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Abstract

Carbon emission efficiency (CEE) reflects the interplay between carbon emissions and the econ-
omy, which refers to achieving more economic benefits and lower carbon emissions while consid-
ering energy, labor, and capital inputs. Assessing regional CEE is crucial for evaluating the level of
China’s regional low-carbon economic development. Thus, this paper proposes a scenario-based
hybrid model with a foresight perspective and game cross-efficiency (GCE) analysis. It measures
the future CEE of 41 Yangtze River Delta (YRD) cities from 2023 to 2030. The improved gray
forecasting models generate the input and output datasets for GCE analysis, and the assurance
region constraint simulates the carbon emission and energy consumption dual-control policy.
The results show that: (1) the CEEs of 41 cities are generally low, with an average of 0.2142.
Shanghai has the highest CEE, 0.8089, while Tongling has the lowest, 0.0307, under the current
policy constraint. (2) Under the four control policy scenarios, the CEE of the YRD urban agglom-
eration generally follows a U-shaped trend. It indicates that the dual-control policy may lead to a
short-term decline in the CEE of YRD, but in the long term, it may gradually increase in 2025 or
2026. (3) Spatial-temporal analysis reveals that the government should flexibly optimize and
update the carbon intensity constraint value based on regional development differences and
focus more on energy consumption. These results provide forward-looking guidance for
China’s regional low-carbon and high-quality development.
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Introduction

The accelerating global warming is seriously hindering the sustainable development of human
society. The resulting climate change has become the thorny issue that all humanity needs to
face together in the twenty-first century. Experts agree that the practical strategy is controlling
carbon emissions to promote economic and environmental development together.! As a large
energy consumer and the largest developing country, the Chinese government faces the dilemma
between strengthening the construction of ecological civilization and keeping the increased rapid
economic development speed sustainable.” Since the reform and opening up, China’s carbon emis-
sions have grown fast and had significant characteristics in different stages. According to China’s
13th Five-Year Plan and 14th Five-Year Plan, reaching the carbon peak and achieving carbon neu-
trality are China’s primary goals for sustainable economic and environmental development.
Therefore, formulating scientific carbon emission control policies for the dual carbon goals is
crucial.

However, China is a vast country with cities in different regions having significant differences in
carbon emission levels and development. Cities have substantial spatial differences in carbon emis-
sion levels in eastern, southern, northern, and western China.® These regional spatial differences
lead to the complex situation of carbon emission reduction, which requires comprehensive coord-
ination and mutual support from all regions to form an integrated governance mode. Urban agglom-
erations are a crucial driving force in China’s economic regional integration, significantly
influencing regional economic advancement, and they are also the primary source of carbon emis-
sions in China.* As the core of China’s three major regional development strategies, the Yangtze
River Delta (YRD) is one of the regions with the highest opening and the most active economic
development. Meanwhile, the YRD is also one of the regions with the highest energy consumption
and significant carbon emissions, where fossil energy dominates its energy structure.” The YRD is
in the eastern coastal region and the Yangtze River’s lower reaches. As shown in Figure 1, it
includes Shanghai, Jiangsu Province, Zhejiang Province, and Anhui Province, which consists of
41 cities and is China’s largest urban agglomeration.

The enormous urban agglomerations have also led to differences in economic development,
carbon emissions, technological innovation, industrial structure, and population distribution
among these cities. In 2019, the Chinese government approved the implementation plan for
carbon peaking in the demonstration zone of green and integrated ecological development of the
YRD. With the support of low-carbon policies and technologies, the plan is currently updated
and proposes to reduce energy consumption intensity by 15% and carbon emission intensity by
20% compared with 2020. The implementation plan strives to achieve the carbon peak in 2030
and steadily decline the overall carbon emissions in the YRD after the following years.
Therefore, it is necessary to consider the YRD as a unified system to promote coordinated govern-
ance for carbon reduction aimed at maximizing the economic and ecological benefits of the YRD.
Additionally, the representativeness of the YRD in urban agglomerations development could
provide practical experience for developing carbon reduction policies and paths in other urban
agglomerations, which lays a foundation for further carbon reduction coordinated governance in
China.
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Figure |. The distribution of 41 cities in the YRD.

Scholars usually establish the evaluation system of the economy, environment, and social inter-
action mechanisms based on efficiency evaluation.®” They conduct scientific quantitative analysis
according to the efficiency scores to reflect the contradiction between environment and economic
development. The Data Envelopment Analysis (DEA) is widely applied to measure the system’s
efficiency and evaluate the level and dynamic trend of regional economic and environmental devel-
opment.® With the increasingly severe global warming, the impact of carbon emissions on the
environment and economy has gradually become a crucial influencing factor. Carbon emission effi-
ciency (CEE) is an essential indicator for evaluating the interplay level of carbon emissions and
sustainable economic development. Scholars adopt CEE to analyze the rationality of the proportion
of economic benefits and carbon emissions.”'® Although existing studies have modeled carbon
emissions as undesirable outputs to measure the CEE, they still lack considerations for carbon emis-
sion constraints and simulated policy scenarios. In addition, the existing DEA model research
mainly focuses on post-analysis based on historical data and lacks comprehensive evaluation
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combining policy control and future trends. Therefore, this paper attempts to construct a prospect-
ive analysis framework of regional CEE by combining optimized gray forecasting technology and
DEA technology.

For innovation contribution, this paper applies gray models with the whale optimization algo-
rithm (WOA) to forecast the future value for input and output variables. It solves corresponding
public data scarcity. Moreover, this paper constructs the constraints of regional policies based on
the assurance region (AR). The optimized game cross-efficiency (GCE) model realizes the foresight
analysis of the development efficiency and potential of the decision-making units (DMUs). It could
further adapt to the regional environment change and measure the efficiency difference between
different DMUs to provide more comprehensive and robust evaluation results. The proposed
gray forecasting and DEA hybrid model breaks through the limitations of theoretical methods
from the forecasting perspective and fills the research gap. For practical contribution, this paper
measures and evaluates the CEE of 41 cities in YRD prospectively under the dual control mode
of energy consumption and carbon emission from 2023 to 2030. Unlike the traditional analysis
based on historical panel data, this paper aims to analyze the potential impact of the dual control
policy on CEE in YRD cities based on forecasting trends. It provides future references for the sub-
sequent policy adjustment around dual carbon targets by assessing the coordination between carbon
emission reduction and economic development.

In the following sections, “Literature review” section presents the literature review.
“Methodology” section introduces the proposed models and methodology applied in this paper.
“Empirical analysis and results” section calculates CEE scores for the 41 cities in the YRD from
2023 to 2030 and focuses on the analysis and discussion for policy recommendations.
“Conclusion and policy recommendations” section summarizes the conclusions.

Literature review

Research on China’s carbon emissions

Scholars have researched China’s carbon emissions and produced many valuable results. Existing
studies focus on the driving and influencing factors of China’s carbon emissions, forecasting
China’s carbon emissions, analyzing regional and temporal-spatial impacts of China’s carbon emis-
sions, and measuring CEE.'""12

Regarding driving and influencing factors, Jia et al.'® analyzed the characteristics of CO, emis-
sions and applied the Logarithmic Mean Divisia Index to decompose drivers from the multi-sector
and multi-stage. They proposed that coal is the most significant proportion of China’s CO, emis-
sions growth from 1980 to 2018. They also found that economic output, population size, energy
structure, and industrial structure have various driving effects on China’s CO, emissions growth,
and economic output is the dominant driving effect. Peng et al.'"* systematically explored the
impact of China’s broadband development on carbon emissions from 2008 to 2019 from the per-
spective of digital infrastructure. They demonstrated that digital technology is one of the fundamen-
tal driving forces. Zhao et al.'> compared the carbon emissions from the tributaries of the Three
Gorges Reservoir of the Yangtze River. They found that inorganic carbon in the water contributes
to carbon emissions, while organic carbon has little effect. Their research further proposed that
eutrophication and algal blooms may be the leading producers of carbon emissions in water, and
the carbon input in farming and drawdown areas may be the crucial factor.

In addition, scholars research China’s carbon emissions forecasting, focusing on improving fore-
casting models’ accuracy or exploring regional carbon emissions’ development trends. These
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studies mainly set targets and strategies for future carbon reduction work for the government.'®!”

Regarding analyzing regional and temporal-spatial impacts, Chen'® analyzed China’s spatial impacts of
the circular economy on carbon intensity based on 285 cities from 2009 to 2018. Liu et al."” evaluated
the effect of renewable energy consumption on China’s carbon emission intensity from temporal-spatial
correlation based on 30 provinces’ panel data. Sun et al.>° adopted social network analysis and geo-
graphically weighted regression to analyze the spatiotemporal evolution characteristics of China’s resi-
dential CO, emissions. They proposed that Beijing, Shanghai, and Jiangsu should be the core provinces
for energy transition, while Yunnan, Shanxi, Gansu, Qinghai, and Guizhou should focus on developing
clean energy. Their study indicates that China’s national economic growth should be healthy and sus-
tainable to support the economic environment for China’s energy transition. Considering the importance
of economic development to China’s energy transformation and carbon emission reduction, scholars
also focus on the dynamic evolution of economic development and carbon emission reduction from
the perspective of CEE.?""*

Research on the GCE model and AR restrictions

Considering the complexity of regional CEE in multidimensional assessment, nonlinear adaptabil-
ity, and nonparametric systems, more scholars are inclined to select the nonparametric estimation
method represented by DEA to measure the efficiency.>® Scholars have widely adopted it for per-
formance measurements in various economic, green development, and CEE in YRD.**** Zhang
et al.?® evaluated the differences in the land use CEE of YRD through a three-stage SBM-DEA
model. Wu et al.>” combined the quasi-fixed energy input and DEA models to analyze further
the relationship between the tourism economy efficiency and tourism CEE in YRD. The traditional
DEA model is based on self-evaluation and may need better discrimination.?® The cross-efficiency
(CE) approach simulates the peer-evaluation mechanism. It utilizes the weights of the other units to
assess each DMU.? Thus, the GCE model could generate a complete ranking of DMUs from the
game perspective. The GCE model considers the strategic interactions and cooperation among
decision-makers, accurately reflecting natural competitive environments.*>>' It enables a compre-
hensive analysis of multi-party interests, leading to a more precise efficiency assessment.>>*?

Existing studies have gradually tried to use the GCE model to measure the development effi-
ciency of the YRD. Li et al.** applied the GCE model to measure the inclusive green growth effi-
ciency to explore and compare the YRD’s spatial correlation and cross-regional spillover effect
with other regions. Zhang and Gong> measured manufacturing efficiency in YRD from the
GCE model based on the dynamic change. Though those studies consider the impact of negative
factors, they ignore the modeling of undesirable outputs into the GCE framework, which may
derive a biased result. Moreover, the CE approach can eliminate unrealistic weight schemes, and
decision-makers may have an individual preference for the relative importance of different evalu-
ation indicators. The AR approach reflects the reality of the problem situation, which can avoid the
possible impact of the value of the non-Archimedean infinitesimal and acquire a reasonable distri-
bution of weights.**>" It is of potential value to integrate AR into the GCE model to set carbon
emissions planning of the YRD as the constraint of the satisfaction and consistency to achieve a
more realistic assessment.

Research on the gray forecasting models

Currently, the DEA models still use historical observation data as input and output to achieve post-
mortem analysis, which lacks the forward perspective and limits the target DMUSs’ sustainable
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development’s effective planning and decision-making ability. Therefore, combining forecasting
technology with DEA models is feasible when considering the future development and uncertainty
of China’s economic and carbon emissions. Scholars usually select time series, artificial intelli-
gence, and gray models for carbon emission forecasting.***° Among these models, time series
and artificial intelligence modeling require sufficient samples for reasonable forecasting.
However, the publicly available historical data on regional carbon emissions from the government
is limited. The persistent issues surrounding sensitive data ownership and security have made many
economic development datasets inaccessible. Therefore, the gray forecasting model, suitable for
scenarios with limited data samples and incomplete information, could effectively address these
limitations faced by time series and artificial intelligence models.***!

The gray forecasting models are classified into traditional univariate gray model (GM(1,1)) and
multivariate gray model (GM(1,N)). The minimum sample size for the modeling requirement is
four. Researchers have developed various optimized gray forecasting models in carbon emission
and energy forecasting.*> These studies have made improvements from different perspectives,
including the accumulation mechanism of modeling sequences,*’ gray driving terms construc-
tion,* the structure and parameters of the gray model,* and time-lag impact,*® to enhance the
accuracy of gray forecasting models and expand their application in carbon reduction planning.

Summary of the literature review

Through the above literature review, this paper summarizes the following contents for further
innovation and improvement. The DEA model is a primary method for CEE research because it
can consider the presence of undesired outputs. However, most existing research uses the traditional
DEA model based on the perspective of self-evaluation, ignoring the mutual evaluation mechanism
and the game between DMUs. Meanwhile, the existing DEA model mainly focuses on the post-
evaluation of historical data and lacks continuous decision optimization for future CEE develop-
ment. Many Chinese government public data samples are small and cannot support time series
and artificial intelligence forecasting modeling. The existing CEE assessment studies need to
focus more on the impact of macro policies. It is necessary to add policy constraints to express
the effects of policy intervention. Therefore, this paper combines gray forecasting and GCE
models to provide a forward-looking and comprehensive scientific basis for Chinese regional
carbon emission management based on a realistic empirical case in 41 cities in YRD.

Methodology
The GM(1,1) modeling process

Determine the initial value x”’)(1) of the original sequence. The original sequence can be expressed
as follows.*’

X0 =21, X2, ..., X)) (1)
Calculate the first-order accumulation generation (1-AGO) as follows.
k .
¥ D(n) = Zi:l SV

XD = &P(1), xP@), ...xPn) 2)



Ren et al.

The traditional background value coefficient is 0.5, and the calculation process of background value

7z0(n) is formulated as follows.
D) = 0.5V ) + 1P — 1))
The difference equation of the traditional GM(1,1) can be expressed as follows.

Q) +azPn) = b

3

“)

The parameters [a, b]" could be calculated by the least squares method [a, b’ = (BTB)_IBTY.

x0(2) -2 1
03| p_|-"o) 1
2O —my 1

The differential equation is as follows.

(D
dxd(n) + x(l)(n) b

Therefore, the GM(1,1) can be expressed as follows.*®

b b
Mk +1) = (x“”(l)—E)e—“kJra, k=12, ....n

Through the inverse accumulative generation (IAGO), the forecasting value is

0%+ 1) = 3V*k + 1) — V%)

The GM(1,N) modeling process

The system and related factor sequences constitute the GM(1,N) modeling sequence.
Xgo)(k) represents the system sequence .

49,50

X0 = 1), x02), xX03), ..., xOm))
Xl@ (k) (i = 2)represents the related factor sequences.

X = 1), x02), xXV3), ..., QDm))

XP = D), 02, 03, .. 1Dy

X9 = 1), xX22), X03), ..., xOm)

The 1-AGO of the system and related factor sequences are as follows.

=" 00
X = ), x¥P@), X3y, ... Py
TROED B

®)

(6)

)

®)

€))

(10)
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X = ), xP2), x3), ..., V)

X = Py, x$P2), XP3), ... L) an

X = V1), xP @), X3, ..., P

The traditional GM(1,N) calculates the background value of the system sequence in the same
way as the GM(1,1). Similarly, the traditional method calculates the GM(1,N) coefficients
& = (a, by, b3, ..., by) by using the least squares method & = (B'B)"'BTY based on the system
and the related sequence.

2 I ) ) x(2)
o | —200) G . WG| yo V) (12)
_Z'gif(n) xgii(}a) - xgi(;@) x(f'”'(.")

Then, the expression of the GM(1,N) can be formulated as follows.

N
2000 + azPte) =Y bV k) (13)
i=2
M —ak [ O Ig~, 0 Ig~, o
k+1)=e <x1 (1)—52bix,. (k—|—1)> +EZb,~xi (k+1) (14)
i=2 i=2

According to the IAGO, this paper can obtain the forecasting value for the GM(1,N).”!

The optimization of gray forecasting models

This section optimizes the gray model from the background value and the model structure. This
paper applies the parameter o to represent the weights of adjacent sequence elements of the back-
ground value. The optimized background value is as follows.

&m) = ox V() + (1 — o Dn — 1) (15)

This paper takes the minimum value of gray models’ mean absolute percentage error (MAPE) as the
target constraint. It introduces the optimization algorithm to solve the optimal solution of the model
parameters as follows.

e(i)

F(5c<10)(,'), w) = argmln( Z )(1)

=1
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ZPn) = oxD(n) + (1 — 0)xV(n — 1)

O<w<1
i>2
o 20G) = 20a6) — 206 — 1) (16)
e(i) = X(O)(Z) (O)(l)
F(w) = min— Z 6;)()[())
i

This paper establishes the novel gray forecasting model that uses the WOA to optimize and adjust
the background value.’> The WOA could solve the limitations and shortcomings of the PSO algo-
rithm in the background optimization of the gray model by global optimization and the introduction
of adaptive weights. Considering the algorithm’s time complexity, GM(1,1) based on the WOA
(WOA-GM(1,1)) is suitable for prediction calculation when making linear trend forecasting in
exponential form. However, the development policies of different cities influence the actual
degree of development uncertainly. This paper introduces dummy variables “0” and “1” based
on the traditional GM(1,N) to realize the uncertain related factors and optimize the model structure.
The dummy variables are applied to supplement the uncertain related factor sequences. “0” indi-
cates the weak influence of uncertain factors, and “1” shows the strong impact of uncertain
factors.”

After determining the related sequences associated with the system sequence, the GM(1,N) sup-
plements the initialized uncertain factors sequences behind the known related factors sequences
d;it+1. The related sequences matrix translates as follows.

diy1 =10,0, ...,0,1]

[P0 Lo D] [P0 e D]
L Lo D <0’(1) PP S ()
= . (17)
O 22 L AP0 O 92 L O
Ldii(1) dia (@) ... dipgm] L 0 o ... 1 ]

Based on the MAPE, this paper uses dummy variable “1” to cyclically adjust the dummy variable
sequence. If the MAPE decreases, the initial “0” is changed to “1,” indicating that the uncertainty
factor influences strongly. Conversely, the initial value of “0” remains unchanged, indicating that
the influence of uncertainty factors affects weak. The new related factor matrix is as follows.

S0 0 . S W e o
SHONE AR N0 O 00 . KO
co co e cyclically adjust 607‘1 601‘1 e (I)orl
X0 Q) . xO)
Oorl — Oorl ... Oorl Oorl  Oorl ... Oorl

After supplementing the uncertain sequence to form a new matrix, the new matrix cyclically adjusts
the dummy variables. The overall mechanism cycle ends if the MAPE accuracy is satisfied. On the



10 Energy & Environment 0(0)

contrary, the cycle process of uncertain factor sequences supplement continues. Figure 2 shows the
flow of the entire optimization mechanism.

The background value is also optimized by adopting the optimization algorithm. The new opti-
mized background value is zll)(n)* When i = s, the adjusted matrix H could be restructured as

follows.

- @) @) d)@ d,"(2) ()
H=| 20" B3 . e 46 ") |y~ | | s
—my Py . e dDm . dPe £On)

Following the previous calculation using the least squares method 7 = (H”H) 'H'Y, the model

can be expressed as follow.

2Py =oxVk) + (1 —

x(n) =

oV (k-1), Kk

alzll)(n) +be(1)(n)+ Z c]d(l)(n)

The gray model coefficients are y = (a, by, b3, ...,

=2,3, w € [0, 1] (19)

(20)
Jj=s+1

bs9 Cst1s Cs425 «--» Cl)'

NOJ‘
ot Y WM @) . ) Y P -
npu _~ .
Add initialized = DRI Adjust the 1 or
—— [ > 8 : foq 8 0 to improve [——»<C MAPE Test l
00 x0Q) .. 2O the MAPE _
| Oorl  Oorl Oorl | @
Yes
W) 2@ - ] P
e x(oj) 0) x‘“’: o)) xm; () Yes i < e .
- { i 7 —— Final MAPE Test >
Oorl  Oorl Oorl . i
L Oorl Oorl Oorl | gl

Figure 2. The flow of the cycle-optimized mechanism based on dummy variables.
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This paper names the improved GM(1,N) as the Optimized GM(1,N) with Dynamic Dummy
Variables (DDVOGM(1,N)). The time response function is as follows.

D) = 7D |:x(10)(1) ( Z bix{" )+ Z cjd(l)(n)>:|

Jj=s+1

[be(l)(n)—i— > cjd;”(n)} (n=>2)

j=s+1

2n

Therefore, this paper obtains the final forecasting approximate solution ”(O)(n) by TAGO. Based on
the WOA-GM(1,1) and DDVOGM(1,N), this paper provides the forecasting values A(O)(n) as the
input values X; and output values y,; for the different DMUs to achieve the final foresight
evaluation.

The GCE DEA model

This section treats each city as a producer with m inputs and s outputs. Suppose that each
DMU;(j =1, 2, ..., n) consumes X;(i=1,2, ..., m) forecasting inputs to generate P,(r =
1,2, ...,s) forecasting outputs. Considering the combination of the CE and game theory
concept, this paper expresses the GCE DEA as follows.

K
Max Z /’t(rijj)rj
r=I1

m S

d2 d 3
2 wika— Y S =0, 1=12,....n
i=1 r=1

o~ d
> WXij = 1
=1 "
s.t. ) (22)
aa X Z Wfia — Z HyiSra <0
=1

i=1

a)ijZO,tzl,Z, e, m
,uf]-zO,rzl,L e, S

where a; is a parameter with an initial value given by the average original CE of DMU,;.When the
algorithm finally converges, a; becomes the optimal GCE value. Using the weight of the DMUy,
Eq.(23) defines the CE score of DMU; as follows.

d* 2,

3.
ay ==Y g, 23)

where /ﬂ*(r =1,2, ..., and a)‘f*(i = 1,2, ..., m) are the optimal weights for the forecasting
input %; and the forecastlng output J;, respectlvely For each DMUj, a; =13 ay(d =

1,2, ..., n) can be deemed as the ultimate GCE score of DMU;.
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Consideration of undesirable output and the AR

This section deals with the undesirable outputs using the indirect approach, which uses a monotone
decreasing function to transform the undesirable outputs into “normal” outputs. The conversion
function f(U) = —U is applied, where U represents the set of undesirable outputs. This paper con-
siders the policy limitation targets as ARs. Therefore, the GCE DEA considering undesirable
outputs and AR restrictions can be constructed as follows.

s q
ds d i
Max E Hyi¥rj — E Vbig
r=1 k=1

m s q ~

ds ds d
2} WX — (Zl HyiYri — kZl Ukjbkl> >0
i= r= =

moo s a . (24)
st} aa X Y ofRia — (Z TANEDY UZjbkd> <0
i=1 r=1 k=1
Li<6<U, L<(<Uy
a)ZZO,l: 1’2’ e, m
u‘fizO,rz 1,2, ...,s
Uszo,kzl,Z, s q
where Ek_,-(k =1,2, ..., q) represents the k-th forecasting undesirable outputs of DMU;, and
vfj*(k =1,2, ..., q) is the optimal weights for l;kj. Parameters 6 and &£ are restricted by the

lower (L) and upper (U) bounds, which are calculated by the policy limitation targets. In this
paper, parameter 6 denotes energy consumption intensity, calculated by dividing energy consump-
tion (Unit: 10,000 tons standard coal) and GDP (Unit: billion CNY). Parameter £ denotes carbon
emission intensity, calculated by dividing carbon emission (Unit: 100,000 tons) and GDP (Unit:
billion CNY).

The DEA aims to minimize undesirable outputs when maximizing desirable outputs. Similarly,
the CE score of DMU; with AR can be defined as follows.

q ~
S K = ) oliby
k=1 ,d=1,2,...,n (25)

AR(Zdj =

For each DMUj, a; = %ZZ:I ARagyi(d =1, 2, ..., n)can be deemed as the ultimate GCE score of
DMU; with AR constraint.

However, the DEA reference system constructed by only considering the current cross-section
data cannot evaluate the changes in efficiency scores in a continuous period manner and is also sen-
sitive to abnormal values. Therefore, this paper borrows the idea of the global DEA and constructs a
meta-frontier using the panel data as a standard reference system. The proposed Global AR game
cross-efficiency DEA (GAR GCE) can mitigate results that are not robust due to outliers exits in a
cross-section.
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Suppose that the production possibility set in period ¢ are P (t = 1, 2, ..., T). Then the produc-
tion possibility set of the global DEA includes P’ in all periods as P° = P' U P> u ... PT-' U PT.
Therefore, this paper finally forms the possibility boundary of the whole production set and the
evaluation results of the GAR GCE can be represented by Global ARay;.

The proposed modeling and evaluation steps

Figure 3 shows the framework of the modeling process and evaluation steps. It contains data initializa-
tion, input and output data forecasting, and DEA decision-making based on the CEE of the YRD.

The calculation and evaluation steps of the advanced DEA model combined with the gray fore-
casting perspective are as follows.

Step 1. Collect and select the input and output factors between the target region’s carbon emission and
economic development.

Step 2. Classify the collecting data set according to linear and nonlinear data development characteris-
tics and select the corresponding univariate and multivariate gray forecasting models.

Step 3. Establish the improved gray models.

Step 4. Adopt the MAPE test to evaluate the accuracy of the forecasting data and use the
cycle-optimized mechanism based on dummy variables and the WOA to improve the gray models’
uncertain parameters and background values.

Step 5. Apply the final optimized gray model to forecast the input and output indicators for the proposed
DEA model, respectively.

Step 6. Establish the GCE DEA model based on the input factors and desirable outputs.

Step 7. Set the AR domains according to policy constraints and add the undesirable outputs to construct
anovel GCE DEA model. From a global perspective, transform the novel model into the GAR GCE model.

Step 8. Measure the final score of the DMUs and provide forward-looking future policy recommenda-
tions according to the scores.

Empirical analysis and results

Variable selection

This paper treats each city as a DMU, transforming the forecasting input into the forecasting output vari-
ables under given development conditions between carbon emission and economic development.

The forecasting value of the fixed asset investment (Unit: Billion CNY), energy consumption (Unit:
10,000 tons standard coal), and labor force (Unit: 10,000 persons) are input variables. Regional GDP
(Unit: Billion CNY) and carbon emissions (Unit: 100,000 tons) forecasting values are desirable and
undesirable outputs. Considering the changes and adjustments made by the Chinese government to
the statistical management standards, this paper uses the data from the first year after the change of man-
agement standards as the sample set for gray forecasting models. As shown in Figure 4, the regional
GDP is the desirable output, and carbon emission is the undesirable output.
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Figure 3. The framework of the modeling process.

The inputs and outputs forecasting

This paper collects official statistics from the China Urban Statistical Yearbook and the China
Energy Statistical Yearbook by the National Bureau of Statistics of China as input and output indi-
cators. The carbon emission data set is collected from China’s High-Resolution Emission Gridded
Data. The supplementary file contains the data sample indicators, gray model modeling parameters,
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Figure 4. The input-output production system.

model accuracy, and forecasting results. In this paper, the established gray models whose accuracy
constraint error satisfies less than 10% can meet the input and output requirements.

Considering that this paper focuses on carbon emission data, which has large fluctuations and prom-
inent nonlinear characteristics, this paper selects the DDVOGM(1,N) to forecast carbon emission. The
related factor sequences consist of each province’s virtual variable series of coke production and the
uncertainty influencing factors controlled by the dummy variables. The other four inputs and outputs
have a monotonically increasing trend, and this paper adopts the WOA-GM(1,1) to forecast them.
The period is 2023 to 2030, and the specific model parameters are adjusted according to the model’s
accuracy to ensure the model’s forecasting validity. Table 1 shows the parameters and MAPE of the
DDVOGM(1,N) after passing the accuracy test. Table 2 shows the parameters and MAPE results of
the WOA-GM(1,1) for the regional GDP data. Table 3 shows the descriptive statistical characteristics
of these input and output variables from 2023 to 2030. The supplementary file contains the remaining
gray model application data sample and forecasting results.

After adjusting the appropriate parameters for the 205 groups of the univariate and multivariate
gray models, this paper finally forecasts the input and output variable values. Figure 5 shows the
input and output data of the provincial capitals Shanghai, Nanjing, Hangzhou, and Hefei as exam-
ples in this section. In contrast, Shanghai’s input and output data are more developed, surpassing the
other three provincial capitals. In terms of carbon emissions, all four cities showed a downward
trend. Regarding fixed asset investment, Shanghai, as a municipality directly under the central gov-
ernment, has developed enormously and invested far more than other cities. Hefei shows an upward
trend, reflecting that Anhui Province’s current development strategy focuses on its city construc-
tion. According to the labor force forecasting data, Shanghai and Hefei have steadily increased
yearly. Nanjing and Hangzhou are at risk of declining labor forces.

The CEE evaluation

After calculating the above forecasting input and output variables, this paper selects CCR, GCE,
AR GCE, and GAR GCE models to calculate the CEE scores of 41 cities. The policy constraint
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Table I. The modeling parameter and MAPE of the DDVOGM(I,N).

Gray parameters

MAPE

City A (%) a b G(i=123..)

Shanghai 049 270 205 9449 7517.69, —4404.32, —2228.64

Nanjing 063 218 171 —028 15151.26,281.69, 124.86

Waxi 044 521 164 —2.18 18436.28, —165.66

Xuzhou 089 I.14 2286 130.88 237148.47, —41284.94, 238989.28, —132726.68,
—148906.69, —88022.97, —66535.42

Changzhou 0.83 1.90 591 1060 11459.44, 6798.37, 1237.35

Suzhou 062 3.10 151 —632 —826.03, 38442.69, 1583.89, 515.68

Nantong 069 1.62 278 —035 15939.78, —2419.92, 1745.52

Lianyungang 078 1.32 398 398 4205.19, 1363.04, —1392.77, 452.77

Huaian 072 3.60 237 277 3168.16, 1693.99, —299.88

Yancheng 069 5.69 155 140 2571.18, 646.58, |176.46, 508.28

Yangzhou 069 1.13 251 —129 1263.224, 936349, 521.01, 408.62, 395.79,565

Zhenjiang 062 273 223 227 3437.14, 143453, 1704.88, 1346.02

Taizhou 062 3.63 137 —1.11 —210.22, 6899.72, 177.47,160.37

Sugian 089 124 10.90 722 5339.58, 4608.44, 775.39

Hangzhou 076 03I 381 8222 9807.44, 1998.67, —511.86, 513.05, 2456.03, 801.83

Ningbo 061 3.09 164 6320 3416.02,2312.99, =919.33

Wenzhou 095 0.63 1881 189.20 21761.86, 6885.24, —253.56, —3978.90

Jiaxing 096 0.72 2535 307.10 41257.34, 9743.67, 5525.36, —6541.98, 7253.58

Huzhou 088 1.78 6.96 5267 9442.00, 4082.65, 2064.32

Shaoxing 083 1.30 9.89 14881 15648.82, 1145353, 1522.58

Jinhua 0.64 1.50 2.19 2345 1813.53,2081.88

Quzhou 0.80 0.74 484 4321 513864, 1177.87, —296.50

Zhoushan 062 6.09 140 186 749.06, —856.72, 283.16, 1817.63, 189.98, 295.32,
~203.92

Taizhou 0.80 230 447 4001 10045.14, 4201.82, —4902.70, 1707.77

Lishui 088 1.30 770 1749 2893.77,716.60, 525.19

Hefei 0.66 3.02 1.87 447 188822, 1150.710, 657.08, 282.34, —148.76

Wuhu 067 138 232 584 1061.77, 489.34, —1210.65, 834.51, 245.25

Bengbu 0.66 3.42 191 300 595.12, —484.60, —317.22, 92.83

Huainan 0.64 165 233 1358 —643.63, 67349

MaanShan 055 232 180 839 —1923.71,-796.11, 1011.45

Huaibei 071 1.70 371 1280 —5029.10, 1613.65, —3056.78, 2826.50

Tongling 068 262 236 48] —23577, 1865.66, —873.41, 516.43

Anging 0.64 275 188 468 3.46, —543.78, —757.16, 420.87

Huangshan 061 562 130 038 177.87, 103.76, 96.19, —84.47, 40.71, 7.29

Chuzhou 069 177 248  3.06 1657.87, 183.93

Fuyang 073 218 393 722 —861.00, —1339.12, 1813.30, 876.33, 765.13

Suzhou (Anhui)  0.82 0.83 554 552 2220.15, 466.87, 1514.85, 77420, 202.70

Luan 065 1.99 272 086 114871, 487.98, 264.38

Bozhou 072 186 345  0.87 2555.65, 1680.63, 671.72, 347.32

Chizhou 066 335 231 095 89229, 301.04, 378.02, 320.72

Xuancheng 052 28I 148 084 1038.09, 20.95, 262.89, 289.02

Note: The modeling parameter ¢; is the dummy variable. The specific number is determined according to the carbon
emission forecasting MAPE of the target city. The parameter sequence from left to right is Item | to Item i.
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Figure 5. The forecasting trend of input data and output data of the provincial capitals. (a) The forecasting
trend of fixed asset investment in the provincial capitals; (b) The forecasting trend of energy consumption of
the provincial capitals; (c) The forecasting trend of the labor force of the provincial capitals; (d) The
forecasting trend of regional GDP of the provincial capitals; (€) The forecasting trend of carbon emissions of
the provincial capitals.

factor is determined by a 15% reduction in energy consumption and a 20% reduction in the intensity
of carbon emissions.

Table 4 shows the average CEE scores of different DEA models for the 41 cities from 2023 to
2030. The result shows that the average CEE scores of CCR and GCE are 0.5177 and 0.4266 when
the energy consumption and carbon emission limits are not considered. Considering energy con-
sumption and carbon emission constraints, the average CEE scores of AR GCE and GAR GCE
are 0.4031 and 0.2142, respectively. It is noted that the traditional DEA models have the highest
evaluation of CEE detached from the actual economic development of the YRD and entirely
ignore the contradiction and impact of carbon emissions and energy consumption on the
economy and industry.

Regardless of the policy constraints of development, the productivity of the YRD can produce
specific economic gains when given fixed input. However, considering the policy constraints and
input levels remain unchanged, the output development may be restricted, and its efficiency value
may be lower than that of the development environment without policy constraints. Among them,
GAR GCE applies all-year DMUs as the reference, which leads to changes in the reference front
and an increase in DMUs. In contrast to AR GCE, GAR GCE further includes DMU frontiers
each year. As the projection area increases, the ratio of the distance from the origin to the DMU
and the projection distance from the origin to the front surface decreases, causing the CEE to
decrease. The result reveals that the industry’s energy pollution and high carbon emissions have
decreased the CEE. Therefore, the YRD government departments must effectively coordinate
between economic development and carbon emissions and alleviate the pressure of carbon
peaking development.
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Table 2. The model parameters of WOA-GM (|,1) for regional GDP forecasting.

Gray parameter

City a b A MAPE (%)
Shanghai —-0.08 29270.52 0.71 1.83
Nanjing -0.07, 11565.69 0.55 0.48
Wauxi —-0.04 10983.48 0.50 0.13
Xuzhou -0.21 3333.29 0.40 373
Changzhou —-0.26 2903.35 0.40 4.90
Suzhou —0.04 17875.83 0.45 0.18
Nantong -0.09 7850.88 0.55 0.54
Lianyungang —0.08 2560.26 0.6l 1.08
Huaian —0.05 3386.79 0.57 0.44
Yancheng —-0.04 5291.57 0.48 0.06
Yangzhou —-0.05 5178.29 0.59 0.45
Zhenjiang —-0.02 3969.32 0.47 0.05
Taizhou —-0.02 5016.03 0.25 0.39
Suqian —-0.08 2573.33 0.59 0.91
Hangzhou —-0.08 12042.56 0.6l I.10
Ningbo -0.07 9988.99 0.63 0.98
Wenzhou —-0.07 5687.84 0.60 0.73
Jiaxing —-0.06 4679.82 0.65 0.93
Huzhou —-0.08 2551.38 0.67 1.48
Shaoxing —-0.05 5138.25 0.56 0.36
Jinhua -0.07 3934.50 0.64 0.98
Quzhou —-0.05 1401.38 0.56 0.36
Zhoushan -0.07 1201.17 0.40 0.75
Taizhou —0.04 4726.16 0.60 0.35
Lishui —-0.05 1345.50 0.54 0.20
Hefei —-0.12 6888.86 0.59 1.61
Wuhu -0.07 3058.78 0.6l 0.8l
Bengbu —-0.09 1584.05 0.71 222
Huainan —-0.08 1047.49 0.65 1.35
MaanShan —0.06 1797.79 0.61 0.79
Huaibei -0.22 482.31 0.36 5.87
Tongling 0.11 1387.14 0.89 4.08
Anging —-0.12 1781.76 0.65 24|
Huangshan —0.11 621.34 0.64 1.99
Chuzhou -0.22 1658.03 0.63 6.24
Fuyang —-0.20 1594.60 0.64 5.53
Suzhou (Anhui) —-0.11 1500.72 0.65 2.14
Lu’an -0.26 618.76 0.33 8.97
Bozhou —0.44 257.59 0.41 9.6l
Chizhou —-0.30 268.57 0.40 6.51
Xuancheng -0.33 427.82 0.40 7.07

Figure 6 reveals that the fluctuation trend of these four models’ CEE evaluation results is
similar, proving that the proposed model is generally reasonable. For each DMU, the evaluation
results of traditional CCR models are usually higher than those of other models. As for the proposed
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Table 3. The descriptive statistical characteristics of input-output variables (2023-2030).

Variables Units Maximum Minimum Mean SD

Input variables Fixed asset Billion CNY 489.82 9.73 12846 885l
investment
Energy consumption 10,000 tons standard  4818.51 85.80 829.80 766.79
coal

Labor force 10,000 persons 2433.51 5.83 110.51 224.50
Output variables Regional GDP Billion CNY 779.61 10.51 103.01 111.63
Carbon emissions 100,000 tons 2261.55 64.55 481.85 435.55

GAR GCE, it can be shown that the efficiency values are relatively stable, and it also has a reason-
able degree of differentiation for well-performing DMUs.

The spatial-temporal analysis

This paper further combines the CEE score from 2023-2030 as measured by GAR GCE. It simu-
lates four development scenarios under the policy restrictions. Table 5 shows the control policy
constraint adjustment.

The GAR GCEI1 means that from 2023 to 2030, 41 cities in the YRD will be relaxed constraints
in the direct dual-control policies for 15% energy consumption and 20% carbon intensity reduction.
It still focuses on the long-term economic development. The GAR GCE2 indicates that the 41 cities
must comply with the 20% reduction in energy consumption and flexible reduction in carbon emis-
sion intensity. GAR GCE3 means that these cities will adopt more liberal policies on energy con-
sumption but still maintain the 15% reduction in carbon emission intensity. GAR GCE4 is the
current policy scenario.

As shown in Figure 7, under these four control policy scenarios, the CEE of the YRD city
agglomeration is approximately U-shaped from 2023 to 2030. On the one hand, the figure reflects
and verifies that in a hypothetical scenario with a given fixed input, when the intensity of policy
constraints gradually becomes more robust, the constraints of DMUs in seeking to maximize the
output may gradually increase, resulting in inefficiency, and eventually the CEE value decreases.
On the other hand, the amplitude and trend of the four development curves change also show
that the introduction of restrictive policies needs time to adapt and update on time. It shows
room for improvement of the current dual-carbon control indexes in the YRD. As time goes by,
the dual-carbon control indexes need to be flexibly optimized to meet the needs of high-quality
development of the YRD.

For further policy suggestions based on the results of the CEE under the gray forecasting per-
spective, this paper combines with the measurement results in Table 6. Table 6 shows the different
CEE scores of these 41 cities’ ranks under different dual-policy simulations. Through these scen-
arios, Shanghai ranks first or second. Suzhou, Changzhou, Nanjing, Wuxi, and Bozhou remain
among the top 10 CEE cities.

This paper selects the natural break point method in GIS research to divide the CEE of these
cities into four levels. Table 7 shows the four different interval levels under the dual-control pol-
icies. The CEE evaluation levels are as follows: low efficiency (IV), moderately low efficiency
(II), moderately high efficiency (II), and high efficiency ().
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Table 4. The evaluating results of the selected DEA models.

City/year CCR GCE AR GCE GAR GCE
Shanghai 1.0000 0.7118 0.7136 0.8089
Nanjing 0.7710 0.6106 0.6249 0.4485
Wauxi 0.7468 0.5732 0.6480 0.4086
Xuzhou 0.4938 0.4500 0.4368 0.1669
Changzhou 0.8730 0.7864 0.8389 0.4831
Suzhou 0.8497 0.5467 0.6328 0.5252
Nantong 0.5528 0.5051 0.4461 0.2368
Lianyungang 0.4154 0.3616 0.2854 0.0952
Huaian 0.3141 0.2984 0.2686 0.0868
Yancheng 0.3317 0.2924 0.2330 0.0777
Yangzhou 0.3899 0.3637 0.3289 0.1217
Zhenjiang 0.3239 0.2691 0.2700 0.0839
Taizhou 0.2700 0.2338 0.1797 0.0679
Sugqian 0.5399 0.4422 0.3304 0.1113
Hangzhou 0.5664 0.5013 0.4217 0.2392
Ningbo 0.4760 04316 0.4530 0.2112
Wenzhou 0.5723 0.4519 0.3101 0.1347
Jiaxing 0.3715 0.3341 0.3252 0.1854
Huzhou 0.3466 0.2985 0.3060 0.1813
Shaoxing 0.2976 0.2675 0.2520 0.1437
Jinhua 0.3385 0.3066 0.2732 0.1330
Quzhou 0.2892 0.2417 0.2701 0.1440
Zhoushan 0.4805 0.2729 0.1646 0.0614
Taizhou 0.3325 0.3237 0.3224 0.1468
Lishui 0.4012 0.3326 0.2600 0.1086
Hefei 0.5840 0.4937 0.3816 0.1802
Wuhu 0.2993 0.2644 0.2430 0.0852
Bengbu 0.3365 0.3130 0.3016 0.1236
Huainan 0.2491 0.1903 0.2252 0.1187
Maanshan 0.3888 0.2656 0.2988 0.1013
Huaibei 0.8343 0.5071 0.5696 0.1863
Tongling 0.1335 0.1051 0.1067 0.0307
Anging 0.7045 0.4980 0.4467 0.2199
Huangshan 0.5275 0.4401 0.4452 0.2801
Chuzhou 0.6708 0.6347 0.6195 0.2758
Fuyang 0.5345 0.4794 0.4050 0.1556
Suzhou (Anhui) 0.2882 0.2141 0.1294 0.0809
Lu’an 0.8432 0.6470 0.4475 0.3379
Bozhou 1.0000 1.0000 1.0000 0.5769
Chizhou 0.6585 0.5535 0.6116 0.3168
Xuancheng 0.8290 0.6757 0.7021 0.2996
Average Efficiency 0.5177 0.4266 0.4031 0.2142

Figure 8 shows the overall CEE distribution of 41 cities in the YRD in the future. Most cities are
in level Il and level IV. From the perspective of overall spatial distribution, the cities with low CEE
mainly concentrate on the north of Jiangsu and Zhejiang Province. In Jiangsu Province, the high
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Figure 6. The results of the DEA models under different constraints.
Table 5. The four control policy scenarios based on the GAR GCE model.
Assurance region (control target)/scenarios GAR GCEI GAR GCE2 GAR GCE3  GAR GCE4
15% energy consumption intensity reduction  Relax Strict Relax Strict
20% carbon emission intensity reduction Relax Relax Strict Strict

CEE cities are mainly in the eastern and southern regions, and other low CEE cities are in the central
and northern regions. Unlike Zhejiang Province and Jiangsu Province, Anhui Province mainly
develops agriculture, and the CEE in Anhui Province is generally close to the moderately low
level. However, as a significant economic province, the CEE of the cities in Zhejiang province
are unsatisfied. After 2023, the Zhejiang government should gradually adjust the balance
between economic and green development to suit the complex industrial structures.

From the perspective of cities, Shanghai, Suzhou, and Bozhou have ideal CEE scores regarding the
cities’ CEE results. Among them, Shanghai and Suzhou’s overall economic development mode is
leading in YRD, with developed services and high-tech industries. It reflects that their economic activities
depend more on high-tech industries. Although Suzhou has relatively little heavy industry and high carbon
industries, its overall CEE performance is still acceptable. Due to the previous unsatisfactory national
environment assessment, Bozhou has vigorously carried out environmental protection work. Its CEE
may be stable and second only to Shanghai in the future. It manifests the Bozhou government’s environ-
mental protection work’s effectiveness in the current stage and verifies the simulation’s effectiveness.
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Figure 7. The average CEE score in the 4| cities of YRD.

However, the CEE scores of Wuxi, Changzhou, Nantong, and Nanjing are above moderate.
These cities are located next to each other, and the economic development of these cities
exceeds most cities in Anhui Province. These cities’ industrial structures are still changing from
heavy industry and traditional manufacturing industries to high-tech industries, and their CEE
scores still have developed space to level I in the future. However, the industrial transfer of
these cities also affected the CEE development of Xuzhou, Huaian, Zhenjiang, and Yangzhou in
northern Jiangsu to a certain extent. It also led to the two-level differentiation of CEE in Jiangsu
Province under the four dual-control policy simulations.

Conclusion and policy recommendations

Conclusion

Firstly, this paper selects the DDVOGM(1,N) and the WOA-GM(1,1) to forecast regional carbon
emissions and other input and output datasets for economics and energy. The MAPE values dem-
onstrate acceptable forecasting accuracy, which verifies the validity of the prospective perspective.
The forecast results indicate that Shanghai’s input and output data are more advanced than the other
three provincial capitals. Regarding carbon emissions, all four cities exhibited a decreasing trend.

Next, in addition to the CCR and GCE models, this paper constructs the AR GCE and GAR GCE
models to calculate the CEE scores. The findings reveal that without considering energy consump-
tion and carbon emission limits, the average CEE scores for CCR and GCE are 0.5177 and 0.4266.
However, considering the energy consumption and carbon emission constraints, the average CEE
scores for AR GCE and GAR GCE decrease to 0.4031 and 0.2142, respectively.
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Table 6. The CEE score of the cities under the dual-control policies simulations.
GAR GCEI GAR GCE2 GAR GCE3 GAR GCE4

Cities CEE Rank CEE Rank CEE Rank CEE Rank
Shanghai 0.73 2 0.80 2 0.73 | 0.8l I
Nanjing 0.43 7 0.46 7 0.42 5 0.45 5
Wouxi 0.46 5 0.50 6 0.37 6 0.41 6
Xuzhou 0.19 18 0.17 22 0.18 18 0.17 20
Changzhou 0.45 6 0.50 5 0.44 4 0.48 4
Suzhou 0.73 I 0.82 I 0.47 3 0.53 3
Nantong 0.23 15 0.24 16 0.23 14 0.24 13
Lianyungang 0.11 33 0.10 34 0.10 31 0.10 33
Huaian 0.10 35 0.09 35 0.09 37 0.09 34
Yancheng 0.09 38 0.08 38 0.08 38 0.08 38
Yangzhou 0.14 27 0.12 31 0.13 26 0.12 28
Zhenjiang 0.09 39 0.09 36 0.08 39 0.08 36
Taizhou 0.08 40 0.07 40 0.07 40 0.07 39
Sugian 0.11 32 0.12 32 0.11 30 0.11 30
Hangzhou 0.23 16 0.24 15 0.23 13 0.24 12
Ningbo 0.21 17 0.22 17 0.20 15 0.21 15
Wenzhou 0.14 28 0.14 28 0.13 24 0.13 25
Jiaxing 0.17 21 0.19 20 0.17 19 0.19 17
Huzhou 0.17 20 0.19 19 0.17 20 0.18 18
Shaoxing 0.13 29 0.14 26 0.14 23 0.14 24
Jinhua 0.13 31 0.13 29 0.13 28 0.13 26
Quzhou 0.15 23 0.17 23 0.13 25 0.14 23
Zhoushan 0.13 30 0.06 41 0.10 34 0.06 40
Taizhou 0.15 25 0.15 25 0.14 22 0.15 22
Lishui 0.10 36 0.11 33 0.10 32 0.11 31
Hefei 0.18 19 0.18 21 0.18 17 0.18 19
Wuhu 0.11 34 0.09 37 0.10 36 0.09 35
Bengbu 0.14 26 0.13 30 0.13 27 0.12 27
Huainan 0.65 3 0.52 4 0.12 29 0.12 29
Maanshan 0.15 24 0.14 27 0.10 33 0.10 32
Huaibei 0.38 9 0.32 Il 0.19 16 0.19 16
Tongling 0.04 4] 0.03 18 0.03 4| 0.03 41
Anging 0.38 8 0.25 14 0.25 12 0.22 14
Huangshan 0.25 14 0.28 12 0.25 I 0.28 10
Chuzhou 0.27 13 0.28 13 0.26 10 0.28 Il
Fuyang 0.16 22 0.16 24 0.16 21 0.16 21
Suzhou (Anhui) 0.10 37 0.08 39 0.10 35 0.08 37
Lu'an 0.32 I 0.33 9 0.33 7 0.34 7
Bozhou 0.59 4 0.59 3 0.57 2 0.58 2
Chizhou 0.33 10 0.35 8 0.30 8 0.32 8
Xuancheng 0.30 12 0.31 10 0.29 9 0.30 9

Finally, this paper simulates four development scenarios under the policy restrictions. Under the
four control policy scenarios, the CEE of the YRD urban agglomeration generally follows a
U-shaped trend from 2023 to 2030. From the forecasting perspective, the overall CEE has a
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Table 7. The four different interval levels under the dual-control policies simulation.

Level/situation simulation

GAR GCEI

GAR GCE2

GAR GCE3

GAR GCE4

|

Il
1l
v

(0.4554, 0.7327)
(0.3257, 0.4554)
(0.1900, 0.3257)
(0.0423, 0.1900)

(0.5865, 0.8205)
(0.3501, 0.5865)
(0.1868, 0.3501)
(0.0337, 0.1868)

(0.4743, 0.7345)
(0.3284, 0.4743)
(0.1773, 0.3284)
(0.0342, 0.1773)

(0.5769, 0.8089)
(0.3379, 0.5769)
(0.1863, 0.3379)
(0.0307, 0.1863)

0.1900-0.3257
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Figure 8. The distribution of CEE under four dual-control policies. (a) The distribution of CEE under the
GAR GCEl; (b) The distribution of CEE under the GAR GCE2; (c) The distribution of CEE under the GAR
GCE3; (d) The distribution of CEE under the GAR GCE4.
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high space for growth in future development. The YRD government could dynamically adjust
carbon emission limit indicators and coordinate the interaction between economic development
and carbon emissions.

The proposed hybrid model could also apply a practical framework to forecast and estimate
future CEE in other Chinese regions and guide the formulation of regional green development pol-
icies. However, this paper has some limitations, which could be further explored in future research
endeavors. In this paper, the hybrid model construction for CEE assessment mainly focuses on the
perspectives of the economy, energy, and carbon emissions. However, it does not consider the
impact of natural environmental factors on CEE, especially the effect of the water quality of the
Yangtze River on carbon emissions in the YRD. Considering the influence of the water quality
of the Yangtze River on regional carbon emission is a promising issue worthy of attention.
Some previous studies have shown that water resources in the YRD have some correlation with
regional carbon emission reduction planning.>* The organic matter and microorganisms in the
water of the Yangtze River could release a certain amount of greenhouse gases, such as CO,
and CHy, which form the carbon balance of the water ecosystem with the photosynthesis of
aquatic plants in the Yangtze River.”>”° It is worth the attention that the deterioration of water
quality in the Yangtze River may enhance the activity of microorganisms in the water, accelerate
the conversion of organic carbon to inorganic carbon, and increase carbon emissions. The pH of the
water quality may also affect the carbon emission of the Yangtze River to varying degrees.
Therefore, it is meaningful for this paper to introduce quantitative indicators of Yangtze River
water quality based on the proposed hybrid model as future work to form a novel CEE prospective
assessment system linking economy, energy, water quality, and carbon emissions. This paper could
further determine the uncertain factors, replace the existing dummy variable matrix for forecasting
accuracy, and strengthen the effectiveness of the foresight perspective. It may also measure the cor-
responding CEE of other city agglomerations and further explore CEE’s improvement potential
among different regions in China.

Policy recommendations

First, the dual-control ratio of energy consumption and carbon emission intensity should be appro-
priately adjusted, and the pressures between economic development and carbon emissions should
be mitigated. In this paper, under the dual constraints of energy consumption and carbon emission
limitation, the overall carbon emission in the YRD shows a decreasing trend. Governments need to
achieve reasonable coordination between economic development, energy saving, and carbon emis-
sion reduction through reasonable and flexible policy regulation. As the economic development
center of southeast China, The YRD has the potential to take the lead in achieving regional inte-
grated green development in the future. Therefore, the 41 cities should choose a dynamic ratio
for flexible regulation because of the sensitive effect of dual control on economic development
to achieve the optimal allocation of energy consumption and carbon emission intensity control.
Second, optimize the industrial allocation in the YRD and formulate development policies cen-
tering on regional industrial and energy structures. The regional industrial structure and layout of
the YRD are complex. Anhui mainly develops in agriculture, and the north of Jiangsu has many
industrial enterprises. Zhejiang province has a more mixed, multi-industry structure. Therefore,
the regional government should formulate suitable low-carbon policies for the leading industries
in their respective regions. It is practical to carry out appropriate transformation and adjustment
according to the industrial regional layout of 41 cities. Governments should appropriately guide
some developed cities to achieve industrial transformation and invest in economic support for
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their low-carbon development. It is advisable to formulate relatively strict energy consumption
intensity limits and reasonable carbon emission intensity limits for high-tech cities such as
Shanghai and Suzhou.

Third, promote the integration process of green development in the YRD and further realize the
coordinated and sustainable development of the regional economy. This paper shows similarities in
high industrial structures in some regions of the YRD, and the industrial differences among pro-
vinces and cities are apparent. The incentive policy to accelerate the integration will effectively
promote the rational allocation of cross-provincial resources, strengthen the development cooper-
ation, and form the complementary advantages of the leading industries of each city. It is necessary
to weaken the similarity of the industrial structure in the YRD and reduce the repetitive construction
of infrastructure and the discharge of environmental resource waste through regional economic
integration. Through the incentive policies for green industry-integrated development of the
YRD, introducing high-tech green industries to provinces and regions with low CEE could
enhance the development intensity of clean energy and low-carbon technology and optimize the
basic construction layout.
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