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Abstract: Low-carbon economic efficiency is an important indicator that can be used to measure the
quality of regional economic development. In this study, an improved DEA model is introduced
into the calculation of low-carbon economic efficiency in Zhejiang Province. Using the actual data
of nine prefecture-level cities in Zhejiang Province from 2015 to 2020, the low-carbon economic
efficiency of each prefecture-level city is calculated. The result is that the overall low-carbon economic
efficiency of Zhejiang Province indicates a trend of first falling and then rising, and the low-carbon
economic efficiencies of different prefecture-level cities largely differ. The causes of six inefficient
DMUs (prefecture-level cities) are analyzed using projection. The improved DEA model is used
to determine the “expansion coefficient” of the input and output of three DMUs (prefecture-level
cities) with relatively low-carbon economic efficiency. The research results provide a strong basis and
support for the development of a low-carbon economy for Zhejiang Province.

Keywords: low-carbon economy; low-carbon efficiency; efficiency calculation; improved DEA
model; projection

1. Introduction

The Paris Agreement in 2020 proposed the goals of (1) limiting the increase in global
average temperatures to less than 2 ◦C compared with the preindustrial period and (2)
striving to limit the increase to less than 1.5 ◦C. The European Union, the United States,
and China are the three major economies, and their total greenhouse gas emissions account
for half of the world’s total [1]. With the increase in global energy consumption and carbon
dioxide emissions, the low-carbon economy and low-carbon development have become
the focus of attention all over the world [2]. As a populous and manufacturing country,
China should take corresponding responsibilities. All the provinces of China should pay
close attention to and reform enterprises with a high energy consumption, heavy pollution,
and high emissions. The 20th National Congress of the Communist Party of China pointed
out that “from 2012 to 2022, China’s carbon dioxide emissions per unit of GDP decreased
by 34.4%”, but China’s 2060 carbon neutral target remains a challenge. As a member of the
Paris Agreement, China promises to reach a peak of carbon dioxide emissions by around
2030 or earlier; reduce the intensity of carbon dioxide emissions by 60–65% compared with
the level in 2005; and increase the proportion of non-fossil energy in primary energy to 20%
by 2030 [3]. Each province in China should formulate corresponding low-carbon economic
development goals and paths based on its own economic situation, resource endowment,
and energy consumption structure.

As a demonstration plot for promoting high-quality development and realizing com-
mon prosperity in China, Zhejiang Province should pay more attention to low-carbon
development and the low-carbon economy. In 2021, the GDP of Zhejiang Province was
CNY 7351.6 billion (fourth in China), representing an increase of 8.5% over the previous
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year. Economic growth mainly comes from the contribution of industrial growth, but it
also has a close relationship with the ecological environment. Therefore, Zhejiang Province
should pay more attention to the organic integration of economic and low-carbon devel-
opment. That is, while focusing on economic development, we should integrate the idea
of low-carbon development, reduce the consumption of high-carbon energy, such as coal
and oil, as much as possible, reduce greenhouse gas emissions, and achieve the win–win
development goal of economic development and ecological environment protection in Zhe-
jiang Province. Thus, it is necessary to measure and evaluate the efficiency of low-carbon
economic efficiency in Zhejiang Province, understand the overall level of low-carbon eco-
nomic development in Zhejiang Province, determine the advantages and disadvantages of
low-carbon economic development in various prefecture-level cities in Zhejiang Province,
and finally, define the development direction of the low-carbon economy.

In previous studies, two common methods were used to determine the performance
of low-carbon economy, namely the single related index and comprehensive index analysis.
The single related index mainly refers to carbon intensity and footprint, which directly
reflect the fluctuation of carbon emissions. However, a single related index cannot mea-
sure the systematic change in carbon emissions and has gradually been replaced by data
envelopment analysis (DEA) [4]. At present, most scholars apply DEA, stochastic frontier
analysis (SFA), superefficient DEA, cross DEA, SBM-DEA, the Malmquist index method,
three-stage DEA, and integrated interval adjustment measures to evaluate the efficiency
of low-carbon economic development in different regions [5]. Therefore, this study also
employs the improved DEA model to calculate the development efficiency of a low-carbon
economy in Zhejiang Province.

Zhejiang Province is short of resources: 95% of its electricity, coal, and oil need
to be transferred from other provinces. It is well known that the economy of Zhejiang
Province is developing rapidly, which has become the leading factor behind its increasing
carbon emissions. Green and sustainable development require a low-carbon economic
development mode with low emissions, low pollution, and low energy consumption.
Currently, there is a scarcity of theoretical research, efficiency evaluation, and measurements
of a low-carbon economy in Zhejiang Province. In this context, this study measures the
low-carbon economic efficiency of prefecture-level cities in Zhejiang Province based on the
improved DEA model; defines the key areas of carbon reduction; and provides an empirical
basis for a differentiated low-carbon transformation strategy.

The remainder of this study is arranged into five sections. The second section presents
the literature review. The third section details the methodology and describes the data.
Section 4 presents the research findings. Section 5 is the discussion, followed by Section 6,
which draws conclusions and policy implications.

2. Literature Review

In 2003, the UK first put forward the concept of a low-carbon economy in govern-
ment documents, stating that the low-carbon economy is a means to achieve high output
through low-carbon consumption and low pollution, and to promote economic develop-
ment through the application of advanced technology. The low-carbon economy is defined
as an economy whose activities generate products or services that deliver low-carbon
outputs [6]. A low-carbon economy is an economic form that emerged in postindustrial
society, and it was designed to reduce greenhouse gas emissions to a certain level in order
to prevent various countries and their citizens from being adversely affected by climate
change and ultimately secure a global sustainable environment for humans [7]. The low-
carbon economy has always been a hot topic in global research. Scholars have conducted
a series of studies on the evaluation of regional economic efficiency based on DEA and
other methods.

An and Zhu (2022) analyzed the relationship between urban energy CE and eco-
nomic efficiency, and they used the Tapio decoupling index model and K-means clustering
algorithm to conduct decoupling state analysis and clustering analysis, respectively [8].
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Sheng et al. (2021) studied the decoupling relationship between China’s economic growth
efficiency and carbon emission reduction efficiency [9]. Yang et al. (2023) used a quasi-
difference-in-differences strategy to examine the net impact of place-based carbon reduction
targets on the economic growth of 285 cities in China [10]. Jin et al. used a two-stage
data envelopment analysis (DEA) model to conduct a dynamic study on the efficiency
of technological innovation, the low-carbon economy, and the comprehensive efficiency
of technological innovation and the low-carbon economy of 35 items of sectoral panel
data from 1996 to 2018 [11]. The above study explored the relationship between economic
growth and carbon emissions, and it laid a theoretical foundation for the current study of
low-carbon economic efficiency presented in this study.

Wang et al. (2022) proposed a new method that combines machine learning and radial
directional distance function (DDF) to estimate carbon emission efficiency and reduction
potential [12]. Shi et al. (2022) applied the super SBM model and Malmquist–Luenberger
(ML) index to evaluate the carbon emission efficiency of the industries (CEEI) from 266 items
of panel data of Chinese cities from 2006 to 2018 [13]. Wang et al. (2020) used the data of
13 Chinese airlines from 2009 to 2013 to study the static and dynamic efficiency of carbon
emissions through a slacks-based measure (SBM) model and the Malmquist–Luenberger
(ML) productivity index [14]. Ignatius et al. (2016) employed fuzzy DEA to evaluate the
carbon efficiency of 23 EU member states [15]. Metmood et al. (2020) applied network
DEA to study the temporal and spatial changes in the carbon dioxide emission efficiency of
major economies in the world from 2001 to 2011 [16].

Zhou (2015) built a comprehensive evaluation index system for the operation of a
provincial low-carbon economy under the framework of “pressure state response” [17]. Liu
et al. (2021) [18], Wu et al. (2016) [19], and Wang et al. (2019) all studied the index system
of provincial low-carbon economic development, analyzed the differences in low-carbon
development in various provinces, and evaluated their development level of a low-carbon
economy. Zheng et al. (2017) utilized the three-stage DEA model to empirically study
the low-carbon efficiency of China’s eastern, central, and western regions in 2015 [20].
Meng (2018) applied a range of adjustment measures and DEA model to evaluate the
low-carbon economic efficiency of China’s provinces from 2001 to 2014 and discussed the
main influencing factors that had a negative effect [21]. Wang et al. (2022) applied the
generalized method of moments (GMM) to analyze the dynamic panel data of 131 countries
in order to investigate the impact of industrialization and renewable energy on carbon
emission efficiency so as to improve carbon efficiency and achieve carbon neutrality [22].
Lan et al. (2019) applied traditional DEA and cross-DEA to evaluate the development
efficiency of a low-carbon economy in Hubei Province [23]. Li et al. (2022) combined the
three-stage SBM-DEA model of unexpected output and the Malmquist index to calculate
the carbon emission efficiency of 11 provinces and cities in the Yangtze River Economic
Zone from 2011 to 2019 [24].

The researchers discussed above mainly studied low-carbon economic efficiency and
carbon emission efficiency, and their work provides a reference for the construction of the
low-carbon economic efficiency evaluation system for this study. The above-mentioned
DEA model, SBM model, and ML index provide a basis for the improvement of the
evaluation method in this study. It was also found that Zhejiang Province has not been
taken as a separate research object in the current literature to specifically calculate low-
carbon economic efficiency. In view of the fact that traditional DEA cannot rank and analyze
the advantages and disadvantages of DMUs with a comprehensive efficiency value of 1,
in order to overcome the limitations of this method, this study applies an improved DEA
model on the basis of previous experience.

3. Research Method and Data

3.1. Using the C2R Model to Determine the Value of DMU’s Low-Carbon Economic Efficiency

Data envelopment analysis is a method that is used to evaluate the performance of
decision-making units of the same type. The same type refers to different decision-making
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units with inputs and outputs that have the same nature. In 1985, Charnes and Cooper et al.
proposed the BCC model, which is used to compare and evaluate the technical efficiency of
existing evaluation decision-making units. It belongs to the category of relative evaluation
models [25,26]. However, traditional DEA models (the BCC and CCR models) often have
multiple DMUs in efficiency at the same time. That is, there are many DMUs in efficient
units where the efficiency value is 1, which makes it impossible to further distinguish
the differences in efficiency [27]. In order to solve this problem, this study introduces the
non-Archimedean infinitesimal ε to the C2R model [28]. The ε can be understood as a
number less than any positive number but greater than zero. The C2R model with the
non-Archimedean infinitesimal is as follows.

min[θ − ε(
∧
e

T
s− + eTs+)] = VDε

s.t.



n
∑

j=1
λjxj + s− = θx0

n
∑

j=1
λjyj − s+ = y0

λj ≥ 0, j = 1, 2, · · · , n
s− ≥ 0, s+ ≥ 0

(1)

T = {(x, y)|
n

∑
j=1

λjxj ≤ X,
n

∑
j=1

λjyj ≥ Y,
n

∑
j=1

λj = 1, λj ≥ 0, j = 1, 2 · · · , n} (2)

where T is the production possibility set, xj is the n-dimensional input vector of the jth
prefecture-level city, yj is the s-dimensional output vector of the jth prefecture-level city, and
x0 and y0 are the input and output vectors of the j0th prefecture-level city of the evaluated
unit, respectively. If θ∗ = 1, s∗− = 0, s∗+ = 0, the evaluated unit DMUj0 is efficient. If
θ∗ < 1, the evaluated unit DMUj0 is inefficient.

3.2. Adjustment of Low-Carbon Economic Efficiency with Inefficient DMU

For the inefficient DMUk, we compared it with the “projection” on the relatively
efficient frontier of DEA in order to determine the reasons for the inefficiency and to adjust
the low-carbon economic efficiency of prefecture-level cities with inefficient DMUs to

be efficient. Let θ∗, λ∗, s∗−, s∗+ be the optimal solutions of VDε , and then (
∧
xk,
∧
yk) is the

projection of (xk, yk) on the relatively efficient frontier; then{∧
χk = θχk − s∗−
∧
yk = yk + s∗+

(3)

We can obtain ∆x, ∆y using Formula (4) for a decrease in inputs and an increase in
outputs, respectively. We can determine the cause of inefficient DMUk so as to adjust the
efficiency.

∆x = (
∧

χk − χk)/χk × 100%

∆y = (
∧
yk − yk)/yk × 100%

(4)

If the absolute values of ∆x, ∆y are very small, this indicates that the current inputs or
outputs are relatively efficient, and no adjustment is required. Otherwise, it implies that the
current inputs or outputs are inefficient. According to the values of ∆x, ∆y, we reduce the
inputs or increase the outputs of the inefficient DMUk to make the low-carbon economic
efficiency of prefecture-level cities reach, or become close to, efficiency.

3.3. Improving the Low-Carbon Economic Efficiency of Efficient DMUs by Using Improved DEA

When using the C2R model to determine the relative efficiency of the low-carbon
economic efficiency of prefecture-level cities, if θ∗ = 1, s∗− = 0, s∗+ = 0, then the output
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of the evaluated prefecture-level cities under the current input level is relatively efficient.
However, if the prefecture-level cities want to further increase input to increase low-carbon
output under the premise of efficient energy conservation and carbon reduction, the C2R
model cannot provide a basis. At this time, we need to apply the improved DEA model,
which is shown in Formula (5) [28,29]:

min[θ − ε(
∧
e

T
s− + eTs+)] = VDε

s.t.



n
∑

j=1
j 6=j0

λjxj + s− = θx0

n
∑

j=1
j 6=j0

λjyj − s+ = y0

λj ≥ 0, j = 1, 2, · · · , n
s− ≥ 0, s+ ≥ 0

(5)

where xj is the n-dimensional input vector of the jth prefecture-level city and yj is the
s-dimensional output vector of the jth prefecture-level city. x0, y0 are the input and output
vectors of the j0th prefecture-level city of the evaluated unit, respectively. The possible
production set is

T′ = {(x, y)|
n

∑
j=1
j 6=j0

λjxj ≤ X,
n

∑
j=1
j 6=j0

λjyj ≥ Y,

n

∑
j=1
j 6=j0

λj = 1, λj ≥ 0, j = 1, 2 · · · , n} (6)

The production possibility set does not include the evaluated prefecture-level city
j0. That is, when evaluating the prefecture-level city j0, we compare it with the linear
combination of the other prefecture-level cities, excluding j0 itself. An efficient DMU is
likely to increase its input proportionally while still maintaining its relative efficiency. That
is, when the input of j0 increases proportionally, it still falls on the production frontier [26].
In the improved DEA model, a prefecture-level city in Zhejiang Province can increase its
investment but still maintain a relatively efficient maximum proportion value, which is
called the prefecture-level city’s proportional value of investment expansion (abbreviated
to D here).

When the proportional value of investment expansion D=1, it means that the prefecture-
level city cannot increase investment; otherwise, its low-carbon economic efficiency will
become inefficient. When the proportional value of investment expansion D > 1, the
prefecture-level city should increase the input of low-carbon economic resources, which
can be increased to D times the original. At this time, the prefecture-level city’s low-carbon
economic output also increases and can ensure that the output is still relatively efficient,
enabling the prefecture-level city to improve its low-carbon economic efficiency.

3.4. Index Selection and Data Description

According to the connotation and characteristics of low-carbon economic efficiency,
combined with the theory of the DEA analysis method, the authors of this paper built a
low-carbon economic efficiency measurement system for Zhejiang Province, as shown in
Figure 1.

The traditional goal of efficient economic development is to obtain the maximum
economic output with the least input of production factors. The development efficiency
of a low-carbon economy should not only consider traditional economic development
efficiency but also environmental efficiency. That is, with full consideration of carbon
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emissions and energy consumption, the optimal economic benefits can be obtained with
fewer input factors.
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Therefore, the output indicator is the regional GDP. Input indicators specifically in-
clude energy input, labor input, capital investment, and carbon emission. Carbon emission
is a special output indicator. Among all input indicators, the smaller the indicator value of
the carbon emission, the more beneficial it is to the development of a low-carbon economy.
As the DEA model usually takes unexpected special indicators as input indicators, the
carbon emission indicator is included in the input indicators for calculation when analyzing
the development efficiency of a low-carbon economy:

(1) Gross domestic product (GDP). The GDP accounting data are from the Zhejiang
Statistical Yearbook (2016–2021).

(2) Labor input. The labor input indicator refers to the amount of labor input in the
production process. It can be measured by the labor time of standard labor intensity
or the amount of labor. In view of the availability of data, this study utilizes the year-
end employment number for the whole society of prefecture-level cities in Zhejiang
Province. The specific data are also from the Zhejiang Statistical Yearbook (2016–2021).

(3) Capital investment. This study refers to the estimation method of capital stock
developed by Zhang and Wang [30], and He and Li [27], and it takes the investment
in fixed assets of prefecture-level cities in Zhejiang Province as a measure of capital
investment. The data of fixed asset investment in each prefecture-level city of Zhejiang
Province are also from the Zhejiang Statistical Yearbook (2016–2021).

(4) Energy input. This study refers to the calculation caliber of energy input reported
by Lan et al. [23] and Li [31], and it employs the total energy consumption of each
prefecture-level city in Zhejiang Province to measure energy input. The relevant data
come from the statistical yearbooks of nine prefecture-level cities in Zhejiang Province.

(5) Carbon emission. This mainly refers to carbon dioxide emissions. This study estimates
the carbon dioxide emissions of each prefecture-level city based on the conversion
coefficient of various energies to standard coal given in the China Energy Statistics
Yearbook in 2018 and the carbon emission coefficient given by the Intergovernmental
Panel on Climate Change (IPCC) in 2006. The carbon dioxide emissions of each city in
Zhejiang Province are mainly calculated based on the three primary energy sources
with large consumption in each prefecture-level city. The total amount of carbon
dioxide emissions can be obtained by adding the estimated amount of carbon dioxide
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emissions caused by various types of energy consumption [32]. The specific formula
is as follows:

CFE =
n

∑
i

Ei × αi × βi ×
44
12

where CFE represents the carbon footprint of fossil energy (10,000 t), Ei represents the
consumption of the ith energy (10,000 t), αi is the conversion factor of the ith energy, and βi
represents the carbon dioxide emission coefficient of the ith energy. The specific values of
these coefficients are shown in Table 1. This study calculates the energy consumption and
corresponding carbon emission coefficient, which were proposed by the Intergovernmental
Panel on Climate Change (IPCC) of the United Nations in 2006. That is, the carbon dioxide
emission coefficient is calculated by using the “Sectoral Approach 2” developed by the
IPCC. The specific formula is as follows:

Carbon Dioxide Emission Coefficient = Low Calorific Value × Carbon Content Factor × Carbon
Oxidation Factor × (44/12)

Table 1. Coal conversion coefficient and carbon dioxide emission coefficient of main energy sources.

Energy Conversion Factor Carbon Dioxide Emission
Coefficient (KgCO2/Kg)

Raw Coal 0.7143 kg ce/kg 1.98
Coke 0.9714 kg ce/kg 3.04

Natural Gas 1.1 kg ce/cu.m 2.18
Gasoline 1.4714 kg ce/kg 2.98
Kerosene 1.4714 kg ce/kg 3.10

Diesel 1.4571 kg ce/kg 3.16
Fuel Oil 1.4286 kg ce/kg 3.24

Source: China Energy Statistical Yearbook 2018.

4. Research Findings
4.1. Analysis of Relative Efficiency Results

The precise evaluation of the low-carbon economic efficiency of prefecture-level cities
in Zhejiang Province is an important basis for energy conservation and emission reduction,
and it is also an important basis for Zhejiang Province to implement the national dual-
carbon strategy according to the four input factors determined in Section 3.4 of this study,
namely, energy input, labor input, capital investment, and carbon emission, as well as
an additional output factor, namely, gross regional product. The five indicators and
the indicator data obtained were standardized. In view of the consistency of statistical
indicators and the continuity of time, this study formed panel data based on the time series
data of prefecture-level cities in Zhejiang Province from 2015 to 2020.

We take the development of a low-carbon economy in different years in prefecture-
level cities in Zhejiang Province as the decision-making unit. Due to the lack of energy
consumption data in the Statistical Yearbook for Shaoxing and Lishui, this study adopts the
C2R model in Formula (1) to calculate the low-carbon economic efficiency of the remaining
nine prefecture-level cities in Zhejiang Province. Due to the large amount of original data
from 2015 to 2020, this study gives the calculation results, as shown in Table 2.

Overall, the low-carbon efficiency of Zhejiang Province generally shows a trend
of decreasing first and then increasing. The average low-carbon economic efficiency of
Zhejiang province in 2020 is 0.8756, which still has much room for improvement. It
can be seen from the mean value in Table 2 that the development efficiency of the low-
carbon economy somewhat differs among the various prefecture-level cities of Zhejiang
Province. The low-carbon economic efficiency of Hangzhou and Huzhou belongs to the
first echelon among the nine prefecture-level cities in Zhejiang Province. The efficiency
value of Hangzhou and Huzhou is 1.0000, which places them at the forefront of these
prefecture-level cities, indicating that the quality of economic development and the level of
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carbon emissions are optimal. The low-carbon economic efficiency of Ningbo, Wenzhou,
and Zhoushan belongs to the second echelon among the nine prefecture-level cities in
Zhejiang Province, with efficiency values higher than 0.9. Among these, the value for
Ningbo is the highest, with an average efficiency of 0.9999, close to 1, indicating that its
levels of economic development and carbon emissions are relatively better. The low-carbon
economic efficiency of Jiaxing, Taizhou, Jinhua, and Quzhou belongs to the third echelon
among the nine prefecture-level cities in Zhejiang Province. The efficiency values are all
lower than 0.9. The value for Quzhou is the lowest at 0.6431, indicating that its economic
development and carbon emission are relatively poor.

Table 2. Calculation results of low-carbon economic efficiency of nine prefecture-level cities in
Zhejiang Province.

2015 2016 2017 2018 2019 2020 Mean Value

Hangzhou 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Ningbo 1.0000 0.9995 0.9997 1.0000 1.0000 1.0000 0.9999

Wenzhou 1.0000 1.0000 0.9178 0.9466 0.8606 0.9665 0.9486
Jiaxing 0.7700 0.7148 0.7136 0.7449 0.7486 0.7371 0.7378
Taizhou 0.9715 0.8859 0.8097 0.8602 0.8018 0.8040 0.8555
Jinhua 1.0000 0.9131 0.8127 0.8565 0.8465 0.8544 0.8805

Huzhou 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Quzhou 0.7107 0.6583 0.5904 0.6464 0.6308 0.6220 0.6431

Zhoushan 0.9529 0.9942 0.8789 0.8888 0.8497 0.8967 0.9102

From the mean value of low-carbon economic efficiency from 2015 to 2020, the calcula-
tion results of seven prefecture-level cities in Zhejiang Province, namely, Jiaxing, Taizhou,
Jinhua, Quzhou, Ningbo, Wenzhou, and Zhoushan, did not reach 1. The results also show
that there is still room to improve the efficiency of the low-carbon economy, especially
in Jiaxing, Taizhou, Jinhua, and Quzhou, which are in the third echelon. The lower the
calculation result, the lower the efficiency of low-carbon economic development in the
prefecture-level city. In Section 4.2, the necessary projection analysis of redundancy is
conducted, and we analyze the problem from input and output factors.

According to the horizontal data for 2020, the regions with a low-carbon economic
efficiency of 1.0000 include Hangzhou, Ningbo, and Huzhou. This is mainly because
Hangzhou is the political, economic, and cultural center of Zhejiang Province. Moreover,
Ningbo is striving to develop a “new economy” and cultivate “new momentum”. Fur-
thermore, Huzhou has a scientific economic structure and balanced development. The
low-carbon economic efficiency of Jiaxing and Quzhou for 2020 is on the low side. Their
efficiency value is lower than 0.74, because the values of the input factors, i.e., labor input,
capital investment, energy input, and carbon emissions, are higher, while the value of
the output factor, i.e., regional GDP, is lower. We take the development of a low-carbon
economy in nine prefecture-level cities in 2020 as an example for projection analysis.

4.2. Projection Analysis

The 2020 DEA efficiency values of Wenzhou, Jiaxing, Taizhou, Jinhua, Quzhou, and
Zhoushan are 0.9665, 0.7371, 0.8040, 0.8544, 0.6220, and 0.8967, respectively, which are less
than 1. This indicates that the DEA efficiency is inefficient. According to Formulas (3) and
(4) presented in Section 3.2, we can obtain the ∆x, ∆y values of Wenzhou, Jiaxing, Taizhou,
Jinhua, Quzhou, and Zhoushan, as shown in Table 3. Then, the number of input factors can
be controlled according to the adjustment proportion, thereby ensuring that the low-carbon
economic efficiency of these six prefecture-level cities stays within a reasonable range.
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Table 3. Cause analysis of inefficient low-carbon economic efficiency in six prefecture-level cities.

Prefecture-Level
Cities Factors Indicator Actual Value Projection

Value ∆x (%)

Wenzhou
Input Factors

Total Energy Consumption (10,000 tons of
standard coal)

Year-end Employment Number of the Whole
Society (10,000 persons)

Investment in Fixed Assets (CNY 100 million)
Carbon Dioxide Emissions (10,000 tons)

860.74

576.10
5226.32
6610.39

831.91

308.88
3299.68
2416.48

−3.35

−46.38
−36.86
−63.44

Output Factor Gross Domestic Product (CNY 100 million) 6870.86 0 0

Jiaxing Input Factors

Total Energy Consumption (10,000 tons of
standard coal)

Year-end Employment Number of the Whole
Society (10,000 persons)

Investment in Fixed Assets (CNY 100 million)
Carbon Dioxide Emissions (10,000 tons)

1625.28

337.00
3715.89
9234.84

882.37

248.40
2738.98
6245.48

−45.71

−26.29
−26.29
−32.37

Output Factor Gross Domestic Product (CNY 100 million) 5509.52 0 0

Taizhou
Input Factors

Total Energy Consumption (10,000 tons of
standard coal)

Year-end Employment Number of the Whole
Society (10,000 persons)

Investment in Fixed Assets (CNY 100 million)
Carbon Dioxide Emissions (10,000 tons)

1562.31

408.90
3140.09
7159.50

729.22

239.89
2524.63
5756.20

−53.32

−41.33
−19.60
−19.60

Output Factor Gross Domestic Product (CNY 100 million) 5262.72 0 0

Jinhua
Input Factors

Total Energy Consumption (10,000 tons of
standard coal)

Year-end Employment Number of the Whole
Society (10,000 persons)

Investment in Fixed Assets (CNY 100 million)
Carbon Dioxide Emissions (10,000 tons)

1787.10

355.50
2642.93
3489.90

601.06

212.60
2258.12
2989.49

−66.37

−40.20
−14.56
−14.56

Output Factor Gross Domestic Product (CNY 100 million) 4703.95 0 0

Quzhou
Input Factors

Total Energy Consumption (10,000 tons of
standard coal)

Year-end Employment Number of the Whole
Society (10,000 persons)

Investment in Fixed Assets (CNY 100 million)
Carbon Dioxide Emissions (10,000 tons)

770.57

136.00
1262.90
4863.34

256.17

75.76
785.53

3025.00

−66.76

−44.29
−37.80
−37.80

Output Factor Gross Domestic Product (CNY 100 million) 1639.12 0 0

Zhoushan
Input Factors

Total Energy Consumption (10,000 tons of
standard coal)

Year-end Employment Number of the Whole
Society (10,000 persons)

Investment in Fixed Assets (CNY 100 million)
Carbon Dioxide Emissions (10,000 tons)

2475.83

75.80
1718.56

46,407.00

1996.96

59.14
1541.03

28,211.19

−36.33

−21.98
−10.33
−15.30

Output Factor Gross Domestic Product (CNY 100 million) 1512.11 0 0

We produced Figure 2 in order to intuitively reflect the reduction percentage of the
actual value of each index in the above six prefecture-level cities in Zhejiang Province.

From the calculation results in Table 3 and the comparison of the gap as a percentage
of the actual value of each prefecture-level city in Figure 2, it can be seen that in order to
make the low-carbon economic efficiency of these six prefecture-level cities reach 1, the
total energy consumption, the year-end employment number of the whole society, the
amount of investment in fixed assets, carbon dioxide emissions, and other input factors
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need to be reduced by different percentages. In the reduction percentage, the analysis can
be started from the primary reduction percentage and the secondary reduction percentage.
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Figure 2. The reduction percentage (∆x) of each prefecture-level city by projection.

The first reduction percentage is the primary reduction percentage. Jiaxing, Taizhou,
Jinhua, Quzhou, and Zhoushan have a high total energy consumption of input factors
in the measurement of low-carbon economic efficiency. These five prefecture-level cities
should focus on controlling the total amount of energy consumption input, especially
Quzhou, which is faced with the most difficult task. It is necessary to reduce the total
amount of energy consumption by 66.76% for Quzhou. This can be achieved by increasing
the control of the total amount of energy consumption of coal, oil and related products,
natural gas, etc. Efforts will be made to adjust the low-carbon economic efficiency of these
five prefecture-level cities to be efficient.

The second reduction percentage is the secondary reduction percentage. Taizhou,
Jinhua, Quzhou, and Zhoushan pay minimal attention to the number of labor inputs.
Similarly, the year-end employment number of the whole society in Quzhou needs to
be reduced by 44.29%. Thus, it is possible to adjust Quzhou’s low-carbon economic
efficiency to 1. Labor can be replaced by automated assembly lines, artificial intelligence,
and other means. The laborers can be engaged in innovative work, thus improving the
output efficiency.

The particularity of Wenzhou must also be noted. Wenzhou has a serious redundancy
in carbon dioxide emissions. The Wenzhou Government should attach great importance to
reducing carbon dioxide emissions by 63.44%. Attention should be paid to the development
and use of alternative technologies for fossil energy. There should be efforts made to
develop and utilize renewable energy, such as solar, wind, water, and other energies, to
reduce carbon dioxide emissions to ensure that the actual output reaches optimal efficiency.

4.3. Utilizing the Improved DEA Model to Expand the Proportion of Input

The C2R model and the improved DEA model, namely, Formulas (4) and (5), are
applied to calculate the DEA efficiency value and the input expansion ratio value D of the
low-carbon economic development of nine prefecture-level cities in Zhejiang Province. The
results are shown in Table 4.
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Table 4. The DEA efficiency value and investment expansion ratio value D of nine prefecture-
level cities.

Prefecture-
Level
Cities

Hangzhou Ningbo Wenzhou Jiaxing Taizhou Jinhua Huzhou Quzhou Zhoushan

DEA Efficiency
Value 1.0000 1.0000 0.9665 0.7371 0.8040 0.8544 1.0000 0.6220 0.8967

Investment
Expansion

Ratio D
1.6532 1.0068 0.9665 0.7371 0.8040 0.8544 1.7045 0.6220 0.8967

It can be seen from the calculation results in Table 4 that the low-carbon economic
efficiency of Hangzhou, Ningbo, and Huzhou is relatively efficient. Their input expansion
ratio value D (also referred to as the expansion coefficient.) is 1.6532, 1.0068, and 1.7045,
respectively. Since the expansion coefficient of the three prefecture-level cities is greater
than 1, if all the inputs of the three prefecture-level cities are increased up to 1.6532, 1.0068,
and 1.7045, respectively, the low-carbon economic output of each prefecture-level city will
also increase accordingly. Moreover, it is still relatively efficient to maintain the low-carbon
economic efficiency value. According to the expansion coefficient in Table 4, it can also
be judged that the improvement range of low-carbon economic efficiency in the three
prefecture-level cities is different. Huzhou has the largest proportion of improvement,
while Ningbo has the smallest proportion.

5. Discussion

We should integrate the concept of low-carbon economic development into the eco-
nomic and social development planning of Zhejiang Province, especially in the regions with
low-carbon economic efficiency, such as Jiaxing, Taizhou, Jinhua, and Quzhou. Preferential
policies could stimulate the enthusiasm of enterprises to achieve low-carbon development.
For enterprises that do not carry out technological transformation, seriously pollute the en-
vironment, and consume more energy, local governments in Zhejiang Province could adopt
high fines or limit financing opportunities to reduce the high-carbon economic behavior of
such enterprises.

Zhejiang Province could set Hangzhou, Ningbo, and Huzhou as model cities for
low-carbon economy, as doing so should encourage other prefecture-level cities to actively
carry out green economy management, environmental pollution control, and low-carbon
industrial structure upgrading. It should also advocate the concept of green GDP and
the national happiness index (NHP). Local governments should provide more policy and
financial support for the development of a low-carbon economy. The prefecture-level cities
in Zhejiang Province should also increase their support for low-carbon science, technology
projects, and emerging industries in the form of incentives, loans, and other policies.

In particular, financial support should be provided to emerging low-carbon industries,
and all sectors of society should be guided to support regional low-carbon economic devel-
opment with funds. Enterprises should be encouraged to carry out energy conservation and
emission reduction. This would promote cleaner production and aid in the development
of a low-carbon and circular economy. It would also promote recycling and the efficient
use of resources and energy. Each prefecture-level city in Zhejiang Province should also
actively carry out publicity, education, and training on low-carbon economies and climate
change. Doing so would result in the publicization of national and regional policies for the
development of a low-carbon economy, as well as encouraging and advocating low-carbon
production and lifestyles. Ensuring the awareness of the whole society about developing
a low-carbon economy is recommended, because this, in turn, should result in a better
allocation of resources and an improvement in the efficient use of these elements. Such
efforts could promote the development of a low-carbon economy in Zhejiang Province.
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6. Conclusions and Limitations

Through the analysis and discussion of the above results, we can draw the following
conclusions. A large number of studies have proved that it is efficient and practical to
use the DEA method to measure regional low-carbon economies. However, in view of
the fact that the traditional DEA method cannot rank and analyze the advantages and
disadvantages of DMUs with a comprehensive efficiency value of 1, this study adopts
an improved DEA model, which can not only judge the efficiency of DMUs but also
further rank the efficiency of units to determine the proportion of input and output growth.
Projection analysis can also be used to identify the specific reasons for inefficient DMUs.

In general, the development efficiency of the low-carbon economy in nine prefecture-
level cities in Zhejiang Province continued to improve from 2017 to 2020. However, accord-
ing to the data analysis of the latest year in 2020, we found that there is still large room for
improvement in regard to the efficiency of the low-carbon economy in Zhejiang Province.
We should start with regions with high carbon dioxide emissions in Zhejiang Province,
such as Jiaxing, Taizhou, and Wenzhou. We should learn from the low-carbon economic
development concept of Hangzhou, Ningbo, and Huzhou, and then rely on the advantages
of digital technology to harness new energy, new materials, intelligent networking, and
other industries.

We should increase the use of clean energy and optimize the energy consumption
structure of Jiaxing, Taizhou, Wenzhou, and other prefecture-level cities. Especially in
regions with low low-carbon economic efficiency, we should accelerate the development
of wind, solar, water, and other renewable energy sources to improve energy efficiency.
Taking Jiaxing, Taizhou, Jinhua, and Quzhou as examples, which are characterized by high
energy consumption and outputs, we should vigorously promote the use of clean energy.

This study argues that the means of determining the optimal proportion of labor input,
capital input, and especially energy input, and reducing carbon dioxide emissions as much
as possible is the key to the efficient development of a low-carbon economy and high-
quality development of cities. The projection analysis method and improved DEA model
proposed in this study can provide a methodological reference for other cities to analyze
the causes of the low efficiency of their low-carbon economies and further enhance output.

Two limitations still exist in this study. Although this study estimates the low-carbon
economic efficiency of nine prefecture-level cities in Zhejiang Province, it does not specifi-
cally analyze each industry in each prefecture level city. Due to the different characteristics
and stages of industry development in each prefecture-level city, and as a result of the
limited availability of data and space, this study does not analyze the low-carbon economic
efficiency at the industry level. Moreover, this study identifies the prefecture-level cities
with low low-carbon economic efficiency, but it preliminarily identifies the main factors
of low low-carbon economic efficiency. Furthermore, it does not provide an in-depth
investigation into these prefecture-level cities to understand the underlying causes of low
low-carbon economic efficiency, and the solutions need further in-depth research. Further
details could be discussed in future studies.
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