
.

In the following process, 6 permutations of the emission reduction targets are defined as
P1 = (A1,A2,A3), P2 = (A1,A3,A2), P3 = (A2,A1,A3), P4 = (A2,A3,A1), P5 = (A3,A1,A2),
P6 = (A3,A2,A1) [16]. So, the concordance/discordance index can be provided in Table 2.

The weights of the provinces are considered equally for constructing the weighted decision matrix
and the comprehensive concordance/discordance index are obtained for ranking the sustainable energy
investments based on the different level of emission reduction targets. The overall index results
are computed as d

(
I1, 0̃1

)
is 79.6, d

(
I2, 0̃1

)
is 48.9, d

(
I3, 0̃1

)
is 30.7, d

(
I4, 0̃1

)
is −48.9, d

(
I5, 0̃1

)
is −30.7,

and d
(
I6, 0̃1

)
is −79.6. According to the index results, permutation 1 P1 = (A1,A2,A3) has the best for

ranking the emission reduction target level with sustainable energy investments. So that, the high
emission reduction targets are the most important factor for sustainable energy investments while the
alternative of low emission reduction has the weakest priority in the sustainable energy policies with
respect to the emission targets.

Table 2. Concordance/discordance index Il
j

(
Aρ, Aβ

)
.

Permutations/Provinces I1
j (A1,A2) I1

j (A1,A3) I1
j (A2,A3) I2

j (A1,A3) I2
j (A1,A2) I2

j (A3,A2) I3
j (A2,A1) I3

j (A2,A3) I3
j (A1,A3)

Beijing 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Tianjin 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Hebei 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Liaoning 1.114 1.661 0.548 1.661 1.114 −0.548 −1.114 0.548 1.661
Shanghai 0.400 0.707 0.307 0.707 0.400 −0.307 −0.400 0.307 0.707
Jiangsu 0.307 0.583 0.277 0.583 0.307 −0.277 −0.307 0.277 0.583

Zhejiang 0.244 0.277 0.033 0.277 0.244 −0.033 −0.244 0.033 0.277
Fujian 0.244 0.277 0.033 0.277 0.244 −0.033 −0.244 0.033 0.277

Shandong 0.448 0.448 0.000 0.448 0.448 0.000 −0.448 0.000 0.448
Guangdong 0.245 0.277 0.032 0.277 0.245 −0.032 −0.245 0.032 0.277

Hainan 0.245 0.277 0.032 0.277 0.245 −0.032 −0.245 0.032 0.277
Shanxi 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Jiling 1.155 1.433 0.277 1.433 1.155 −0.277 −1.155 0.277 1.433
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Table 2. Cont.

Permutations/Provinces I1
j (A1,A2) I1

j (A1,A3) I1
j (A2,A3) I2

j (A1,A3) I2
j (A1,A2) I2

j (A3,A2) I3
j (A2,A1) I3

j (A2,A3) I3
j (A1,A3)

Heilongjiang 1.115 1.697 0.583 1.697 1.115 −0.583 −1.115 0.583 1.697
Anhui 0.448 0.850 0.402 0.850 0.448 −0.402 −0.448 0.402 0.850
Jiangxi 0.402 0.707 0.305 0.707 0.402 −0.305 −0.402 0.305 0.707
Henan 0.000 0.448 0.448 0.448 0.000 −0.448 0.000 0.448 0.448
Hubei 0.000 0.448 0.448 0.448 0.000 −0.448 0.000 0.448 0.448
Hunan 0.448 0.850 0.402 0.850 0.448 −0.402 −0.448 0.402 0.850

Neimenggu 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Guangxi 0.402 0.707 0.305 0.707 0.402 −0.305 −0.402 0.305 0.707
Sichuan 1.155 1.433 0.277 1.433 1.155 −0.277 −1.155 0.277 1.433

Chongqing 0.707 0.985 0.277 0.985 0.707 −0.277 −0.707 0.277 0.985
Guizhou 0.271 0.536 0.265 0.536 0.271 −0.265 −0.271 0.265 0.536
Yunnan 0.265 0.713 0.448 0.713 0.265 −0.448 −0.265 0.448 0.713
Shaanxi 1.155 1.433 0.277 1.433 1.155 −0.277 −1.155 0.277 1.433
Gansu 0.713 1.420 0.707 1.420 0.713 −0.707 −0.713 0.707 1.420

Qinghai 0.713 1.420 0.707 1.420 0.713 −0.707 −0.713 0.707 1.420
Ningxia 0.032 0.303 0.271 0.303 0.032 −0.271 −0.032 0.271 0.303

Permutations/Provinces I4
j (A2, A3) I4

j (A2, A1) I4
j (A3, A1) I5

j (A3, A1) I5
j (A3, A2) I5

j (A1, A2) I6
j (A3, A2) I6

j (A3, A1) I6
j (A2, A1)

Beijing 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Tianjin 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Hebei 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Liaoning 0.548 −1.114 −1.661 −1.661 −0.548 1.114 −0.548 −1.661 −1.114
Shanghai 0.307 −0.400 −0.707 −0.707 −0.307 0.400 −0.307 −0.707 −0.400
Jiangsu 0.277 −0.307 −0.583 −0.583 −0.277 0.307 −0.277 −0.583 −0.307

Zhejiang 0.033 −0.244 −0.277 −0.277 −0.033 0.244 −0.033 −0.277 −0.244
Fujian 0.033 −0.244 −0.277 −0.277 −0.033 0.244 −0.033 −0.277 −0.244

Shandong 0.000 −0.448 −0.448 −0.448 0.000 0.448 0.000 −0.448 −0.448
Guangdong 0.032 −0.245 −0.277 −0.277 −0.032 0.245 −0.032 −0.277 −0.245

Hainan 0.032 −0.245 −0.277 −0.277 −0.032 0.245 −0.032 −0.277 −0.245
Shanxi 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Jiling 0.277 −1.155 −1.433 −1.433 −0.277 1.155 −0.277 −1.433 −1.155

Heilongjiang 0.583 −1.115 −1.697 −1.697 −0.583 1.115 −0.583 −1.697 −1.115
Anhui 0.402 −0.448 −0.850 −0.850 −0.402 0.448 −0.402 −0.850 −0.448
Jiangxi 0.305 −0.402 −0.707 −0.707 −0.305 0.402 −0.305 −0.707 −0.402
Henan 0.448 0.000 −0.448 −0.448 −0.448 0.000 −0.448 −0.448 0.000
Hubei 0.448 0.000 −0.448 −0.448 −0.448 0.000 −0.448 −0.448 0.000
Hunan 0.402 −0.448 −0.850 −0.850 −0.402 0.448 −0.402 −0.850 −0.448

Neimenggu 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Guangxi 0.305 −0.402 −0.707 −0.707 −0.305 0.402 −0.305 −0.707 −0.402
Sichuan 0.277 −1.155 −1.433 −1.433 −0.277 1.155 −0.277 −1.433 −1.155

Chongqing 0.277 −0.707 −0.985 −0.985 −0.277 0.707 −0.277 −0.985 −0.707
Guizhou 0.265 −0.271 −0.536 −0.536 −0.265 0.271 −0.265 −0.536 −0.271
Yunnan 0.448 −0.265 −0.713 −0.713 −0.448 0.265 −0.448 −0.713 −0.265
Shaanxi 0.277 −1.155 −1.433 −1.433 −0.277 1.155 −0.277 −1.433 −1.155
Gansu 0.707 −0.713 −1.420 −1.420 −0.707 0.713 −0.707 −1.420 −0.713

Qinghai 0.707 −0.713 −1.420 −1.420 −0.707 0.713 −0.707 −1.420 −0.713
Ningxia 0.271 −0.032 −0.303 −0.303 −0.271 0.032 −0.271 −0.303 −0.032

5. Discussion

To fulfill the emission reduction targets promised by China to the world at the 2015 Paris
Climate Conference, China began implementing emission reduction targets in sub-steps, sub-regions,
and provinces, developing a low-carbon economy. While ensuring rapid economic growth, further
reduction of energy consumption and environmental pollution is the only way for China to accomplish
sustainable economic, resource, and environmental development. Thus, more efforts should be
completed in the following areas. Adjustment of the energy structure is one of the significant duties
for China to develop a low-carbon economy and reduce carbon.

The purpose of this examination is to understand the sustainable energy investment policies in
China with respect to the emission reduction potential. There are two different stages in the analysis
process. First of all, the net carbon emission trend forecast and reduction potential are measured. In the
second stage, the sustainable energy investment policies based on emission reduction targets are ranked
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by using IT2F QUALIFLEX. Within this framework, these calculated results of 29 different provinces
are converted into the FS. Additionally, carbon emission policy is divided into three different categories
which are low, medium, and high. By calculating with the IT2F QUALIFLEX, it is understood that the
main future target of China with respect to the carbon emission.

The results demonstrate that high emission reduction targets are mainly considered in China for
sustainable energy investments. In other words, it is concluded that China intends to reduce the future
carbon emission problem. This is important for energy investment projects in China. It is possible
to look at this from two different angles. First of all, it is important to prevent important problems
such as carbon emissions, so that energy projects can find funding. The main reason for this is that
international fund organizations pay attention to environmental factors in their lending decisions.
In this context, in a country with high carbon emissions, it becomes very difficult for energy projects
to find funding. China stands out as a country with high air pollution. Hence, it is thought that the
high target of reducing carbon emissions in China decreases the risk of not finding funds for energy
projects in the country. Many different authors identified a similar situation in their studies. However,
the main novelty of this study is that the level of the emission reduction targets can be identified for
different provinces of China to make sustainable energy investments. Therefore, by making this kind of
detailed analysis, it is thought that this study becomes very different by comparing the similar ones in
the literature. Additionally, most of the studies only focused on the significance of the carbon emission
problem in the effectiveness of energy investment policies. Nevertheless, this study also measured the
level of the targets that China should implement. In other words, this study examined how urgent the
actions should be taken to solve the problems.

Herbohn et al. [71] aimed to understand whether banks consider carbon risk in their lending
decisions. For this purpose, 120 different bank loans are taken into consideration regarding the period
between 2009 and 2015. They underlined that banks give importance to the carbon risk to the lending
process. Similarly, Zhou et al. [72] focused on the effect of carbon risk on the lending decisions of
the financial institutions. They made a panel regression analysis on 191 Chinese companies for the
years between 2011 and 2019. It is concluded that necessary actions should be taken to manage carbon
emission risks for the companies to reach funds from the financial institutions easily.

This situation explained by many different studies in the literature. For instance, Shamsi et al. [73]
created an optimization model and identified that emission reduction targets play a key role to minimize
this problem. Kuriyama et al. [74] tried to make a similar analysis for Japan. They underlined that
emission reduction targets should be designed to provide sustainable energy investments. Similarly,
Qin et al. [75] and Pollitt et al. [76] are other studies that defined the importance of this situation as
well. On the other side, there are also some studies in the literature which argue that low and medium
emission levels should be mainly considered. For example, Wang et al. [77] focused on carbon emission
reduction targets in China. They concluded that the areas with the highest carbon emission control
target level have higher costs so that low and medium emission levels are more important for China’s
sustainable development.

The second important aspect of this result is the increase in renewable energy investments
as a result of being sensitive to the environment. When China generally has a carbon emission
reduction target, this will allow for energy projects that do not cause environmental pollution. In other
words, this will attract renewable energy investors. Renewable energies are the types of energy that
originate from nature such as wind and sun. They do not emit carbon gas like non-renewable energy.
Therefore, China’s goal of reducing carbon emissions will contribute to the increase in renewable
energy investments in the country. This situation contributes to the sustainability of energy investments
and economic size in the country. Lots of studies in the literature underlined the importance of this
situation. For instance, Inglesi-Lotz [78] and Kahia et al. [79] also reached similar points by analyzing
different regions, such as the EU and MENA. By considering the results of the analysis, it can be
said that the acceleration of the optimization and adjustment of Chinese energy structure means
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reducing dependence on fossil fuels such as coal and oil and vigorously developing new and renewable
energy sources.

(1) Coal energy dependence reduction. It needs to rationally control domestic coal production and
strengthen the overall planning and management of mining areas. It requires not only limiting the
total annual production of coal enterprises, but also merging and reorganizing coal enterprises,
integrate small coal enterprises, and implement coal quota management for large coal enterprises.
Next, we will increase publicity and guidance, and encourage all industries and enterprises to
use coal without gas, which can use oil without oil, and reduce coal consumption.

(2) Stabilize the supply of petroleum energy. Chinese oil energy is half reliant on imports, and stable
oil energy supply plays an important role in Chinese national energy security. Besides, it is
necessary to increase the strategic reserve of domestic oil, encourage enterprises to increase
the pace of oil exploration in areas such as the deep sea, and comprehensively promote the
construction of national oil reserve projects. To encounter the domestic petroleum energy demand
in the case of blocked international trade to increase trade cooperation between China, Russia,
and Africa, we should make full use of Central Asia, China, and Russia and other pipelines to
maximize the import of petroleum resources from abroad.

(3) The proportion should be increased in energy supply and consumption of natural gas, wind energy,
hydropower, solar energy, and nuclear energy. China should give priority to the development of
hydropower. Hydropower is an economical, clean renewable energy source. The development
of hydropower can also achieve comprehensive benefits such as flood control, irrigation, water
supply, shipping, aquaculture, and tourism; compared with coal-fired power, hydropower per 1
kWh can reduce carbon emissions by about 1100 g. The Three Gorges Project is equivalent to
seven 2.6 million kilowatts of thermal power plants, which can emit about 100 million tons of
carbon per year. Thus, hydropower development is a vital choice for China to solve the problem
of optimizing energy structure and reducing carbon emissions. Besides, natural gas, coal-bed
methane, and shale gas should also be established; nuclear power should be energetically settled;
wind energy construction should be supported; solar energy, biomass energy, and other renewable
energy sources should be vigorously industrialized.

Currently, the industrial structure in China is not sensible. The basic status of production is
unbalanced, the proportion of secondary production is too large, and it occupies half of the national
economy. Heavy industry is exceptionally prominent. The proportion of tertiary production is relatively
low, accounting for about 50% of the gross national product, which can be achieved by developed
countries, without a high level. The status quo of the Chinese industrial structure is equivalent to the
level of developed countries in the last century. The unreasonable industrial structure is even worse
for reducing carbon emissions. Lastly, we need to (1) consolidate and strengthen the basic position of
agriculture, promote the transition to modern agriculture, and strive to build low-carbon agriculture;
(2) reduce the proportion of industry, especially heavy industry, and promote industrial restructuring,
transformation, and upgrading; (3) rapidity and high-level development of the tertiary industry.

The development and utilization of low-carbon technologies can not only improve product quality
and reduce energy consumption. At the same time, technological advances can shorten product
production cycles and increase labor productivity. The development and investment of low-carbon
technologies mainly include three technologies: carbon reduction technology, zero-carbon technology,
and carbon removal technology. Taking enterprises as the main body, we can rely on the cooperation
and development of universities, research institutes, industries, and enterprises to continuously
promote the low-carbon technology innovation and the transformation of results in the combination of
production, education, and research. On the one hand, we will use high-level talents from universities
and research institutes to strengthen the development platform for low-carbon economic technologies,
support the demonstration, application, and promotion of low-carbon technologies, and implement the
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policies of tax incentives and financial subsidies that encourage technological innovation to increase
support for low-carbon industries and enterprises.

Since the carbon sources/carbon sink ratios in different regions and provinces and cities in China
are not the same, it is imperative to build a carbon compensation system. China should create a
diversified governance capital investment mechanism based on special environmental management
funds, with efforts to promote the implementation of the environmental protection reserve fund system
and improve the carbon purification and control mechanism of “who exceeds the standard and who
manages.” The nation should gather environmental protection reserve funds from the provinces based
on the estimated carbon emission reduction plans of various provinces and cities, particularly the heavy
industrial provinces. After the unified transfer to the state treasury, the provinces and municipalities
that have a respectable effect on the deduction of reserve funds and emission reductions according to
the completion of each province and city. For the province where the fund is insufficient, the reserve
fund will be doubled in the next year. If the emission reduction quota is not accomplished in the
next year, the reserve for the emission reduction will be doubled to urge the provinces to mobilize
the province to save energy and reduce emissions. The central government can also set up a special
fund for carbon emission reduction, which will be compensated with awards and rewards for leading
provinces and cities and leading enterprises in energy conservation and emission reduction.

The industrial sector, the construction sector, and the transportation sector are the focus of
Chinese energy conservation and emission reduction, while the industrial sector is the top priority
in those sectors. To attain energy conservation and emission reduction in the industrial sector,
we should start from the aspects of technological advancement and industrial restructuring, determine
energy management information systems and implement performance contracts and other policy
measures. The critical points are the steel industry, thermal power industry, petrochemical industry,
non-ferrous metal industry, building materials department, and high-energy-consuming industries
such as petrochemicals. Moreover, we should circumvent blind investment and redundant construction,
curb excessive growth of production capacity, eliminate backward production capacity, accelerate
the merger and reorganization of iron and steel enterprises, and vigorously carry out technological
transformation and innovation in the steel industry. The elimination of small thermal power and
other backward production capacities could lead to the development of high-efficiency units based on
supercritical thermal power units for the thermal power industry. The conversion efficiency of coal-fired
energy should be enhanced, and energy efficiency should be improved by building cogeneration.
While for the petrochemical industry, it is stimulated to establish low-energy fine chemicals and new
chemical materials, further adjust the refining and chemical integration process, to progress the lighter
weight of heavy oil, and properly deliberate importing or increasing the proportion of imports for
high-energy-consuming raw materials.

6. Conclusions

This study aims to propose a two-stage analysis for analyzing the sustainable energy investment
policies in China by considering the different levels of emission reduction potential in the provinces.
To achieve this objective, Chinese overall data and provincial data are taken into consideration for the
periods between 2005 and 2017. Hence, the future trends of absolute and relative emission targets can
be obtained. Because of a data availability problem, the data in 2018 cannot be considered. However,
because a large period is included in the analysis, it is believed that this evaluation is consistent and
represents the current situation. In the second stage of the analysis, calculated future carbon emission
targets are converted into linguistic variables. After that, the decision matrix of high, moderate,
and low emission reduction targets for the provinces of China is constructed by using IT2 fuzzy
QUALIFLEX. The main advantage of selecting this method is that it is very successful to rank three
different alternatives. Additionally, it is also seen that the QUALIFLEX methodology was mainly
preferred with fuzzy logic especially in recent studies. Hence, in the second part of the analysis
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process, expert opinions are accounted for. It is thought that this situation also increases the quality of
the analysis.
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