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Urban agglomeration has become a unique form of cities during the rapid
development of emerging economies. With the increasing attention on global
energy and environmental efficiency, air quality evaluation and pollution control have
become important standards to measure the health and orderly development of
such agglomerations. Based on panel data of 60 cities in the three major urban
agglomerations of Beijing-Tianjin-Hebei (BTH), Yangtze River Delta (YRD), and Pearl
River Delta (PRD), this study uses the Modified MetaFrontier Dynamic SBM model to
evaluate their air quality over the 5-year period of 2013–2017. The results present that
the development level of air pollution prevention and control in China’s three major
urban agglomerations is relatively low, and YRD as the most developed area has the
worst effect of air pollution prevention and control. The MetaFrontier and Group Frontier
Efficiency analysis confirms the conclusion of the cluster analysis that a significant two-
level differentiation exists in China’s three urban agglomerations. Moreover, China’s three
major urban agglomerations are still in the stage of high energy consumption and high
development. Lastly, we point out different recommendations for industrial structure and
governance foci of the three major urban agglomerations. Dust prevention technology
should be improved to reduce PM2.5 in BTH, desulfurization technology should be
enhanced to cut industrial SO2 emissions in YRD, and better emission reduction targets
and other targeted measures should be formulated in PRD.

Keywords: urban agglomeration, air quality, efficiency evaluation, Modified MetaFrontier Dynamic SBM model,
PM2.5

Abbreviations: BTH, Beijing-Tianjin-Hebei; YRD, Yangtze River Delta; PRD, Pearl River Delta; DEA, data envelopment
analysis; SBM, slack-based measures; AQI, Air Quality Index; DMU, decision making unit; GDP, gross domestic product;
MFE, MetaFrontier Efficiency; GFE, Group Frontier Efficiency; TGR, technology gap ratio.
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INTRODUCTION

With the development of economic globalization and regional
integration, the degree of agglomeration between cities has
significantly improved, and urban agglomerations are emerging
with one or more large cities or mega-cities as their core.
For example, the Northeast Megalopolis1 in the northeast of
the United States, the Great Lakes Megalopolis2 in North
America, the Pacific Coastal Urban Agglomeration3 in Japan,
the London Metropolitan Area,4 the Northwest European
Urban Agglomeration, and the Yangtze River Delta (YRD)
in China have become universally recognized world-class
urban agglomerations. Gottmann (1957) believes that urban
agglomeration as the core of a region has a great impact
on the region’s political, economic, cultural, and other fields.
Different from the past, urban agglomeration has gradually
replaced the single city as an independent unit of development
and research subject. However, environmental pollution and air
quality problems in urban agglomerations have become more
and more serious, thus attracting broader scholarly research and
attention, such as the famous Great Smog of London (Polivka,
2018), the Donora Smog (Jacobs et al., 2018), and the dead lakes
caused by industrial acid rain in North America. Governments
and international organizations around the world have issued
corresponding agreements to combat air pollution, such as the
ASEAN Agreement on Transnational Haze Pollution (2002),
Montreal Protocol (1987), etc. The research results on air quality
evaluation of urban agglomerations conform to the direction and
focus of global environmental protection.

China’s own urban agglomerations have been developing
rapidly in recent years. City cluster areas driven by urban
agglomerations are now a huge influence space for attracting
domestic and international businesses. Located respectively in
North China, East China, and South China and accounting
for about 1/5 of China’s total population and 34.2% of its
gross domestic product (GDP) (2017),5 Beijing-Tianjin-Hebei
(BTH), YRD, and PRD are the three most representative
urban agglomerations in the country and cover Beijing (BTH),
Shanghai (YRD), Guangzhou (PRD), Shenzhen (PRD), and other
dominant political, cultural, economic, financial, and first-tier
cities. YRD is especially one of the premier world-class urban
agglomerations6 and has had important economic and social
impacts on the world.

The China government has paid attention to the air pollution
caused by economic development and approved the Action
Plan For the Prevention and Control of Air Pollution in 2013,
which shows it is attaching great importance to environmental
governance, energy conservation, and emission reduction, but
the actual outcomes are not optimistic. In 2019, among 337

1New York is the center.
2Chicago is the center.
3Tokyo, Nagoya, and Osaka are the centers.
4London is the center.
5Source: China National Bureau of Statistics, 2017.
6Source: 2010 China Urban Agglomeration Development Report, Science Press
(2011), Chuanglin Fang.

prefecture-level and above cities in China, only 157 met the
standard of ambient air quality, accounting for 46.6% of the
total number of cities, while the ambient air quality of 180 cities
exceeded the standard, accounting for 53.4%.7 Therefore, it is of
great practical significance to evaluate the air quality efficiency of
typical urban agglomerations in China.

Most international research studies on air quality efficiency
evaluation are based on single cities (Kassomenos et al., 2012;
Yotova et al., 2016) and the whole country (Aleksandropoulou
et al., 2012; Wang and Wang, 2019; Zhou et al., 2020) as research
objects, or they do not focus on efficiency, but rather other
kinds of evaluations of air or environmental quality in urban
agglomerations (Chen et al., 2017; Wang Y. et al., 2017; Xu L.
et al., 2019; Yu et al., 2020; Zhang et al., 2020). Few researchers
have actually studied the efficiency evaluation and improvement
of air quality in important urban agglomerations around the
world such as China’s three major urban agglomerations in this
study at present. In terms of economic level or geographical
location, urban agglomerations offer great research value. While
they are economically developed and densely populated areas,
their air quality has significant impacts on people’s lives such
as giving rise to traffic accidents and air pollution diseases.
Therefore, this article not only offers great practical significance,
but also can fill the existing research gaps. Our study also presents
suggestions for the three urban agglomerations on air quality
improvement and economic coordinated development.

Based on the efficiency evaluation perspective of the input–
output method, this article constructs the Modified MetaFrontier
Dynamic SBM model, using Employment Population and
Energy Consumption per Unit of GDP as input indicators
and GDP, Industrial SO2 Emissions, PM2.5, and Industrial
Smoke Dust Emissions as output indicators to calculate
the MetaFrontier Efficiency (MFE), Group Frontier Efficiency
(GFE), and TGR and to evaluate the air quality of 60 cities
in these three urban agglomerations from 2013 to 2017.
We also include the Fixed Asset Investment indicator as a
carry-over variable to subdivide the change and impact of
air quality over the time series. The results of this article
offer forward-looking significance and innovative value for
environmental evaluation and air governance of world-class
urban agglomerations.

LITERATURE REVIEW

Air quality evaluations are presently divided into three
directions as follows.

Air Quality Efficiency Evaluation Based
on Data Envelopment Analysis Methods
The data envelopment analysis (DEA) approach is widely
employed for evaluating air pollution by composing
environmental efficiency of different entities in public or
private sectors (Sueyoshi et al., 2017). Some advanced DEA

7Source: Bulletin on the State of China’s Ecological Environment in 2019, Ministry
of Ecological Environment of China.
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models are constructed to measure the environmental efficiency
of CO2 emissions by generating multiple variables into one index,
such as the slack-based measure (SBM; Tone, 2003), directional
distance function (Song and Wang, 2018), two-stage DEA model
(Hu et al., 2018), and meta-frontier DEA model (Ding et al.,
2020). Additional emissions of atmospheric particles are also
taken into consideration to scale the environmental efficiency
of decision making units (DMUs). Under the DEA framework,
Zaim (2004) consider NO, SO2, and CO as the major indices to
reflect the negative influence upon air quality, while Sueyoshi and
Yuan (2015) use PM2.5 and PM10 to measure environmental
efficiency. Wang et al. (2013) select CO2 and SO2 as the major air
pollution emissions and use DEA window analysis to estimate
regional total-factor energy and environmental efficiency of
different regions in China. Zhou et al. (2018) apply the AQI
to calculate China’s air quality, which includes NO, SO2, CO,
PM2.5, and PM10. Halkos and Polemis (2018) construct a hybrid
window DEA model to calculate the environmental efficiency
of the 50 states in the United States, taking CO2, Nox, and SO2
into consideration as undesirable outputs. These studies show
that the DEA model has good applicability to air quality analysis,
especially on a spatial scale.

Many comprehensive methods such as the DEA model are
combined with other models or indices and used in studies,
like the SBM model, GML productivity index, and panel Tobit
model being combined to study pollution emission efficiency.
One work finds that pollution emission efficiency in China has
improved, but it still needs to be further strengthened (Wang
K.-L. et al., 2019). The Non-radial Direction Distance Function
(DDFC) and its dual model are able to evaluate air environmental
efficiency, with findings presenting that the efficiency tends to
improve, but supervision needs to be strengthened (Zhang et al.,
2020). DEA windows analysis and AHP are also combined for
various analyses. Some results show that the most serious air
pollution areas in China are concentrated in the central region,
which is a continuous pollution area with Shanxi Province
as its center (Zhou et al., 2020). One paper combines the
interval evidence reasoning (IER) model and interval data
envelopment analysis (IDEA) to evaluate the interval efficiency
of air pollution management and finds, compared to some
existing efficiency evaluation models, that the IER-IDEA model
effectively distinguishes the differences of regional air pollution
management efficiency (Ye et al., 2020).

Fractional dimension and scenario analysis are also used
on the collaborative development of the low-carbon economy.
Results show that the transfer of low-carbon economic
development capacity from high gradient area to low gradient
area will be delayed, but it will not affect the coordinated
development of urban agglomerations (Xu W. B. et al., 2019).
Super-efficiency DEA and the Malmquist index have been
combined to evaluate dynamic environmental efficiency (Chen
et al., 2017) and findings note that YRD has higher environment
efficiency than that in the Chengyu Urban Agglomeration and
Urban Agglomeration in the Middle Reaches of the Yangtze
River areas. This indicates that the scale and location of urban
agglomerations have a certain correlation with environmental
efficiency, and it is necessary to strengthen the hypothesis and

uncertainty outcome of the DEA model under different spatial
scales of various urban agglomerations.

The meta-frontier DEA method used in this article is also
widely employed in calculating the meta-frontier and group-
frontier efficiencies of energy consumption and air quality, thus
providing strong inspiration for the effectiveness of this method
upon urban agglomeration air quality. Chang and Hu (2018)
utilize a long-term meta-frontier to analyze energy and emission
efficiencies between G7 and BRICS. The results conclude that
the United Kingdom, Italy, and France have the smallest overall
technology gap, while the largest overall technology gap appears
in South Africa, Russia, and the United States Chang et al. (2019)
use a two-stage metafrontier DEA approach to evaluate pollution
efficiency in Taiwan’s administrative regions. The empirical
research shows that New Taipei City and Taipei City have the
best performances in terms of MetaFrontier Efficiency and the
technology gap ratio. Li et al. (2020) apply a modified two-stage
Undesirable Meta Dynamic Network model to jointly analyze
energy consumption, economic growth, air pollution, and health
treatment data in 31 Chinese cities. Their results show that
high-income cities have higher average efficiencies than upper-
middle income cities.

Cheng et al. (2019) estimate the environmental efficiency of
PM2.5 by the epsilon-based measure (EBM) meta-frontier model.
Their findings offer large differences in PM2.5 environmental
efficiency between cities and city groups. Wang X. et al. (2019)
construct non-parametric evaluation and decomposition models
using hybrid measures and meta-frontier techniques. Empirical
analyses shows the worst performance is in the BRICS economic
group, whereas the developed and developing economies of
the G20 group show positive trajectories of performance. Lu
et al. (2018) study environmental conservation and sustainable
development between Japan’s and Taiwan’s high-tech industries
via environmental efficiency by utilizing a one-stage model to
measure the performances of decision-making units. Their result
presents that Japan’s performance is better than Taiwan’s. Yu
et al. (2019) examine the evolution and convergence of China’s
ecological efficiency by a metafrontier approach, and their result
shows significant regional disparity of eco-efficiency in China. Li
et al. (2019) use a MetaFrontier Dynamic SBM model to analyze
pollution efficiency in Chinese cities, finding large differences
in the energy consumption and air pollution emission efficiency
scores and much-needed improvements.

We see from the above literature review that applications
of the DEA method in the efficiency evaluation of air quality
are relatively mature, but a single DEA model will lead to
estimation deviation in the final efficiency value. Although some
efficiency evaluation studies combine the DEA model with other
methods, the use of other methods is relatively scant, and
they tend to predict and infer into the future, and so they
are unable to standardize the influencing factors. Therefore,
the DEA model of air quality efficiency evaluation needs to be
modified and improved.

Many research studies use metafrontier approaches, but
they are not new. Different from the common DEA, the
metafrontier approach reflects the MFE, GFE, and TGR.
However, the metafrontier approach can be better combined
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with other methods for a more comprehensive empirical result.
Furthermore, compared to existing research, due to the different
settings of variables and different research purposes, this article
chooses the Modified MetaFrontier Dynamic SBM model for
air quality efficiency evaluation. Most of the above studies do
not distinguish between desirable and undesirable variables in
the efficiency evaluation, and DMUs cannot be classified and
analyzed, however, the Modified MetaFrontier Dynamic SBM
model can solve this problem.

Different Indicators in Air Quality
Evaluation
The existing indicators for air quality evaluation, especially
efficiency evaluation, can be divided into three categories:
Resource Indicators, Pollution Indicators, and Economic
Indicators. In this article, Resource Indicators refer to those
whose changes in amount may impact air quality, such as
labor, economic investment, and energy consumption. Pollution
Indicators refer to pollutants related to air quality, such as AQI.
Economic Indicators refer to those related to the development
of the economy such as GDP and other variables. Most existing
research studies select the same Resource Indicators and
Economic Variables, but different collocations of Pollution
Indicators and other variables appear in such research. Most
studies select Pollution Indicators such as CO2 emissions,
industrial SO2 emissions, and other variables included in AQI
(Aleksandropoulou et al., 2012; Sun et al., 2014, 2018; Feng
et al., 2019; Zhao et al., 2019; Yu et al., 2020; Zhang et al., 2020;
Zhou et al., 2020; Alemdar et al., 2021). Other scholars set up the
selection of indicators according to their own research directions,
such as including industrial pollutants produced by industrial
agglomeration (Chen et al., 2017; Shen J. et al., 2019; Xu W. B.
et al., 2019; Ye et al., 2020), considering the impact of soot and
dust produced by energy consumption on air quality (Wang
Z.-B. et al., 2017; Shen N. et al., 2019; Wang X. et al., 2019),
and taking into account marine spray, mineral dust and human
impacts (agricultural activities, combustion processes, and
industrial sources), and aerosol components in the evaluation
index (Yotova et al., 2016). Due to the different content needs of
the respective studies, many researchers re-select and combine
the relevant air quality indicators to obtain innovative indicators.
Their techniques are different from this article, where we focus
on the selection of traditional air quality indicators.

Two problems appear in these selections of current research
variables. The first problem is in Pollution Indicators in that the
air evaluation indicator form is too simplistic, and a combination
of related indicators is lacking. Although AQI is a near-perfect
indicator system, most research indicators only focus on AQI.
As a comprehensive air quality indicator, AQI can intuitively
show the overall air quality of a certain region, but at the
same time it has the limitation of not being able to explore
the influencing factors of internal pollution. If researchers only
study the efficiency evaluation of AQI, then air pollution will not
become a target to control.

The second problem is that most studies only evaluate the air
pollution variables separately and do not combine the Resource

Indicators, Pollution Indicators, and Economic Indicators. If
the Pollution Indicators are not combined with the Resource
Indicators, then the cause of air pollution cannot be accurately
revealed. If the Pollution Indicators are not combined with the
Economic Indicators, then the relationship between air pollution
and economic growth is not easily found. As a result, most results
only skim the surface of air quality, and it becomes difficult
to explore the fundamental factors affecting it. Moreover, most
studies do not distinguish desirable indicators from undesirable
indicators, thus increasing the possibility of confusion over an
evaluation system. Therefore, this article combines all three kinds
of indicators in the hope of a comprehensive result.

Different Research Objects in
Air-Related Evaluation
The existing research targets of air evaluation can be divided into
the following four categories: urban agglomeration, single city or
area, the whole country, and other independent sample. Many
scholars around the world have taken urban agglomerations as
research objects to conduct air-related evaluations (Chen et al.,
2017; Wang Z.-B. et al., 2017; Czechowski et al., 2019; Shen N.
et al., 2019; Xu W. B. et al., 2019; Zhao et al., 2019; Yu et al., 2020;
Zhang et al., 2020). Some scholars only take a single city as the
research object [Kassomenos et al., 2012 (Thessaloniki); Yotova
et al., 2016 (Thessaloniki); Mohammed et al., 2018 (Kut City);
Dang et al., 2021 (Beijing and Chengdu)], while others study
small areas, such as the Estarreja area (Figueiredo et al., 2013),
Rithala areas in India (Mishra et al., 2016), Thessaloniki area
(Poupkou et al., 2011; Aleksandropoulou et al., 2012), Taiwan and
Japan (Lu et al., 2018), and Taiwan Province (Chang et al., 2019).
Other studies take the whole country as the object (Wang and
Wang, 2019; Yu et al., 2019; Wang et al., 2020; Zhou et al., 2020).
Furthermore, Chang and Hu (2018) set up the G7 and BRICS as
research objects, while Qian et al. (2021) target major industrial
sectors in China as research objects.

The coordinated development of cities in the form of urban
agglomeration is a trend, and the development of cities should
no longer be treated in isolation. In addition, air pollution has
a certain fluidity, and the air quality between cities affects each
other. Differences do exist in the results of air quality problems
for various research objects. If only a single city is studied,
then the field of vision is narrow. A single city or area as the
research object can be observed more carefully, but it is difficult
to consider the impact of its surrounding environment. Taking
the whole country as the research object incurs the problem of
too large a scope. Moreover, it is difficult to focus on micro-level
factors while taking the whole country as the research object.
Facing the problem of air quality (pollution) of cities in different
levels, research on urban agglomerations and city clusters of
similar scale needs to be further strengthened. At present, urban
agglomeration seems to be a more appropriate research scope.

The main contributions and innovations of this study are as
follows. (1) Using the Modified MetaFrontier Dynamic SBM
model to study the dynamic changes of urban agglomerations’
air quality evaluation presents an important modification and
improvement of the DEA model. (2) Through the distinction
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between expected and unexpected outputs, the specific
classification of evaluation indicators has greatly improved
the diversity of index selection. Taking the Employment
Population and Energy Consumption per Unit of GDP as input
indicators, this study distinguishes GDP as a desirable output
as well as Industrial SO2 Emissions, PM2.5, and Industrial
Smoke Dust Emissions as undesirable outputs and innovatively
introduces Fixed Asset Investment as a carry-over period
variable. (3) The Modified MetaFrontier Dynamic SBM model
is used to set a common benchmark for the efficiency evaluation
of China’s three major urban agglomerations, so that they can
be compared with each other, and the efficiency of each city in
its own urban agglomerations is further studied by calculating
the Group Frontier Efficiency. (4) The evaluation of air quality
efficiency for three typical urban agglomerations in China not
only extends the existing research, but also has great reference
significance for the improvement of air quality, air pollution
prevention, and control of world-class urban agglomerations.

RESEARCH METHODS

Index Model
The Dynamic Data Envelopment Analysis Model
Klopp (1985) first proposes window analysis to analyze efficiency
changes between two periods. Färe et al. (1994) then present the
Malmquist index (UPI) to analyze a firm’s technical change and
efficiency change. However, those researchers do not analyze the
impact of carry-over activities during two periods. Subsequently,
several DEA dynamic studies appear by Färe and Grosskopf
(1996); Bogetoft et al. (2008), Chen (2009); Park and Park (2009).
In order to employ carry-over activities as a form of connectivity,
Tone and Tsutsui (2010) propose the SBM dynamic DEA model.

Our study designs the methodology based on Tone and
Tsutsui’s (2010) assumption and can be described as follows.
Suppose there are n DMUs over T terms; each DMU has different
input and output during period t, which are then carried over
(linked) to the next period (t + 1). The existence of activities
is divided into a four-model analysis: (1) desirable (Zgood);
(2) undesirable (Zbad); (3) discretionary (Zfree); and (4) non-
discretionary (Zfix). The carry-over variable from period t to
period t + 1 is guaranteed by:

n∑
j = 1

zα
ijtλ

t
j =

n∑
j = 1

zα
ijtλ

t+1
j (∀; t = 1, ... , T − 1) (1)

Equation 2 is the non-oriented model:

δ∗=

1
T
∑T

t = 1 ωt
[

1− 1
m+nbad (

∑m
i = 1

ω−i s−ij
xiot
+
∑nbad

i = 1
sbad
it

zbad
iot

)

]
1
T
∑T

t = 1 ωt
[

1− 1
s+ngood (

∑s
i = 1

ω+i s+ij
yiot
+
∑ngood

i = 1
sgood
it

zgood
iot

)

]
(2)

The relevant constraints are as follows in Equations 3–12.

xiot =

n∑
j = 1

xijtλ
t
j+s−it (i = 1, ... , m; t = 1, ... , T) (3)

xfix
iot =

n∑
j = 1

xfix
iotλ

t
j
(
i = 1, ... , p; t = 1, ... , T

)
(4)

yiot =

n∑
j = 1

yijtλ
t
j−s+it (i = 1, ... , s; t = 1, ... , T) (5)

yfix
iot =

n∑
j = 1

yfix
iotλ

t
j (i = 1, ... , r; t = 1, ... , T) (6)

zgood
iot =

n∑
j = 1

zgood
iot λt

j−sgood
it

(
i = 1, ... , ngood; t = 1, ... , T

)
(7)

zbad
iot =

n∑
j = 1

zbad
ijt λt

j+sbad
it
(
i = 1, ... , nbad; t = 1, ... , T

)
(8)

zfree
iot =

n∑
j = 1

zfree
ijt λt

j+sfree
it
(
i = 1, ... , nfree; t = 1, ... , T

)
(9)

zfix
iot =

n∑
j = 1

zfix
ijt λ

t
j
(
i = 1, ... , nfix; t = 1, ... , T

)
(10)

n∑
j = 1

λt
j = 1 (t = 1, ... , T) (11)

λt
j ≥ 0, s−it ≥ 0,s+it ≥ 0, sgood

it ≥ 0, sbad
it ≥ 0 andsfree

it:

free (∀i, t) . (12)

The most efficient solution is ρ∗ in Equation 13.

ρ∗ =

1− 1
m+nbad (

∑m
i = 1

ω−i s−∗iot
xiot
+
∑nbad

i = 1
sbad∗
iot
zbad

iot
)

1− 1
s+ngood (

∑s
i = 1

ω+i s+iot
yiot
+
∑ngood

i = 1
sgood∗
iot

zgood
iot

)

(i = 1, ... , T)

(13)

The Modified MetaFrontier Dynamic Slack-Based
Measures Model
Most DEA models usually assume that all DMUs have the
same level of technology, but the assessed DMUs are often
in different geographical locations or under different national
policies, which result in different technology levels. Since this
study considers undesirable output and regional differences of
the three major urban agglomerations in the dynamic SBM
model, we can modify Tone and Tsutsui’s (2010) dynamic
SBM model to be the MetaFrontier Dynamic SBM model with
undesirable output. The input variables are Employed Population
and Energy Consumption per Unit of GDP. The output variables
are GDP (desirable), SO2 (undesirable), PM2.5 (undesirable), and
Industrial Smoke and Soot (undesirable). The carry-over variable
is Fixed Assets. Figure 1 presents the structure of the Modified
MetaFrontier Dynamic SBM model used in this study.
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FIGURE 1 | The structure of the Modified MetaFrontier Dynamic SBM model.

MetaFrontier
We assume all units (N) are composed of DMUs in g groups
(N = N1 + N2 + . . ..+ NG); yrj and xij indicate output item r
(r = 1, 2, . . ., s) of item j (j = 1, 2, . . ., N) and input item i (i = 1,
2, . . ., m) of item j (j = 1, 2, . . ., N) under the MetaFrontier,
respectively. The MetaFrontier k of DMU efficiency can be solved
by the following linear programming (LP):

Min : ρ∗

s.t.
G∑

g = 1

n∑
∂ = 1

Zijtgλ
t
jg =

G∑
g = 1

n∑
∂ = 1

Zijtgλ
t+1
jg (vi | t = 1 . . . i− 1)

(14)
The relevant constraints are as follows in Equations 15–20.

Xiot =

G∑
g = 1

n∑
∂ = 1

Xijtgλ
t
jg + Sit (i = 1 · · ·m, t = 1 · · · i) (15)

ylot =

G∑
g = 1

s1∑
l = 1

y+g
lot λt

j − s+g
lt

(
l = 1, ... , s1; t = 1, ... , T

)
(16)

ylot =

G∑
g = 1

s2∑
l = 1

y−b
lot λt

j − s−b
lt
(
l = 1, ... , s2; t = 1, ... , T

)
(17)

Zgood
iot =

G∑
g = 1

n∑
∂ = 1

Zgood
ijtg λt

jg − St
it
(
i = 1 · · · ngood; t = 1 · · · i

)
(18)

G∑
g = 1

n∑
∂ = 1

λt
jg = 1 (t = 1 · · · i) (19)

λt
jg ≥ 0, S−it ≥ 0, S+it ≥ 0, Sgood

it ≥ 0 (20)

Using Equations 13, 14, 20, we are able to find the overall
technical efficiency (OTE) value of all DMUs under the
MetaFrontier model.

Group Frontier
Each DMU under the group frontier chooses the most favorable
final output weighted, so that the efficiency of the DMUs under
the Group Frontier can be solved by the following Equation 21.

θ∗0 = min

1
T
∑T

t=1 Wt
[

1− 1
m
∑m

i=1
s−it
xiot

]
1
T
∑T

t=1 Wt
[

1+ 1
s1+s2+ngood

[∑s1
l=1

s+g
jt

yg
lot
+

(21)

s2∑
l=1

s−b
jt

yb
lot

+

ngood∑
r=1

sgood
rt

zgood
rot

]]
n∑

j = 1

zα
ijtλ

t
j =

n∑
j = 1

zα
ijtλ

t+1
j (∀i; t = 1, ... , T − 1) (22)

xiot =

n∑
j = 1

xijtλ
t
j + s−it (i = 1, ... , m; t = 1, ... , T) (23)

ylot =

s1∑
l = 1

y+g
lot λt

j − s+g
lt

(
l = 1, ... , s1; t = 1, ... , T

)
(24)
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ylot =

s2∑
l = 1

y−b
lot λt

j − s−b
lt

(
l = 1, ... , s2; t = 1, ... , T

)
(25)

zgood
iot =

n∑
j = 1

zgood
iot λt

j − sgood
it

(
i = 1, ... , ngood; t = 1, ... , T

)
(26)

n∑
j = 1

λt
j = 1 (t = 1, ... , T) (27)

λt
j ≥ 0, s−it ≥ 0,s+it ≥ 0, sgood

it ≥ 0 (28)

Technology Gap Ratio
Since the MetaFrontier model contains g groups, the technical
efficiency of the MFE will be less than the technical efficiency of
the GFE. The ratio value, called the TGR, is:

TGR =
ρ∗

ρ
∗g
o
=

MFE
GFE

(29)

PM2.5, SO2, and Industrial Smoke Dust Emission
Efficiency Indices
Labor and energy consumption per GDP are set as inputs in
this study. Output variables are GDP, Inhalable Fine Particle
Emissions (PM2.5), Sulfur Oxide Emissions (SO2), and Industrial
Smoke Dust Emissions. Here, PM2.5, SO2, and Industrial Smoke
Dust Emissions are all undesired outputs. Fixed assets are a
carry-over variable.

To overcome any possible bias in the traditional energy
and environmental efficiency indicators, Hu and Wang (2006)
propose the total-factor efficiency index for each specific
evaluated object. Referring to this method, we calculate PM2.5,
SO2, and Industrial Smoke Dust Emission efficiencies by the
following Equations 30–32:

PM2.5efficiency =
Target PM2.5 output (i, t)
Actual PM2.5 output (i, t)

(30)

SO2efficiency =
Target SO2 output (i, t)
Actual SO2 output (i, t)

(31)

Industrial Smoke Dust Emission efficiency =

Target smoke and dust output (i, t)
Actual smoke and dust output (i, t)

(32)

Data Sources and Description
Table 1 lists the input, output, and carry-over variables.

The China government approved the Action Plan For the
Prevention and Control of Air Pollution8 in 2013, which marked
the establishment of a more comprehensive and perfect air
quality indicator system in the country. Since then, PM2.5 has

8Action Plan For the Prevention and Control of Air Pollution, the State Council of
the People’s Republic of China, 2013.

been gradually included for air quality measurement in Chinese
cities. Before 2013, only large particles such as PM10, etc., in air
were measured. Therefore, 2013 is a meaningful year, and we
choose the data span from 2013 to 2017 in this study.

The extensive growth mode adopted by China in the past has
resulted in high energy consumption and heavy pollution, and
GDP growth has also brought about intensified air pollution.
GDP can reflect the relationship between the economy and
air pollution in China’s three major urban agglomerations.
Therefore, we use GDP together with other air pollutants
as output indicators to better assess the impact of economic
development on air quality and the correlation between the two.

Definitions of input, output, and carry-over indicators in this
study are shown in the Appendix. We use the indicators in
the existing research literature for reference and analyze the
significance of the results after employing these indicators. The
analysis results show good significance. Among these indicators,
we note that after the long-term efforts of the China government,
SO2 has been effectively controlled and is no longer the main air
pollution source domestically. However, SO2 emissions are still
a problem worthy of attention in China’s industrial enterprises.
Therefore, we still select SO2 as an indicator in our research to
make our research more comprehensive.

The research samples are collected from 60 cities in China’s
three major urban agglomerations. The relationships between
urban agglomerations and cities appear in Table 2. We have made
Figure 2 to more display the specific location of each city in the
three urban agglomerations.

Statistical Analysis of Input, Output, and
Carry-Over Indicators
Overall Analysis
Table 3 shows the maximum and minimum (including related
cities) of each indicator in this study. From Table 3, we see
that no positive correlation appears between the economic
development of individual cities and the emissions of pollutants.
For example, Shenzhen, whose economic aggregate ranks first
among all cities in the three major urban agglomerations,
has the minimum amount of Industrial SO2 Emissions and
Industrial Smoke Dust Emissions among all cities (Industrial
SO2 Emission, 2017; Industrial Smoke Dust Emission, 2013–
2015). Another example is Shanghai, whose GDP ranked first
among all cities in 2013–2017, but its pollutant emissions
are only in the middle level, reflecting the importance of
optimizing the industrial structure for energy conservation and
emission reduction.

The data of some cities in BTH are worth paying attention
to as well. Beijing’s Energy Consumption per Unit of GDP is
the best, ranking first among all cities in 5 years, but Tangshan’s
performances in Industrial SO2 Emissions and Industrial Smoke
Dust Emissions are the worst among all cities. This may be
related to the transfer of the industrial layout from Beijing to
surrounding cities in this agglomeration.

Input Indicators’ Analysis
From 2013 to 2017, the average and minimum of Employment
Population in each of the three major urban agglomerations in
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TABLE 1 | Input, output, and carry-over variables.

Input variable Output variable Carry-over variable

Employed Population Energy Consumption per Unit of GDP GDP (desirable) Fixed assets

Industrial SO2 Emissions (undesirable)

Absorptive fine particulates – PM2.5 (undesirable)

Industrial smoke dust emissions (undesirable)

Indicators’ choices are based on logical feasibility, scientificity, objectivity, and accessibility. Data on employed Population, Energy Consumption per Unit of GDP, GDP,
Industrial SO2 Emissions, Industrial Smoke Dust Emissions, and fixed assets are from China City Statistical Yearbook 2013–2017. PM2.5 data are from the Report on the
State of the Environment in China 2013–2017 and other related official websites.

TABLE 2 | China’s three major urban agglomerations and their cities.

Urban agglomeration Included cities Total

Beijing-Tianjin-Hebei Beijing, Tianjin, Baoding, Tangshan, Langfang, Shijiazhuang, Qinhuangdao,
Zhangjiakou, Chengde, Cangzhou, Hengshui, Xingtai, Handan

13

Yangtze River Delta Shanghai, Nanjing, Wuxi, Changzhou, Suzhou, Nantong, Yangzhou, Zhenjiang,
Yancheng, Taizhou (in Jiangsu), Hangzhou, Ningbo, Huzhou, Jiaxing, Shaoxing Jinhua,
Zhoushan, Taizhou (in Zhejiang), Hefei, Wuhu, Maanshan, Tongling, Anqing, Chuzhou,
Chizhou, Xuancheng, Bengbu, Lu’an, Huangshan, Huaibei, Fuyang, Bozhou

32

Pearl River Delta Guangzhou, Foshan, Zhaoqing, Shaoguan, Qingyuan, Yunfu, Shenzhen, Dongguan,
Huizhou, Shanwei, Heyuan, Zhuhai, Zhongshan, Jiangmen, Yangjiang

15

China show a slight upward trend, but the maximum drops
sharply in 2016. This closely relates to the significant decrease
in the Employed Population in Beijing, the capital city, in 2016
(range of score change: from 1729.076 to 1270.836; variance:
26.50%; period: 2015–2016). Beijing had the largest Employment
Population in China during 2013–2015. The average number
of Employed Population in China rose by about 20% in 2017
from 2013. Overall, energy consumption conservation and
environmental protection face partial upward pressure.

The average, maximum, and minimum Energy Consumption
per Unit of GDP of each city show a significant downward
trend in 5 years. From the perspective of the maximum Energy
Consumption per Unit of GDP, a significant decrease occurs in
2014 compared with the previous year (range of score change:
from 1.700 to 1.432; variance: 15.76%; period: 2013–2014), which
may relate to the significant increase in energy conservation
and emission reduction in Tangshan, the city with the largest
indicator in that year. The standard deviation (SD) shows a
slight downward trend. In combination with the average value,
it indicates that the overall trend of energy conservation and
emission reduction in each city is positive.

Output Indicators’ Analysis
The average value and maximum value of GDP in each city
in 2013–2017 have increased significantly, which closely relate
to the rapid economic development of China in recent years.
The rising SD indicates that the economic development of each
city is unbalanced and the gap is expanding. This may relate
to the suppression effect of economically developed cities upon
backward cities by continuously attracting resources from them
based on their existing advantages.

Over the 5-year period, the average value of Industrial SO2
Emissions in each city has decreased significantly, indicating
that the Industrial SO2 Emission reduction measures in each

city have achieved remarkable results. The maximum decreased
significantly after 2013 (from 2828.06 to 1254.32, 55.65%, 2013–
2016). In the next 2 years, it gradually leveled off, indicating that
the governance of Tangshan, the city with the largest Industrial
SO2 Emissions, has had a positive effect versus the previous
2 years, but at the same time, the problem of Industrial SO2
Emissions is still severe. The SD also shows a decreasing trend
year by year, indicating that the gap of Industrial SO2 Emissions
in each city has been narrowing year by year.

The PM2.5 mean value, maximum value, and SD of each
city exhibit a similar trend to those of SO2. The maximum
value slows down after a significant decrease in 2014. The
governance effect of the city with the most serious PM2.5
pollution (Tangshan) for PM2.5 has a great breakthrough
in 2013, but falls back in 2014, while the minimum value
rebounds after 2015, due to the increase of PM2.5 in the city
with the lowest emissions (Huaibei) in the previous period.
It is noteworthy that PM2.5 has been gradually included
among air quality indicators in cities of China since 2013,9

indicating that the country’s understanding of air quality has
gradually improved, and that monitoring technology is also
progressing year by year.

The statistical indicators of Industrial Smoke Dust Emissions
all peaked in 2014 and gradually decreased in the following
3 years. We can see that the governance effect of Industrial Smoke
Dust Emissions in the various cities has improved year by year
since 2014, especially in 2017.

9On February 29, 2012, the standing meeting of the State Council of China
approved the newly revised ambient air quality standard, officially including PM2.5
into the air quality standard. The meeting required the monitoring of fine particles
and ozone in key regions such as Beijing-Tianjin-Hebei, Yangtze River Delta, and
Pearl River Delta, as well as municipalities directly under the central government
and provincial capital cities in 2012, in 113 key cities for environmental protection
and national model cities for environmental protection in 2013, and in all cities
above the prefecture level in 2015.
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TABLE 3 | Description of statistics.

Variable Indicator 2013 2014 2015 2016 2017

Inputs Employed Population
Unit: person.

Maximum 1382.578 (Beijing) 1584.452 (Beijing) 1729.076 (Beijing) 1270.836 (Shanghai) 1346.709 (Shanghai)

Minimum 22.990 (Tongling) 26.199 (Heyuan) 30.928 (Tongling) 36.897 (Huangshan) 39.791 (Huangshan)

Average 209.666 216.127 237.128 236.030 252.518

SD 254.204 280.558 305.388 265.696 281.954

Energy Consumption per Unit of GDP
Unit: 1 tce per 10,000 RMB.

Maximum 1.700 (Tangshan) 1.432 (Shaoguan) 1.318 (Shaoguan) 1.292 (Maanshan) 1.309 (Shaoguan)

Minimum 0.380 (Beijing) 0.360 (Beijing) 0.338 (Beijing) 0.275 (Beijing) 0.264 (Beijing)

Average 0.798 0.700 0.660 0.612 0.583

SD 0.321 0.248 0.232 0.248 0.240

Outputs GDP
Unit: 10 billion RMB.

Maximum 216.021 (Shanghai) 235.677 (Shanghai) 251.235 (Shanghai) 281.787 (Shanghai) 306.330 (Shanghai)

Minimum 4.622 (Chizhou) 5.072 (Huangshan) 5.309 (Huangshan) 5.768 (Huangshan) 6.113 (Huangshan)

Average 40.361 43.705 46.585 50.958 55.693

SD 47.320 51.469 55.269 61.042 67.021

SO2

Unit: 100 ton.
Maximum 2828.060 (Tangshan) 2507.610 (Tangshan) 2147.230 (Tangshan) 1254.320 (Tangshan) 1198.080 (Tangshan)

Minimum 31.840 (Huangshan) 30.090 (Huangshan) 29.710 (Huangshan) 19.250 (Zhoushan) 13.290 (Shenzhen)

Average 611.037 570.077 487.006 278.864 182.755

SD 556.327 496.780 398.893 252.900 196.417

PM2.5
Unit: µg/m3.

Maximum 199.000 (Handan) 131.000 (Xingtai) 123.000 (Wuhu) 98.300 (Shijiazhuang) 87.000 (Shijiazhuang)

Minimum 9.000 (Huaibei) 9.000 (Huaibei) 27.250 (Huizhou) 24.500 (Shanwei) 24.000 (Zhoushan)

Average 81.717 57.224 55.850 48.925 47.795

SD 47.268 27.061 23.022 17.277 15.257

Industrial smoke dust
Unit: 100 ton.

Maximum 4785.740 (Tangshan) 5360.920 (Tangshan) 4669.020 (Tangshan) 4479.200 (Tangshan) 2464.360 (Tangshan)

Minimum 7.530 (Shenzhen) 7.250 (Shenzhen) 10.790 (Shenzhen) 9.500 (Shanwei) 6.460 (Shanwei)

Average 403.418 556.579 455.121 314.964 216.242

SD 660.926 790.140 658.745 597.274 339.559

Carry-over Fixed assets
Unit: 10 billion yuan RMB.

Maximum 100.910 (Tianjin) 116.262 (Tianjin) 130.477 (Tianjin) 112.235 (Tianjin) 112.746 (Tianjin)

Minimum 3.427 (Heyuan) 4.532 (Heyuan) 5.524 (Huangshan) 5.039 (Yangjiang) 5.402 (Yangjiang)

Average 20.956 23.752 26.378 28.163 301.919

SD 18.668 20.808 22.610 21.832 225.555
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Carry-Over Indicator Analysis
Table 3 shows the capital stock of Fixed Asset investment
(excluding farmers) in each city of the three major urban
agglomerations from 2013 to 2017. As can be seen from the
table, the average value increased slightly and steadily, the
maximum value increased rapidly from 2013 to 2015 and then
decreased, the minimum value increased slightly, and the SD
fluctuated slightly. In general, the maximum and minimum of
all input, output, and carry-over indicators have a large gap,
indicating significant regional differences among the three major
urban agglomerations.

EFFICIENCY SCORES AND RANKING

Overall Efficiency Scores and Ranking
Table 4 shows the overall efficiency score and ranking of
air quality in each of the three major urban agglomerations.
Among the 57 prefecture-level cities and 3 municipalities directly
under the central government in China’s three major urban
agglomerations, 5 cities have an efficiency value of 1: Beijing,
Tianjin, Shanghai, Guangzhou, and Shenzhen. The output
efficiency of energy input in these cities is higher and the air
pollution is lower. Beijing and Tianjin belong to BTH, accounting
for 15.38% of the total number of BTH. Shanghai belongs to YRD,
accounting for 3.13% of the total number of YRD. Guangzhou
and Shenzhen belong to PRD, accounting for 13.3% of the total
number of PRD. Huaibei, Lu’an, Xuancheng, Fuyang, Yunfu,
and Chuzhou, and other cities have low comprehensive efficiency
scores (score <0.2), ranking at the tail end and indicating that
their energy utilization efficiency is low and their air quality is
poor. Measures need to be taken to improve the unreasonable
status of input and output and to improve the overall efficiency
of energy utilization and air quality level. According to the
proportion of the number of cities with a score of 1, the
performances of BTH and PRD are better than that of YRD. From
the perspective of the number and proportion of cities with a low
score (score <0.2), the performance of YRD is worse than that of
the other two urban agglomerations.

From the regional perspective as a whole (Figure 3), the
change trend of the average efficiency score of the three major
urban agglomerations is basically similar. It has risen slowly and
fluctuated slightly since the lowest point in 2014. BTH has the best
score performance, and its 5-year average efficiency fluctuates
within the range of 0.46–0.61, with fluctuation rates of −23.42,
20.25, 1.67, and −2.38%, respectively. This relates to the fact
that BTH, as the manufacturing base of China, has a strong
industrial foundation. Moreover, BTH includes the locations of
China’s political center, cultural center, and economic center,
bringing with it more advantages. Although the total efficiency
score of BTH is the highest, many heavy industrial cities in Hebei
Province (Tangshan, Shijiazhuang, Xingtai, etc.) also rank in the
forefront of pollutant emissions. In second place is PRD. Its
average efficiency fluctuates within the range of 0.34–0.46, with
fluctuation rates of−38.55, 20.33,−1.45, and 9.06%, respectively.
The overall trend is the most stable among the three major
urban agglomerations. The main reason may be that all cities

in PRD are relatively developed coastal cities with similar levels
of social and economic development. The performance of YRD
is the worst, and its average efficiency fluctuates within the
range of 0.26–0.44, with fluctuation rates of −24.56, 16.30, 2.79,
and 6.18%, respectively. The main reason for the low average
efficiency is that YRD, including less developed inland cities
such as those in Anhui Province, is at a disadvantage in energy
conservation, emission reduction, industrial development level,
and other aspects, thus lowering its overall score.

From the perspective of the three major urban agglomerations,
a large difference appears in the efficiency score of air quality
among the cities, but the change trend is generally consistent.
Within BTH, only Beijing and Tianjin score a 1 for the
five consecutive years; the efficiency scores of Cangzhou and
Tangshan decrease from 1 first and then increase back to 1; only
Chengde (increases by 0.0225) and Qinhuangdao (increases by
0.0022) show a weak upward trend in efficiency score, while
the other cities show a downward trend, with the score of
Shijiazhuang dropping the most seriously by −0.3463. Within
YRD, except for Shanghai’s efficiency score of 1 for five
consecutive years, Bengbu’s performance is more prominent.
Its efficiency score increases from 0.6117 at the beginning
to 1, increasing by 0.3883 points. Considering that Bengbu’s
economic size is small, the improvement of energy conservation
and the emission reduction governance effect can be reflected
more clearly. Within PRD, Guangzhou and Shenzhen achieve an
efficiency score of 1 for 5 consecutive years, while Foshan has the
largest growth in the overall efficiency of all cities, with the fastest
growth rate of 55.84%. In terms of overall efficiency score, except
for Beijing, Tianjin, Shanghai, Guangzhou, and Shenzhen, whose
efficiency scores are always 1, other cities experience a sharp drop
in efficiency score during 2014.

In terms of city score ranking, no city shows a full upward
trend over the 5 years, but Fuyang and Taizhou (in Zhejiang)
show a full downward trend in the 5 years. For the overall
ranking in 5 years (2017 compared with 2013), those that increase
by more than 10 rankings are Qingyuan (23), Zhongshan (22),
Qinhuangdao (17), Zhuhai (15), Hengshui (14), Shaoguan (13),
Chengde (12), Xingtai (12), and Foshan (11). For the overall
ranking in 5 years (2017 compared with 2013), those that
decrease by more than 10 rankings are Tongling (21), Anqing
(17), Hefei (16), Langfang (15), Huangshan (15), Heyuan (13),
and Shijiazhuang (10). The other 44 cities’ rankings fluctuate
within 10 positions.

The efficiency scores of each of the three major urban
agglomerations in China overall show a trend of fluctuation and
decline, with the declining cities accounting for 68.33% of the
total number of all cities in the three urban agglomerations. This
indicates that the current situation of air quality in China is not
optimistic. Further measures are needed to improve governance
efficiency and strengthen energy conservation and emission
reduction efforts.

Figure 4 shows the cluster analysis spectrum of the average
annual efficiency score of the three major urban agglomerations.
In the first cluster analysis, the score is used as the variable,
the cluster method of inter-group connection is adopted, and
the square Euclidean distance is employed as the measurement
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TABLE 4 | Overall efficiency and ranking.

Region No. DMU 2013 2014 2015 2016 2017 Average

Rank Score Rank Score Rank Score Rank Score Rank Score Rank Score

Beijing-Tianjin-Hebei 1 Beijing 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000

2 Tianjin 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000

3 Baoding 35 0.3765 46↓ 0.1869 42↑ 0.2566 43↓ 0.2442 27↑ 0.3249 40 0.2778

4 Tangshan 1 1.0000 9↓ 0.6015 1↑ 1.0000 1 1.0000 1 1.0000 7 0.9203

5 Langfang 31 0.3978 26↑ 0.2600 18↑ 0.3511 28↓ 0.3038 46↓ 0.2473 27 0.3120

6 Shijiazhuang 1 1.0000 7↓ 0.7759 1↑ 1.0000 1 1.0000 11↓ 0.6537 8 0.8859

7 Qinhuangdao 34 0.3765 16↑ 0.3122 20↓ 0.3440 15↑ 0.3891 17↓ 0.3787 17 0.3601

8 Zhangjiakou 46 0.3333 44↑ 0.1958 26↑ 0.3140 16↑ 0.3813 42↓ 0.2857 34 0.3020

9 Chengde 27 0.4043 22↑ 0.2729 35↓ 0.2778 22↑ 0.3236 15↑ 0.4268 19 0.3411

10 Cangzhou 1 1.0000 6↓ 0.8812 1↑ 1.0000 1 1.0000 1 1.0000 6 0.9762

11 Hengshui 49 0.3297 54↓ 0.1446 40↑ 0.2601 38↑ 0.2572 35↑ 0.3036 44 0.2590

12 Xingtai 48 0.3310 27↑ 0.2564 43↓ 0.2564 29↑ 0.2944 36↓ 0.3030 38 0.2883

13 Handan 51 0.3229 55↓ 0.1410 54↑ 0.1883 51↑ 0.1763 44↑ 0.2704 51 0.2198

Yangtze River Delta 1 Shanghai 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000

2 Nanjing 18 0.4335 31↓ 0.2430 24↑ 0.3200 23↑ 0.3233 24↓ 0.3408 23 0.3321

3 Wuxi 14 0.5001 15↓ 0.3231 13↑ 0.4210 14↓ 0.3901 13↑ 0.4524 14 0.4173

4 Changzhou 25 0.4089 36↓ 0.2229 31↑ 0.2917 31 0.2895 25↑ 0.3402 29 0.3106

5 Suzhou 11 0.5540 13↓ 0.3750 12↑ 0.4532 12 0.4772 12 0.5171 12 0.4753

6 Nantong 17 0.4410 29↓ 0.2504 22↑ 0.3293 24↓ 0.3139 22↑ 0.3566 22 0.3382

7 Yangzhou 32 0.3895 38↓ 0.2171 33↑ 0.2821 34↓ 0.2795 32↑ 0.3103 36 0.2957

8 Zhenjiang 19 0.4316 25↓ 0.2637 21↑ 0.3426 26↓ 0.3065 20↑ 0.3607 20 0.3410

9 Yancheng 30 0.4008 35↓ 0.2281 28↑ 0.3084 33↓ 0.2829 26↑ 0.3314 30 0.3103

10 Taizhou, Jiangsu 36 0.3699 43↓ 0.2033 39↑ 0.2627 40↓ 0.2534 39↑ 0.2887 41 0.2756

11 Hangzhou 13 0.5014 14↓ 0.3406 14 0.4155 13↑ 0.4461 14↓ 0.4284 13 0.4264

12 Ningbo 15 0.4804 17↓ 0.3039 16↑ 0.3829 17↓ 0.3739 21↓ 0.3567 16 0.3796

13 Taizhou, Zhejiang 24 0.4164 24 0.2653 25↓ 0.3161 25 0.3136 28↓ 0.3235 24 0.3270

14 Huzhou 43 0.3498 47↓ 0.1838 44↑ 0.2440 47↓ 0.2259 47 0.2460 46 0.2499

15 Jiaxing 22 0.4195 37↓ 0.2224 29↑ 0.2979 36↓ 0.2727 29↑ 0.3171 32 0.3059

16 Shaoxing 26 0.4078 34↓ 0.2377 32↑ 0.2890 35↓ 0.2733 33↑ 0.3082 33 0.3032

17 Jinhua 44 0.3465 39↑ 0.2135 49↓ 0.2289 48↑ 0.2149 49↓ 0.2197 47 0.2447

18 Zhoushan 1 1.0000 11↓ 0.3829 11 0.6304 11 0.5169 10↑ 0.7727 11 0.6606

19 Hefei 21 0.4200 33↓ 0.2386 30↑ 0.2948 27↑ 0.3056 37↓ 0.3008 28 0.3120

20 Bengbu 10 0.6117 8↑ 0.6545 9↓ 0.7041 1↑ 1.0000 1 1.0000 9 0.7941

(Continued)
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TABLE 4 | (Continued)

Region No. DMU 2013 2014 2015 2016 2017 Average

Rank Score Rank Score Rank Score Rank Score Rank Score Rank Score

21 Wuhu 37 0.3677 20↑ 0.2829 36↓ 0.2705 44↓ 0.2374 38↑ 0.2925 37 0.2902

22 Maanshan 29 0.4011 28↑ 0.2529 46↓ 0.2342 32↑ 0.2845 34↓ 0.3061 35 0.2958

23 Tongling 20 0.4279 19↑ 0.2962 23↓ 0.3223 30↓ 0.2901 41↓ 0.2863 25 0.3246

24 Anqing 33 0.3851 48↓ 0.1768 45↑ 0.2401 49↓ 0.1840 50↓ 0.2183 48 0.2409

25 Chuzhou 53 0.3186 57↓ 0.1280 58↓ 0.1719 55↑ 0.1679 54↑ 0.1978 55 0.1968

26 Chizhou 52 0.3213 32↑ 0.2414 47↓ 0.2339 39↑ 0.2535 48↓ 0.2335 45 0.2567

27 Xuancheng 60 0.2802 58↑ 0.1226 55↑ 0.1867 57↓ 0.1532 58↓ 0.1565 58 0.1798

28 Huangshan 41 0.3617 56↓ 0.1288 53↑ 0.1901 54↓ 0.1689 56↓ 0.1897 54 0.2078

29 Lu’an 59 0.2963 50↑ 0.1654 60↓ 0.1281 59↑ 0.1381 60↓ 0.1483 59 0.1752

30 Bozhou 55 0.3126 53↑ 0.1575 48↑ 0.2334 52↓ 0.1751 53↓ 0.2071 53 0.2172

31 Huaibei 57 0.3104 60↓ 0.1143 59↑ 0.1464 60↓ 0.1370 57↑ 0.1619 60 0.1740

32 Fuyang 50 0.3288 51↓ 0.1634 57↓ 0.1755 58↓ 0.1481 59↓ 0.1515 57 0.1935

Pearl River Delta 1 Guangzhou 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000

2 Foshan 12 0.5019 10↑ 0.4332 10 0.6751 1↑ 1.0000 1 1.0000 10 0.7220

3 Zhaoqing 23 0.4172 18↑ 0.2971 15↑ 0.3988 19↓ 0.3548 30↓ 0.3167 18 0.3569

4 Shaoguan 58 0.2971 49↑ 0.1666 50↓ 0.2143 46↑ 0.2290 45↑ 0.2652 50 0.2344

5 Qingyuan 54 0.3133 45↑ 0.1889 37↑ 0.2703 41↓ 0.2503 31↑ 0.3109 42 0.2667

6 Yunfu 56 0.3109 59↓ 0.1169 56↑ 0.1832 56 0.1656 55↑ 0.1935 56 0.1940

7 Shenzhen 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000 1 1.0000

8 Dongguan 16 0.4579 12↑ 0.3803 19↓ 0.3508 18↑ 0.3729 16↑ 0.3828 15 0.3890

9 Huizhou 45 0.3416 41↑ 0.2054 41 0.2594 45↓ 0.2363 40↑ 0.2866 43 0.2658

10 Shanwei 47 0.3327 52↓ 0.1587 51↑ 0.2133 53↓ 0.1738 51↑ 0.2147 52 0.2186

11 Heyuan 39 0.3656 30↑ 0.2433 52↓ 0.2037 50↑ 0.1781 52↓ 0.2094 49 0.2400

12 Zhuhai 38 0.3667 42↓ 0.2049 34↑ 0.2812 20↑ 0.3498 23↓ 0.3433 31 0.3092

13 Zhongshan 40 0.3647 23↑ 0.2655 17↑ 0.3602 21↓ 0.3324 18↑ 0.3746 21 0.3395

14 Jiangmen 42 0.3526 21↑ 0.2761 38↓ 0.2649 42↓ 0.2450 43↓ 0.2738 39 0.2825

15 Yangjiang 28 0.4032 40↓ 0.2124 27↑ 0.3134 37↓ 0.2679 19↑ 0.3645 26 0.3123
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FIGURE 2 | Map of the three major urban agglomerations.

2013 2014 2015 2016 2017
BTH 0.6055 0.4637 0.5576 0.5669 0.5534
YRD 0.4373 0.2687 0.3234 0.3187 0.3475
PRD 0.4550 0.3433 0.3993 0.4104 0.4357
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FIGURE 3 | Change of annual average efficiency of China’s three major urban agglomerations, 2013–2017.

interval. Cluster analysis automatically divides the efficiency
score of each city into four clusters. The first cluster is Beijing,
Shanghai, Guangzhou, Shenzhen, Tianjin, Cangzhou, Tangshan,
and Shijiazhuang, for a total of eight cities with an average
efficiency in the optimal range. Although the total efficiency of
Tangshan is in the best range, the sub-efficiency of Industrial SO2
Emissions and Industrial Smoke Dust Emissions is lower, which
reflects that Tangshan is at a relative disadvantage in these two
indicators. It may be caused by Tangshan being close to Beijing in
geographical location and related to Beijing’s industrial transfer to
its surrounding cities. The second cluster is Zhoushan, Foshan,
and Bengbu or three cities. The third cluster is Wuxi, Suzhou,
Hangzhou, Ningbo, and Dongguan, while the remaining 44 cities
are in the fourth cluster.

In order to show the specific differentiation of the cluster
analysis more clearly, the second cluster analysis is carried out
by using K-means. Taking the score as the variable, the iterative
classification method is adopted, with the maximum number of
iterations of 10 times and manually divided into 2 clusters. The
results are as follows. The first cluster has a cluster center of
0.9054 and has 11 cities. The second cluster has a cluster center
of 0.2891 and has 49 clusters. The two clusters show a clear,
obvious differentiation.

From the results of the two cluster analysis, we see that
the polarization of the total efficiency value of each city in
the three major urban agglomerations is very significant. The
main reason lies in the uneven comprehensive capacity of
these agglomerations. Among the three, the mega-cities include
Beijing, Shanghai, Shenzhen, and Guangzhou as well as 3-
or 4-tier cities such as Lu’an, Xuancheng, and Bengbu. The
differences among the three major urban agglomerations are not
only reflected in the uneven level of industrial development,
but also via the “Matthew effect” brought by different policies
and national strategic positioning enjoyed by mega-cities and
first-tier cities. The effect of internal polarization is the
most obvious, which closely relates to YRD, including the
largest number of cities and the largest development level
gap between cities.

Analysis of MetaFrontier and Group
Frontier Efficiency Scores
Table 5 shows the results of the meta-frontier method. MFE
reflects the distance between the actual output of the DMU
and the common frontier boundary. GFE reflects the distance
between the actual output of the DMU and the frontier boundary.
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TABLE 5 | MetaFrontier and Group Frontier Efficiency scores.

BTH YRD PRD

DMU MFE GFE TGR DMU MFE GFE TGR DMU MFE GFE TGR DMU MFE GFE TGR

Beijing 1.0000 1.0000 1.0000 Shanghai 1.0000 1.0000 1.0000 Jinhua 0.1594 0.2120 0.7521 Guangzhou 1.0000 1.0000 1.0000

Tianjin 1.0000 1.0000 1.0000 Nanjing 0.2958 0.3894 0.7596 Zhoushan 0.5700 1.0000 0.5700 Foshan 0.6229 0.7398 0.8420

Baoding 0.2552 0.2955 0.8635 Wuxi 0.4043 1.0000 0.4043 Hefei 0.3117 1.0000 0.3117 Zhaoqing 0.2715 0.8256 0.3289

Tangshan 0.8822 1.0000 0.8822 Changzhou 0.2802 0.3939 0.7113 Bengbu 0.7230 1.0000 0.7230 Shaoguan 0.1704 0.1731 0.9844

Langfang 0.2801 0.5390 0.5196 Suzhou 0.4374 0.9027 0.4846 Wuhu 0.3014 0.9387 0.3210 Qingyuan 0.1831 0.1841 0.9943

Shijiazhuang 0.8411 0.8881 0.9471 Nantong 0.3261 0.6066 0.5377 Maanshan 0.2409 0.3599 0.6693 Yunfu 0.1555 0.1562 0.9954

Qinhuangdao 0.2458 0.2956 0.8315 Yangzhou 0.2634 0.6942 0.3794 Tongling 0.2701 0.6948 0.3887 Shenzhen 1.0000 1.0000 1.0000

Zhangjiakou 0.2423 0.2659 0.9114 Zhenjiang 0.3198 1.0000 0.3198 Anqing 0.2102 0.3374 0.6231 Dongguan 0.3044 0.3087 0.9861

Chengde 0.2807 0.2882 0.9741 Yancheng 0.2970 0.5520 0.5381 Chuzhou 0.1616 0.2304 0.7013 Huizhou 0.1935 0.1957 0.9887

Cangzhou 0.9724 1.0000 0.9724 Taizhou, Jiangsu 0.2336 0.4429 0.5276 Chizhou 0.1501 0.2143 0.7002 Shanwei 0.1628 0.1704 0.9552

Hengshui 0.2317 0.2631 0.8808 Hangzhou 0.4200 1.0000 0.4200 Xuancheng 0.1508 0.2239 0.6735 Heyuan 0.1769 0.1799 0.9831

Xingtai 0.1957 0.1986 0.9855 Ningbo 0.3514 1.0000 0.3514 Huangshan 0.1738 0.6746 0.2576 Zhuhai 0.2486 0.2506 0.9920

Handan 0.1911 0.2035 0.9394 Taizhou, Zhejiang 0.2789 0.5027 0.5547 Lu’an 0.1156 0.1944 0.5945 Zhongshan 0.2210 0.2289 0.9654

Huzhou 0.2010 0.2867 0.7011 Bozhou 0.1652 0.2492 0.6631 Jiangmen 0.2244 0.2259 0.9932

Jiaxing 0.2813 0.4953 0.5678 Huaibei 0.1330 0.1938 0.6866 Yangjiang 0.2569 0.2692 0.9543

Shaoxing 0.2527 0.3513 0.7194 Fuyang 0.1266 0.1897 0.6675

Average (BTH) 0.5091 0.5567 0.9006 Average (YRD) 0.3002 0.5728 0.5712 Average (PRD) 0.3461 0.3939 0.9309
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FIGURE 4 | Cluster analysis using average links (group spacing), re-scaled distance clustering combination.

TGR reflects the gap between the group technology level and the
potential common frontier technology level of DMUs.

Under the metafrontier, the overall air quality efficiency of
China’s three major urban agglomerations is at a low level,
and there is a significant gap between YRD, PRD, and BTH.
BTH shows the best performance, with an average MTE of
0.5091; YRD and PRD show the worst performance, with an
average MTE of 0.3002 and 0.3461, respectively. The efficiency
gaps in the three clusters are distinct. By comparing GFE

with TGR, we can see cities in YRD have great gaps. Many
cities have lower MFE scores and higher GFE scores. It is
the same as the above finding, confirming that there is a
huge polarization in YRD. Most cities in BTH and PRD have
generally higher TGR scores (score >0.8), while more than
two-thirds of the cities in YRD have TGR scores that hover
between 0.3 and 0.7. Compared to the frontier cities, the
cities with lower scores have great room to improve their air
quality efficiency.
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Analysis of Sub-Index Efficiency
Energy consumption per GDP, Industrial SO2 Emissions
(undesirable), Absorptive Fine Particulates – PM2.5
(undesirable), and Industrial Smoke Dust Emissions
(undesirable) reflect the actual economic development and
air pollution of urban agglomeration, which can be used as
the basis for sub-item efficiency evaluation. Table 6 reveals the
efficiency scores for each indicator of the three major urban
agglomerations from 2013 to 2017. Each urban agglomeration
has several core cities, such as Beijing and Tianjin of BTH,
Shanghai of YRD, and Guangzhou and Shenzhen of PRD, whose
efficiency scores are 1. In addition, there are some sub-level
core cities. The efficiency scores of Changzhou, Tangshan, and
Shijiazhuang of BTH are almost 1 except for some years. Bengbu
in YRD scores 1 except for some indictors in some years. The
efficiency score of Foshan in PRD gradually increases from 2013
to 2015 and reaches 1 in 2016–2017. The remaining cities have
low efficiency scores and present huge room for improvement.

The polarizations of efficiency scores of energy consumption
per GDP and PM2.5 are the most conspicuous. The energy
consumption per GDP efficiency scores of cities in BTH are lower
than 0.2, except for Beijing, Tianjin, Changzhou, Tangshan, and
Shijiazhuang. The PM2.5 efficiency scores of almost 60% of the
cities of the three urban agglomerations are below 0.2.

Analysis of Average Scores of Each Index
It can be seen from Figures 5A–D that the efficiency scores of
each sub-index of BTH are the best, followed by PRD and YRD.
It reveals that, along with economic development, air pollution
control of BTH has also strengthened in recent years, but air
pollution of YRD is the most serious.

In terms of Energy Consumption per Unit GDP, the efficiency
scores of the three major urban agglomerations tend to fluctuate
around 0.41, 0.23, and 0.25 in BTH, YRD, and PRD, respectively.
In terms of SO2, the score of BTH drops to 0.40 in 2014,
but increases steadily from 2015 to 2017, with an average
annual growth rate of 8.6%, while YRD and PRD show an
obvious downward trend, with declines of 34.5 and 13.6%
in 2017. In terms of PM2.5, the efficiency scores of BTH
and YRD fluctuate around 0.43 and 0.24, respectively. The
efficiency score of PRD shows an upward trend, but the
growth decreases year by year and is approximately zero by
2017. In terms of industrial smoke and dust emissions, the
three major urban agglomerations decrease their amounts in
2014, with a significant drop of 23.3% in BTH. In 2015–
2017 they all show an upward trend, with BTH and PRD
increasing by 16.6 and 22.3%, respectively, while YRD only
rises 8.9%. In combination with Figure 4, the reason why
overall efficiency scores decline in 2014 are the reduction of
average efficiency scores of SO2 and a drop in industrial smoke
and dust emissions.

Analysis of Sub-Index Efficiency
Figures 6A,B show the scores of SO2 and industrial smoke
and dust emissions in each city of the three major urban
agglomerations. Generally speaking, the score of SO2 is higher
than that of PM2.5, and the score of industrial smoke and

dust emissions is the lowest. It shows that the three urban
agglomerations have some experience at SO2 control, but there
is still a lot of room for improvement in the efficiencies of PM2.5
and industrial smoke and dust control.

From Figure 6A, we note that the polarization of efficiency
scores of SO2 is quite conspicuous. The scores of YRD and PRD
have an obvious downward trend. Values less than 0.2 cover
nearly half of the cities. The distribution of efficiency scores in
PRD and YRD is relatively uniform, but the downward trend
is obvious, and YRD declines further. In the aspect of SO2
treatment, YRD and PRD have low efficiencies.

From Figure 6B, we can see the industrial smoke and dust
emission efficiency scores are low from 2013 to 2015, and cities
with low scores account for more than half. The polarization
of efficiency scores of industrial smoke and dust emissions is
very serious. However, the data from 2016 to 2017 show that
the three major urban agglomerations have greatly improved in
industrial smoke and dust control. Cities with scores between
0.2 and 0.7 began to appear, thus alleviating the polarization to
a certain extent.

As a traditional air pollution index, SO2 has a relatively mature
governance system, and the efficiency score is in the middle.
However, following economic development, the efficiency score
has tended to decrease, which requires more attention and
improvement. PM2.5, as a new index proposed in recent years, is
not yet mature in terms of prevention and control, but the scores
of PM2.5 efficiency tend to be stable, indicating that a series of
prevention and control measures taken by the China government
have achieved remarkable results.

Table 7 shows the Friedman test score for the average
technology gap. In 2013–2017 the average total efficiencies of
the three major urban agglomerations of China all pass the
significance test.

DISCUSSION AND LIMITATIONS

Discussion
Comparing our results with previous studies, we find some
similarities and differences.

1. From 2006 to 2015, the average static efficiency of total
factor air pollution emissions in China’s provinces is
relatively low, and the gap between its provinces may
continue to widen in the future (Wang X. et al., 2019).
This is similar to our conclusion. However, their research
focus is on 30 provincial administrative regions in China,
which is different from the analysis of 60 specific cities
contained in China’s three major urban agglomeration. The
low total efficiency of air quality reflects that air pollution
improvement by the China government should be further
carried down to the city level, and the system mechanism
of refinement and grid should be adopted.

2. The atmospheric environmental efficiency (AEE) of BTH,
YRD, and PRD is low (Zhang et al., 2020), which is similar
to our research conclusion. However, their study shows
that the AEE of the three urban agglomerations has been
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TABLE 6 | Energy consumption per GDP, SO2, PM2.5, and industrial smoke and dust emission.

2013 2014 2015 2016 2017

DMU Energy SO2 PM2.5 Smoke Energy SO2 PM2.5 Smoke Energy SO2 PM2.5 Smoke Energy SO2 PM2.5 Smoke Energy SO2 PM2.5 Smoke

BTH Baoding 0.1026 0.1505 0.0528 0.0531 0.1343 0.1699 0.0756 0.0434 0.1265 0.1943 0.0658 0.0809 0.1397 0.1415 0.0718 0.1404 0.1288 0.3717 0.0840 0.4215
Beijing 1.0000 1.0000 0.8156 1.0000 1.0000 1.0000 1.0000 1.0000 0.8817 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Cangzhou 1.0000 1.0000 1.0000 1.0000 0.9462 1.0000 0.7946 0.7474 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Chengde 0.0417 0.2052 0.1789 0.1345 0.0429 0.1952 0.1189 0.0997 0.0397 0.2033 0.1264 0.1024 0.1147 0.2652 0.3778 0.1875 0.1347 0.3518 0.1973 0.6640
Handan 0.0721 0.0680 0.0529 0.0102 0.0848 0.0818 0.0839 0.0098 0.0814 0.0933 0.0811 0.0144 0.0704 0.0593 0.0850 0.0213 0.0762 0.0562 0.0940 0.0569
Hengshui 0.0318 0.1428 0.0213 0.0546 0.0431 0.1230 0.0327 0.0421 0.0423 0.1208 0.0278 0.0682 0.0464 0.1575 0.0301 0.0912 0.0453 0.5542 0.0389 0.3102
Langfang 0.0624 0.2741 0.0640 0.1356 0.0856 0.2602 0.0771 0.1211 0.0878 0.2511 0.0740 0.0641 0.1033 0.1616 0.0909 0.0913 0.1042 0.2572 0.1012 0.1642
Qinhuangdao 0.0465 0.1845 0.1244 0.0494 0.0503 0.1945 0.0970 0.1180 0.0487 0.2175 0.1016 0.1347 0.0436 0.1505 0.1014 0.0753 0.0443 0.1461 0.0861 0.1264
Shijiazhuang 1.0000 1.0000 1.0000 1.0000 0.9274 0.5805 0.8388 0.7507 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.5662 0.5806 0.4924 0.8163
Tangshan 1.0000 1.0000 1.0000 1.0000 0.5726 0.2543 0.9053 0.1376 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Tianjin 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Xingtai 0.0449 0.2336 0.0785 0.0651 0.0538 0.2250 0.0663 0.0892 0.0529 0.2123 0.0734 0.0761 0.0518 0.0934 0.0838 0.0717 0.0493 0.1858 0.0781 0.1101
Zhangjiakou 0.0358 0.1694 0.2052 0.0864 0.0420 0.1651 0.1700 0.1270 0.0399 0.1634 0.1477 0.1269 0.1014 0.5417 0.4127 0.2085 0.0514 0.2292 0.1615 0.1234
Average 0.4183 0.4945 0.4303 0.4299 0.3833 0.4038 0.4046 0.3297 0.4154 0.4966 0.4383 0.4360 0.4362 0.5054 0.4810 0.4529 0.4001 0.5179 0.4103 0.5225

YRD Anqing 0.0702 0.3423 0.1884 0.0407 0.0835 0.3263 0.1742 0.0338 0.0721 0.3268 0.0645 0.0542 0.0717 0.2451 0.0586 0.1064 0.0675 0.2220 0.0608 0.2517
Bengbu 0.1487 1.0000 1.0000 0.6348 0.2845 1.0000 0.7086 1.0000 0.5459 1.0000 0.4670 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Changzhou 0.2014 0.5383 0.2160 0.1023 0.2142 0.4750 0.2150 0.0267 0.2032 0.4137 0.1930 0.0292 0.3016 0.1932 0.2006 0.0459 0.1894 0.0248 0.2458 0.0130
Chizhou 0.0175 0.4208 0.0804 0.1678 0.0748 0.2916 0.1960 0.4855 0.0178 0.2877 0.0658 0.1699 0.0185 0.3174 0.0503 0.1181 0.0180 0.1836 0.0338 0.1011
Chuzhou 0.0592 0.2689 0.1327 0.0259 0.0626 0.2128 0.1210 0.0208 0.0633 0.1994 0.0463 0.0229 0.0703 0.1401 0.0455 0.0656 0.0731 0.1756 0.0543 0.1962
Fuyang 0.0393 0.2556 0.2109 0.0676 0.0408 0.2391 0.1945 0.0466 0.0438 0.2065 0.0225 0.0484 0.0484 0.1002 0.0416 0.0638 0.0492 0.0535 0.0428 0.1874
Hangzhou 0.5566 0.4313 0.4172 0.1578 0.5914 0.3877 0.4180 0.2479 0.6336 0.4096 0.3877 0.1026 0.5297 0.1623 0.4967 0.1651 0.3526 0.0531 0.4967 0.0933
Bozhou 0.0451 0.2894 0.1011 0.1028 0.0557 0.2489 0.0931 0.0490 0.0560 0.2052 0.0339 0.0516 0.0627 0.1241 0.0332 0.1404 0.0633 0.0513 0.0340 0.3511
Hefei 0.2840 0.6057 0.1049 0.1281 0.3760 0.5307 0.1985 0.0629 0.3886 0.4545 0.2035 0.0588 0.1937 0.2782 0.3114 0.1676 0.2132 0.0981 0.2532 0.0755
Huzhou 0.0976 0.2016 0.0395 0.0468 0.0989 0.1812 0.0908 0.0370 0.0978 0.1406 0.0819 0.0398 0.0976 0.0858 0.0916 0.0539 0.0987 0.0818 0.1108 0.1608
Huaibei 0.0249 0.0663 0.2687 0.0218 0.0260 0.0580 0.2481 0.0198 0.0247 0.0504 0.0293 0.0294 0.0260 0.0358 0.0275 0.0436 0.0273 0.0583 0.0265 0.1021
Huangshan 0.0379 0.6066 0.0269 0.1357 0.0412 0.5753 0.0249 0.1192 0.0396 0.5024 0.0403 0.0952 0.0424 0.2178 0.0384 0.1151 0.0409 0.1669 0.0455 0.2725
Jiaxing 0.1817 0.1772 0.1591 0.0908 0.1816 0.1519 0.1765 0.0744 0.1777 0.1481 0.1478 0.1069 0.1755 0.1554 0.1655 0.1823 0.1807 0.1360 0.1929 0.3765
Jinhua 0.1798 0.3276 0.1454 0.0637 0.1832 0.3098 0.1466 0.0486 0.1852 0.2352 0.1364 0.0483 0.1838 0.2447 0.1478 0.1102 0.0885 0.0318 0.1915 0.0345
Lu’an 0.0507 0.3047 0.1391 0.0682 0.0593 0.2597 0.1286 0.0183 0.0502 0.2380 0.0424 0.0281 0.0544 0.3164 0.0488 0.1622 0.0253 0.0801 0.0521 0.0501
Maanshan 0.0333 0.2580 0.0872 0.1536 0.1520 0.2510 0.3514 0.1965 0.0354 0.2620 0.0951 0.0802 0.0297 0.2375 0.1156 0.0578 0.0319 0.1979 0.1050 0.0534
Nanjing 0.3138 0.3096 0.3693 0.0979 0.3231 0.2960 0.3538 0.0619 0.3340 0.2546 0.3692 0.0590 0.4186 0.3888 0.4030 0.0990 0.2418 0.0836 0.5254 0.0335
Nantong 0.3475 0.3616 0.2543 0.1276 0.3653 0.3218 0.2706 0.0952 0.3701 0.3040 0.2349 0.1080 0.3729 0.1934 0.2710 0.2242 0.2350 0.0565 0.3472 0.1078
Ningbo 0.3945 0.2175 0.4537 0.2013 0.3985 0.2242 0.4893 0.0723 0.3672 0.2228 0.3974 0.1779 0.4164 0.2304 0.4218 0.1916 0.2502 0.0433 0.5115 0.0591
Shanghai 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Shaoxing 0.2373 0.2732 0.2020 0.0915 0.2393 0.2255 0.1995 0.0747 0.2297 0.2103 0.1807 0.0845 0.2264 0.1956 0.2027 0.1807 0.1064 0.0394 0.2422 0.0730
Suzhou 0.6234 0.3240 0.6483 0.1429 0.6234 0.2895 0.6201 0.1294 0.5802 0.2780 0.5572 0.1244 0.3971 0.0540 0.9033 0.0709 0.4258 0.0253 0.8191 0.0490
Taizhou Zhejiang 0.2814 0.3000 0.2045 0.1831 0.2817 0.4148 0.2322 0.1750 0.2721 0.3145 0.1869 0.1342 0.2660 0.3226 0.2149 0.2144 0.1484 0.0447 0.2484 0.0586
Taizhou Jiangsu 0.1306 0.2763 0.1458 0.1733 0.1411 0.2248 0.1397 0.0977 0.1359 0.2985 0.1329 0.1546 0.2143 0.2879 0.1496 0.1918 0.1372 0.0421 0.1609 0.0749
Tongling 0.0279 0.2543 0.2603 0.1678 0.0307 0.2831 0.1800 0.1721 0.0357 0.2444 0.0571 0.1319 0.0318 0.1991 0.0630 0.1400 0.0346 0.1603 0.0529 0.0961
Wuxi 0.4422 0.3984 0.1767 0.1300 0.4401 0.3960 0.3698 0.0761 0.5257 0.3511 0.3208 0.0823 0.5199 0.1801 0.3452 0.0896 0.3930 0.0850 0.4484 0.0965
Wuhu 0.1194 0.2334 0.0632 0.0404 0.1370 0.2019 0.1011 0.0236 0.1396 0.1756 0.0434 0.0345 0.1428 0.0900 0.0939 0.0335 0.1496 0.0997 0.1127 0.1052
Xuancheng 0.0375 0.1795 0.0668 0.0152 0.0416 0.1634 0.0615 0.0129 0.0415 0.1411 0.0441 0.0149 0.0445 0.1338 0.0389 0.0401 0.0462 0.0767 0.0441 0.0889
Yancheng 0.1924 0.3393 0.1906 0.0946 0.2008 0.2949 0.1951 0.0952 0.2300 0.2718 0.1846 0.0606 0.2926 0.1632 0.1960 0.0955 0.1855 0.0402 0.2084 0.0606
Yangzhou 0.2204 0.3308 0.0802 0.1842 0.2294 0.2958 0.1670 0.0505 0.2419 0.2603 0.1614 0.1650 0.2939 0.3105 0.1607 0.2241 0.1803 0.0482 0.1672 0.0719
Zhenjiang 0.1513 0.2408 0.1608 0.1497 0.1618 0.2484 0.1517 0.2370 0.1657 0.2439 0.1378 0.1234 0.1674 0.1434 0.1531 0.1248 0.1256 0.2580 0.1581 0.4236
Zhoushan 1.0000 1.0000 1.0000 1.0000 0.1468 0.8290 0.2781 0.3365 0.4972 0.8185 0.5399 1.0000 0.1055 0.9814 0.3400 1.0000 0.5395 0.9971 1.0000 1.0000
Average 0.2358 0.3792 0.2686 0.1815 0.2277 0.3503 0.2592 0.1624 0.2438 0.3272 0.2064 0.1694 0.2443 0.2728 0.2447 0.2037 0.2100 0.1786 0.2810 0.2099

PRD Dongguan 0.2873 0.0499 0.3227 0.0483 0.2863 0.0546 0.3022 0.0457 0.2947 0.0536 0.3088 0.0665 0.2921 0.0435 0.2906 0.0938 0.2479 0.0515 0.2889 0.0590
Foshan 0.3951 0.4646 0.2795 0.1579 0.4137 0.4720 0.5357 0.2431 0.6078 0.4655 0.8377 0.5465 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Guangzhou 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Heyuan 0.0340 0.2862 0.0381 0.1207 0.0348 0.2571 0.0578 0.0731 0.0338 0.1906 0.0516 0.0763 0.0343 0.0485 0.0529 0.1035 0.0327 0.3220 0.0624 0.2583
Huizhou 0.1182 0.3882 0.1269 0.0932 0.1220 0.3508 0.2509 0.0733 0.1215 0.3055 0.2529 0.1192 0.1178 0.2163 0.2382 0.1189 0.1074 0.1883 0.2458 0.6004
Jiangmen 0.1111 0.1420 0.1375 0.1141 0.1065 0.1459 0.1420 0.0925 0.1082 0.1405 0.1447 0.1095 0.1075 0.2229 0.1376 0.1322 0.1084 0.1677 0.1374 0.2642
Qingyuan 0.0300 0.2169 0.0475 0.0250 0.0301 0.1800 0.0825 0.0233 0.0308 0.1623 0.0827 0.0171 0.0306 0.0755 0.0710 0.0244 0.0293 0.1030 0.0775 0.4123
Shanwei 0.0514 0.2339 0.0340 0.1160 0.0495 0.2393 0.0643 0.1135 0.0455 0.1663 0.0606 0.1247 0.0455 0.3385 0.0654 0.4145 0.0193 0.0572 0.0634 0.1905
Shaoguan 0.0232 0.0875 0.0401 0.1713 0.0240 0.0935 0.0674 0.0181 0.0238 0.0990 0.0754 0.0212 0.0256 0.1087 0.0823 0.0221 0.0199 0.0900 0.0790 0.0592
Shenzhen 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Yangjiang 0.0579 0.2456 0.0380 0.0762 0.0597 0.1682 0.0940 0.0245 0.0588 0.1434 0.0847 0.0370 0.0492 0.0901 0.0809 0.0666 0.0419 0.0695 0.0802 0.1749
Yunfu 0.0190 0.0931 0.0242 0.0370 0.0192 0.0806 0.0604 0.0272 0.0188 0.0929 0.0451 0.0488 0.0189 0.0400 0.0423 0.0455 0.0177 0.0311 0.0420 0.0933
Zhaoqing 0.0851 0.5109 0.1073 0.1293 0.0858 0.4509 0.1426 0.1964 0.0844 0.3631 0.1574 0.1492 0.0819 0.2106 0.1574 0.1355 0.0742 0.1575 0.1514 0.1115
Zhongshan 0.1625 0.4819 0.1851 0.1083 0.1611 0.4392 0.2195 0.1113 0.1577 0.3413 0.2014 0.1433 0.1536 0.1815 0.2040 0.2451 0.0762 0.1299 0.2005 0.0816
Zhuhai 0.1189 0.3303 0.1586 0.1478 0.1235 0.3155 0.1626 0.0977 0.1214 0.2507 0.1428 0.1072 0.1222 0.6322 0.1577 0.1025 0.1259 0.1311 0.1543 0.4333
Average 0.2329 0.3687 0.2360 0.2230 0.2344 0.3498 0.2788 0.2093 0.2471 0.3183 0.2964 0.2378 0.2719 0.3472 0.3054 0.3003 0.2601 0.2999 0.3055 0.3826

Efficiency scores of each city in the three major urban agglomerations from 2013 to 2017.
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FIGURE 5 | (A–D) Average scores of each index of the three major urban agglomerations. (A) Each urban agglomeration’s average efficiency scores of energy
consumption per GDP. (B) Each urban agglomeration’s average efficiency scores of industrial smoke and dust emissions. (C) Each urban agglomeration’s average
efficiency scores of PM2.5. (D) Each urban agglomeration’s average efficiency scores of SO2.

TABLE 7 | Friedman test score of total efficiency.

Year Average score of BTH Average score of PRD Average score of YRD Friedman test score

2013 0.6055 0.4550 0.4373 0.000***

2014 0.4637 0.3433 0.2687 0.000***

2015 0.5576 0.3993 0.3234 0.000***

2016 0.5669 0.4104 0.3187 0.000***

2017 0.5534 0.4357 0.3475 0.000***

The data in the table are calculated with SPSS Statistics 25 software (IBM Corporation, Armonk, NY, United States). ***Significant confidence interval of 0.05 (two-tailed
test).

increasing annually. The lowest AEE and pollutant shadow
prices are for BTH. In our article, the efficiency scores of the
three major urban agglomerations in China overall show a
trend of fluctuation and decline, and BTH has the highest
efficiency. This may be due to the adoption of different
methods. In addition, the feasibility of using a shadow price
to regulate efficiency and to promote policies needs to be
further verified.

3. No matter for short-term or long-term energy efficiency
and CO2 emissions efficiency, China within BRICS has
the worst efficiency (Chang and Hu, 2018), which is
similar to our research conclusion. However, their research
analyzes long-term potential energy savings, potential
emission reduction, and long-term technology gaps on
energy utilization and CO2 emissions in G7 and BRICS,
conducts an overall analysis of carbon emission efficiency

from the perspective of energy utilization, and puts forward
suggestions. This article focuses on the evaluation and
improvement of the air quality of the three major urban
agglomerations in China and puts forward suggestions for
the specific situation of different urban agglomerations
from the perspective of a number of air quality indicators.

4. China has not achieved coordinated development between
the environment and economic growth in the past decade
(Cheng et al., 2019). This is similar to our conclusion. We
find that some cities of the three urban agglomerations,
such as Langfang, Ningbo, Wuhu, Tongling, Chizhou,
Lu’an, Zhaoqing, Heyuan, and Jiangmen, tend to focus
on developing their economy rather than controlling air
pollution. With the annual increase of GDP, although the
emissions of pollutants have been decreasing year by year,
the efficiency of pollution control remains at a low level,
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FIGURE 6 | (A) SO2 efficiency scores of typical cities. (B) Industrial smoke and dust emission efficiency scores of typical cities.

even showing a downward trend. This fully means that the
economic development and pollution control of these cities
cannot be effectively coordinated together.

Limitations
We only research the air quality problems of the three major
urban agglomerations in China from their existing air index data
and do not consider the specific reasons for the differences in air
control efficiency of these agglomerations. In a follow-up study,
we shall carry out a specific analysis of the influencing factors of
air quality, so as to further explore the reasons for the differences
as well as the advantages and disadvantages of air quality between
urban agglomerations and within cities.

CONCLUSION AND RECOMMENDATION

Conclusion
This study uses the Modified MetaFrontier Dynamic SBM model
to evaluate and measure the air quality of 57 prefecture-level
cities and 3 municipalities directly under the central government
included in the three major urban agglomerations. The empirical
results are as follows.

1. The level of air pollution prevention and control in China’s
three major urban agglomerations is relatively low, and
YRD, where most economic development is taking place,
has the worst effect of air pollution prevention and control.
Under the metafrontier, BTH shows the best performance,
with an average MFE of 0.5091, while YRD and PRD show
the worst performance, with an average MFE of 0.3002 and
0.3461, respectively. The average development of YRD’s
5-year total efficiency score illustrates a “W” shape, with
an average annual decline of 5.58%. There is still a lot of
room to improve the development level of air pollution
prevention and control, which still needs policy guidance
and technical support.

2. The cities show obvious polarization in air pollution
prevention and control. We note that 68.33% of the
urban air pollution control level is low and shows
a downward trend. In the cluster analysis, all cities
are divided into two clusters. The first cluster has a
cluster center of 0.9054 and has 11 cities. The second
cluster has a cluster center of 0.2891 and has 49 cities.
The two clusters show a clear, obvious differentiation.
With the implementation of pollution prevention and
control policies by the China government, polarization has
improved, but remains stagnant.
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1. No positive correlation appears between the economic
development of individual cities and the emissions of
pollutants. The core cities’ GDP come out in front in 2013–
2017, but their pollutant emissions are only in the middle
level. The overall efficiencies and sub-index efficiencies of
the core cities are 1, representing the frontier of the three
urban agglomerations.

2. Due to the reduction of SO2 and industrial smoke and
dust emission efficiencies, the air quality efficiency of
the three urban agglomerations decreased in 2014. After
that, with the improvement of industrial smoke and dust
efficiency, air quality efficiency gradually improved. The air
quality efficiency of the three urban agglomerations shows
a V-shape, which is consistent with the sub efficiency-
trend of industrial smoke and dust emissions. However,
we also note that SO2 efficiency shows a downward trend.
The central government should strengthen the control of
industrial smoke, dust, and SO2 to reduce emissions and
improve the efficiency of air quality control.

Recommendations
Based on the above conclusions, we believe that the central
government should formulate different policies according to the
different characteristics of the three major urban agglomerations,
so as to improve the efficiency of air pollution control. We present
some suggestions as follows.

The three major urban agglomerations should promote
economic development in order to improve the positive effect
of economic growth on reducing emissions. At the same time,
the industrial smoke and dust emissions of the three urban
agglomerations are very serious and need to be strictly controlled.

Air pollution in BTH is relatively serious. The regional
governments of BTH should accelerate the adjustment of
industrial structure, vigorously develop a low-carbon economy
and a green economy, and reduce air pollution while at the same
time developing the overall economy. For prevention and control
of air pollution, the governments should improve existing dust
removal technology and equipment in order to strictly manage
the PM2.5 generated by industrial production and reduce vehicle
exhaust emissions to reduce this pollution further.

The polarization of the efficiency scores in YRD is
extraordinarily serious. In order to improve the overall
economic strength of this region, it is necessary to enhance the
infrastructure construction, improve the relationship between
cities within the urban agglomeration, and give play to the
radiative driving role of core cities and sub-core cities. In terms
of air pollution prevention and control, attention should be paid
to the treatment of SO2. New and highly efficient desulfurization

technology can be developed and vigorously promoted to reduce
SO2 emissions. In accordance with the requirements of new
technology and environmental quality, emission fees should
be raised. At the same time, the use of traditional fossil energy
should be cut, and the use of clean energy should be promoted.
Moreover, relevant laws and standards can be formulated to
regulate the treatment of industrial smoke and dust emissions.

The air quality of PRD is generally good, and so attention
should be paid to economic development, but air pollution
should still not be ignored. In terms of the economy,
the governments there should make full use of scientific
and technological innovation and strategic advantages to
develop high-tech industries and improve the overall economic
development efficiency with a better industrial structure. In terms
of air pollution prevention and control, due to the better overall
air quality, smaller emission reduction targets can be set up to
ensure rapid economic development.
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APPENDIX

Input variables:
Employed Population: Employed Population refers to the population within a certain age range, with labor capacity, engaged in

certain social labor, and obtaining labor remuneration or operating income. In China, it specifically refers to the population aged 16
and above. This study uses the number of employees in each city each year as one of the input variables. Unit: persons.

Energy Consumption per Unit of GDP: According to the interpretation of energy consumption indicators by the National Bureau
of Statistics of China, total energy consumption refers to the synthesis of various energy consumed in a certain period of time by
each city’s national economy, which includes various industries and resident families. It is mainly calculated by compiling the energy
balance table, which is divided according to the regional energy consumption. China’s energy includes primary energy, secondary
energy, other fossil, renewable energy, and new energy. Primary energy mainly includes raw coal, crude oil, natural gas, hydro
energy, nuclear energy, wind energy, solar energy, geothermal energy, biomass, etc., including petroleum energy consumed in the
transportation process, but excluding energy fuels in the power industry. Energy Consumption per Unit of GDP is the main indicator
reflecting the level of energy consumption, energy conservation, and consumption reduction. The ratio of total primary energy
consumption to GDP is an indicator of energy utilization efficiency. This indicator shows the utilization degree of energy in a country’s
economic activities, reflecting the changes of economic structure and energy utilization efficiency. Energy Consumption per Unit of
GDP in this study is calculated from the ratio of total primary energy consumption to GDP in each city each year. Unit: 1 tce per
10,000 RMB, where tce is tons of standard coal equivalent.

Output variables:
GDP (Desirable): GDP refers to the final result of production activities of all resident units in a country (or region) in a certain

period of time calculated according to the national market price, which is generally recognized as the best indicator to measure
the national economic situation. GDP is an important comprehensive statistical index in an accounting system and also the core
index in the new national economic accounting system. GDP in this study is the annual gross domestic product of each city.
Unit: 10 billion RMB.

Industrial SO2 Emissions (Undesirable): Sulfur dioxide pollution sources include the combustion of sulfur-containing fuel (such
as coal and oil), the combustion and emission of hydrogen sulfide in oil and gas well operations, smelting of sulfur-containing ore
(especially non-ferrous metal ore with more sulfur), and production processes of the chemical industry, oil refining, sulfuric acid
plant, etc. According to the Ecological Environment Statistical Investigation System and National Economic Industry Classification
issued by the National Bureau of Statistics of China, the industries involved in sulfur dioxide emissions from industrial sources mainly
include all industrial enterprises in three categories: mining, manufacturing, and production and supply of electricity, heat, gas, and
power, excluding various transportation industries. In the statistical process, the statistical departments at all levels shall publish,
fill in and summarize the key investigation units one by one, and make an overall estimation of the pollution discharge of non-key
investigation units. Different industries have different calculation formulae for sulfur dioxide emissions. The total industrial sulfur
dioxide emissions of a city are obtained by integrating the sulfur dioxide emissions of different industries. The SO2 indicator is each
city’s annual Industrial SO2 Emission data. Unit: 100 tons.

Absorptive Fine Particulates – PM2.5 (Undesirable): The data of PM2.5 come from multiple environmental detection stations in
each city – that is, the monitoring values of multiple sampling points. The environmental monitoring station mainly uses conical
element oscillating microbalance, β X-ray, and other methods to measure PM2.5 (µg/m3). The calculation of PM2.5 mean value is
from the mean value of the data of all monitoring points in a certain period of time in each city, then summing the mean value of each
period, then calculating the mean value, and finally taking the average value of multiple sampling points of PM2.5. PM2.5 refers to
particles with an aerodynamic equivalent diameter of 2.5 microns or less in ambient air. They have a small particle size, large surface
area, strong activity, can easily be attached to toxic and harmful substances (such as heavy metals, microorganisms, etc.), spend a
long time in the atmosphere, and can cover a long transportation distance. Thus, they have a greater impact on human health and
atmospheric environment quality. The PM2.5 indicator in this study is the annual average concentration of PM2.5 in air in each city.
Unit: µ g/m3.

Industrial Smoke Dust Emissions (Undesirable): The variable is the annual industrial smoke dust emissions of each city. Industrial
smoke dust may contain toxic metal dust and non-metal dust (chromium, manganese, cadmium, lead, mercury, arsenic, etc.).
According to the interpretation of main statistical indicators in China’s National Statistical Yearbook, industrial smoke emissions
are the sum of the total mass of particles entrained in the flue gas discharged into the atmosphere by industrial source industries in
each city during fuel combustion and the production process and solid particles that can be suspended in the air for a certain time.
The industries included are consistent with those in the industrial sulfur dioxide emission index. Unit: 100 tons.

Carry-over variable:
Fixed Assets (Capital Stock): Investment in fixed assets is the workload of the activities of building and purchasing fixed assets in the

form of currency. This study calculates the Fixed Asset investment of each city each year (excluding peasants households’ investment).
Unit: 10 billion yuan RMB.
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