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Abstract: With the contradiction between energy supply and demand around the world, urbanization
formed with high-investment, high-consumption, and high-emission has significantly impaired
the ecological environment of China. The evaluation of environmental impact is a must for
decision-makings related to sustainable urbanization. This paper assessed the dynamic environmental
performance of 285 cities in China from 2005 to 2013 based on the Malmquist-Luenberger index,
an expanded data envelopment analysis (DEA) model. To ensure comparability among cities,
a two-step clustering method was used to classify all cities into three types. From the results,
we found (1) 166 and 185 cities’ environmental conditions remained the improvement during the
research period under the meta-frontier and group frontier respectively. (2) Low and Medium energy
intensity cities performed better than high energy intensity cities. (3) The environmental performance
under the group frontier was overestimated compared with the meta-frontier. (4) The trends of
environmental improvement and economic growth are significantly inconsistent. Overall, all ways
to decrease undesirable outputs and increase desirable outputs, such as technological innovation,
industrial structure optimization and regional cooperation, should be encouraged to achieve urban,
regional and country sustainability.

Keywords: environment performance; data envelopment analysis; Malmquist-Luenberger index;
dynamic analysis; China; sustainability

1. Introduction

Now more than half of the world’s people live in cities [1], and the proportion is predicted to
rise to 66% by 2050 [2]. During urbanization, it is critical to build functional cities to improve both
the productivity and the economic efficiency [3]. However, the process of urbanization often brings
production activities with high-investment, high-consumption, and high-emission. The contradiction
between urban development and ecological environment protection is increasingly intense and
therefore gives rise to the evaluation of urban environmental performance. A clear understanding of
urban environmental condition could support the decisions for economic sectors [4].

Existing researches have noticed the importance of environmental outputs and environmental
factors have been introduced to evaluate the performance of an economic unit. Some methods
such as the balanced expected and unexpected productivity [5], the balanced scorecard [6],
and questionnaires [7] have been used to evaluate the environmental performance of a company
or an economic activity. Additionally, as for a city or region, some methods such as Environmental
Performance Assessment (EPA) [8] and fuzzy multi-criteria analysis [9,10] have been used to assess
the environmental impact by identifying the evaluation factors.

However, it is difficult to identify environmental factors of a city specifically because of the
characteristics of system integration, multi-stakeholders, and complexity [11]. The general solution
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is to identify proper indicators that represent the environmental impact of a city. Some studies
have concluded evaluation indicators of urban environmental performance [12,13], but they referred
to the subjective scoring process which is difficult to be used for complex situations. The data
envelopment analysis (DEA) is a method to measure the productivity with multiple input and
output decision-making units (DMUs) [14]. DMUs emphasize the fact that the focus is not on
performance generating entities, but rather on decision making entities. To assess input and output
indicators simultaneously, the Malmquist-Luenberger (ML) index is an efficient method to evaluate the
environmental performance of a subject [15]. Additionally, the ML model could be used to analyze the
dynamic change of environmental performance and measure the efficiency and technological progress
and regress [16,17].

The main purpose of this paper is to rank 285 cities based on the environmental performance
and identify dynamic change related to efficiency and technology. In general, gross domestic product
(GDP) has been used as an important indicator to evaluate the economic situation of a city, region or
country for a long time. The excessive pursuit of economic growth has brought severe environmental
problems such as haze and water pollution because of ignoring environmental protection. Therefore,
environmental indicators should be included in the evaluation system to fully reflect the real level
of urban development. In this paper, we investigate environmental performances of cities in China
and provide corresponding suggestions to the government and economic sectors for sustainable
development. To ensure comparability among cities a two-step clustering method was used to classify
all cities into three types. Also, the performances under the group frontier and meta-frontier were both
assessed to compare cities’ rankings. Importantly, this study expanded the evaluation method and
enriched the theoretical system of environmental performance.

2. Methodology

Cities are concentrated on human activities which generate interaction between humans
and the environment and the interaction drives population agglomeration, economic production,
resource consumption and even pollution emission. All of these activities impact the environmental
performance of a city. Based on the input-output model, these two-side indicators were identified
to evaluate the urban environmental performance in China. In practice, the levels of economic
development, production technologies, and policy supports vary in different cities. Therefore, to ensure
comparability among cities, a two-step clustering method was used to classify all cities into three types,
i.e., low energy intensity city, medium energy intensity city, and high energy intensity city according
to the energy consumption per unit of GDP. In three clusters the production technology set of optimal
urban environmental performance was chosen to construct three technology frontiers respectively.
Additionally, the production technology set of optimal urban environmental performance in all cities
was chosen to construct one common technology frontier. Compared with the traditional DEA model,
the Malmquist-Luenberger (ML) model is an efficient method to analyze undesirable outputs [18].
The main difference is that directional distance functions are used to construct the ML index but the
Shepherd distance functions are used in the traditional DEA model [19]. In this paper, to identify
the undesirable environmental impact, the meta-frontier ML index was used to develop a dynamic
evaluation model of urban environmental performance in China [20].

2.1. Production Possibility Set

According to the study of Färe’s [21], the production possibility set (PPS) is a set of possible
DMUs and PPS which includes a set of inputs and outputs. In this paper, there are M desirable
outputs, y = (y1, y2, · · · , yM) ∈ RM

+ and I undesirable outputs b = (b1, b2, · · · , bI) ∈ RI
+ by using N

inputs x = (x1, x2, · · · , xN) ∈ RN
+ and PPS is presented by P(x) which is a bounded closed set and is

expressed as follows:

P(x) = {(y, b) : x can product (y, b)}, x ∈ RN
+ (1)
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Then P(x) is required to meet three conditions as follows:

(1) The strong disposability of desirable outputs is also required, as follows:

if (y, b) ∈ P(x) and y′ ≥ y or x′ ≥ x, then (y′, x) ∈ P(x), P(x) ⊆ P(x′) (2a)

(2) A weak disposability assumption needs to be imposed onto the PPS, as follows:

if (y, b) ∈ P(x) and 0 ≤ θ ≤ 1, then (θy, θb) ∈ P(x) (2b)

(3) The null-jointness is assumed, as follows:

if (y, b) ∈ P(x) and b = 0, then y = 0 (2c)

The axiom in Equation (2a) implies that some desirable outputs can always be disposed of without
any additional cost, and the output set will not shrink when the inputs used in production activities
are increased. The axiom in Equation (2b) implies that any proportional contraction of desirable and
undesirable outputs is also feasible if the original combination of desirable and undesirable outputs is
in the PPS. The axiom in Equation (2c) implies that undesirable outputs always are produced when
desirable outputs are produced in the PPS.

2.2. Malmquist-Luenberger Index

The directional distance function (DDF) is an important tool to measure output and input distances
and get the optimal solution based on production theory [22,23]. Hence, DDF was used to measure the
optimal solution of the PPS. In this section, meta-frontier and ML index were combined to measure
the environmental performance. The concept of meta-frontier was proposed by Hayami [24] to solve
error problems of the single production frontier. This model generated a meta-frontier by enveloping
three single group frontiers of different groups as shown in Figure 1. Models under group frontier and
meta-frontier were all built to measure the environmental performance.
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Figure 1. Concept of the meta-frontier Malmquist–Luenberger productivity index.

In the model, xi ∈ R4
+ is the input vector, yi ∈ R1

+ is the expected output vector and bi ∈ R3
+ is

unexpected output vector. Cities were divided into three groups by two-step clustering as shown in
the next chapter. The DMUs were assigned to the same set of technologies, as follows:

T j = {(xi, yi, bi) : xi can product yi} (3)
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The P(x) can be defined as follows:

Pj(xi) =
{
(yi, bi) : (xi, yi, bi) ∈ T j

}
(4)

Pj(xi) represents the production possible set of the j group under the group frontier or
meta-frontier. T j represents the technology set of the j group under different frontiers. The upper
boundary of the P(x) is the frontier, so its DDF can be defined as follows:

→
D

t
(xt, yt, bt) = sup

β

{
β : (yt + βgt

y, bt − gt
b) ∈ Pj(xi)

}
(5)

Its technical efficiency and the relationship between meta-frontier (MLt
M) and group frontier

(MLt
G) can be expressed as follows:

0 ≤
⇀
D

t

M(xt, yt, bt) = MLt
M(xt, yt, bt) ≤ MLt

G(xt, yt, bt) ≤ 1 (6)

Under the frontier, the environmental performance index MLt,t+1 of a certain type of city is
defined in the period from t to t+1. By using directional distance functions, the ML index can be
decomposed as follows [20,25]:

MLt,t+1 =

[
1+
→
D

t
(xt ,yt ,bt)

1+
→
D

t
(xt+1,yt+1,bt+1)

× 1+
→
D

t+1
(xt ,yt ,bt)

1+
→
D

t+1
(xt+1,yt+1,bt+1)

] 1
2

= 1+
→
D

t
(xt ,yt ,bt)

1+
→
D

t+1
(xt+1,yt+1,bt+1)

×
[

1+
→
D

t+1
(xt ,yt ,bt)

1+
→
D

t
(xt ,yt ,bt)

× 1+
→
D

t+1
(xt+1,yt+1,bt+1)

1+
→
D

t
(xt+1,yt+1,bt+1)

] 1
2

= MLTEt+1

MLTEt ×
[

MLTGt,t+1
t ×MLTGt,t+1

t+1

] 1
2

= MLECt,t+1 ×MLTCt,t+1

(7)

where MLt,t+1 represents the environmental performance change index under the frontier, MLTE
represents technical efficiency at the time period, MLTG represents a technical gap between t and
t+1 along the ray from the observation at different time periods, MLEC and MLTC represent the
intertemporal change of efficiency and technology respectively. They indicate the intertemporal change
ratio of the actual environmental performance level of a city to the environmental performance level

under the production frontier. Additionally,
→
D

t
(xt, yt, bt) represents the environmental performance

level of a city in the t period,
→
D

t+1
(xt+1, yt+1, bt+1) represents the level of environmental performance

of a city during the period t + 1,
→
D

t+1
(xt, yt, bt) represents the environmental performance level of a city

in the period t with reference to the t+1 period, and
→
D

t
(xt+1, yt+1, bt+1) represents the environmental

performance level of a city in the period t+1 with reference to the t period.
If MLEC > 1, it means that the configuration of reasonable allocation of input and output

indicators is optimized. If MLEC < 1, it means that the configuration of reasonable allocation
of input and output indicators is poor. MLTC measures the degree of technological progress.
If MLTC > 1, it means that the technical level is improved. In details, if ML > 1, it shows that
the city’s environmental performance has been improved. The ML index, the efficiency change index
MLEC, and the technological progress index MLTC, greater than 1 respectively indicate the growth of
urban environmental performance, the technological improvement, and the increased distance (the
raised efficiency) of the evaluated city from the production frontier. Less than 1 respectively indicates
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the decline of a city’s environmental performance, technical retrogression, and the reduced distance
(the reduced efficiency) of the evaluated city from the production frontier.

3. Empirical Results

In this section, the data from 285 cities in China were clustered into three types using the
two-step cluster method to ensure comparability. The urban environmental performances under
the meta-frontier and group frontier were both evaluated dynamically to compare cities’ rankings.
Additionally, the urban economic growth was compared with the ML growth to identify the true
economic achievement when combining both economic and environmental factors.

3.1. Data and Sources

The data used in this paper was collected in the China City Statistical Yearbooks from 2005 to
2013, which provide annual time series of four input and four output variables of 285 cities in China.
As the selection of variables should be performed in a scientific, systematic, and rigorous way rather
than relying on subjective intentions, this paper therefore selected the input and output variables
based on the principles of policy relation, comparability, data availability, and representability. Table 1
shows the selected variables from existing research studies.

It is notable that the number of variables depends on the number of DMUs and only matching
between them can get the best results [26]. According to existing research, the number of DMUs should
not be less than twice the total number of input and output variables [27]. In this paper, the literature
review method was used to choose the input and output variables which refer to environment,
economy and society as shown in Table 1. Finally, eight variables were identified including input
variables i.e., Labor (X1), Capacity Stock (X2), Water Consumption (X3), Energy Consumption (X4) and
output variables i.e., GDP (X5), Industrial Waste Water Emissions (X6), SO2 Emissions (X7), and Dust
Emissions (X8). Notably, the variables X6, X7, and X8 are unexpected outputs and means these outputs
are negative results of urban economic activities. Figure 2 shows the data structure of the Input-Output
variables system. Notably, the number of DMUs far exceeds the number of variables, which meets the
principle of variable selection.

Table 1. Variables identification.

Literatures X1 X2 X3 X4 X5 X6 X7 X8

Wang, 2013 [26]
√ √ √ √ √

Meng, 2013 [28]
√ √ √

He, 2013 [29]
√ √

Jin, 2014 [30]
√ √ √

Chen, 2014 [31]
√ √ √

Genovese, 2014 [32]
√ √

Silva, 2015 [33]
√ √

Bai, 2016 [34]
√ √ √

Li, 2016 [35]
√ √ √

Beltrán-Esteve, 2017 [36]
√ √ √ √

Zuo, 2017 [37]
√ √ √ √

In fact, each city is different with respect to economic growth, production technologies, and policy
support levels. For example, from the perspective of environmental performance, cities with high
production ability which means high energy consumption cannot be compared with cities with low
production ability. This indicates that comparison among cities with different levels is inappropriate.
Therefore, in this paper, the energy consumption per GDP was used to classify 285 cities into three
types which show different technological levels under the group frontier [38]. By two-step clustering
using SPSS software, 285 cities in China were partitioned into three clusters, of which the means of the
energy consumption per GDP are 0.04, 0.11, and 0.43, respectively. These three types of cities were
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named low energy intensity, medium energy intensity, and high energy intensity city as shown in
Table 2 and Figure 3.Sustainability 2018, 10, x FOR PEER REVIEW  6 of 17 
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Table 2. Clustering results of cities.

Types Clusters Mean Number Cities (Partly)

Low Energy
Intensity 1 0.04 198 Ankang, Baise, Bayanzhuoer, Bengbu, Baicheng,

Bazhong, Binzhou, Baoji, Cangzhou, Baoding
Medium Energy

Intensity 2 0.11 78 Anqing, Baiyin, Anshun, Baotou, Anshan, Anyang,
Changzhou, Benxi, Beijing, Quzhou

High Energy
Intensity 3 0.43 9 Jinchang, Jiayuguan, Panzhihua, Shizuishan,
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3.2. Environmental Performance under the Meta-Frontier

MAXDEA software was used to calculate the ML index and its decomposition indexes MLEC
and MLTC, namely efficiency change (EC) index, and technological change (TC) index below. Among
285 cities, the ML indexes of 166 cities are greater than 1, which indicates that the urban environmental
performances of these cities have been improved during the observation period. Table 3 shows the
results of ML, EC, and TC indexes under the meta-frontier and group frontier in selected cities with
higher and lower results during the period of 2005 to 2013. Within the type of Low and Medium
Energy Intensity, cities with the highest growth of urban environmental performance are Hefei and
Xiamen, increasing average 30% and 19.9%, respectively. The cities with the highest decrease of
urban environmental performance are Pingliang and Yichun, decreasing average 27.1% and 25.8%,
respectively. Within the type of High Energy Intensity, the urban environmental performances of all
cities decreased averagely while the largest decline was 15.1% in Yangquan and the smallest decline
was 0.6% in Shizuishan.

Table 3. ML index under two kinds of frontier (Partly).

City-Meta Cluster EC TC ML City-Group Cluster EC TC ML

Hefei 1 1.142 1.138 1.300 Hefei 1 1.142 1.157 1.321
Songyuan 1 1.199 1.071 1.283 Shenyang 1 1.098 1.185 1.301

Huanggang 1 1.166 1.074 1.252 Songyuan 1 1.237 1.040 1.287
Huhehaote 1 1.172 1.067 1.250 Huhehaote 1 1.172 1.073 1.258
Shenyang 1 1.098 1.137 1.249 Huanggang 1 1.166 1.072 1.250
Pingliang 1 0.797 0.915 0.729 Pingliang 1 0.797 0.900 0.717
Xiamen 2 1.118 1.073 1.199 Chongqing 2 1.050 1.144 1.201

Chongqing 2 1.119 1.046 1.170 Anyang 2 1.126 1.056 1.189
Zhengzhou 2 1.124 1.039 1.168 Nanjing 2 1.124 1.033 1.162

Nanjing 2 1.109 1.020 1.130 Leshan 2 1.083 1.071 1.161
Haikou 2 1.034 0.996 1.130 Baotou 2 1.074 1.075 1.155
Yichun 2 0.992 0.748 0.742 Liangyang 2 0.810 1.022 0.828

Shizuishan 3 1.006 0.989 0.994 Shizuishan 3 0.984 1.155 1.136
Panzhihua 3 1.076 0.918 0.988 Wuhai 3 1.021 1.072 1.095
Jiayuguan 3 0.991 0.992 0.982 Panzhihua 3 1.014 1.016 1.030
Yangquan 3 0.902 0.940 0.849 Tongchuan 3 1.000 1.000 1.000
Jinchang 3 0.947 0.934 0.884 Xining 3 1.005 0.994 0.999

Tongchuan 3 0.999 0.926 0.925 Jinchang 3 0.995 0.989 0.985

Abbreviations: ML: Malmquist-Luenberger index, EC: efficiency change index of ML, TC: technological change
index of ML, City-Meta: cities’ indexes under the meta-frontier, City-Group: cities’ indexes under the group frontier.

Figure 4 shows the results of the ML indexes in three types of cities between 2005 and 2013.
The ML indexes in low energy intensity cities are significantly lower than those in high and medium
energy intensity cites which means the improvement of urban environmental performance in low
energy intensity cities is insignificant. These results match the practice. For cities consuming smaller
energy, the marginal utility of policies related to the environment is weakened. So it is difficult to
improve the condition of urban environment significantly. Additionally, towards the end of the Chinese
eleventh five-year plan (2006–2010) the urban environmental performance had a substantial increase
but during the financial crisis in 2008, the economic recession led to a decline in growth rates, especially
in low energy intensity cities.
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Figure 4. ML index of three classifications under the meta-frontier.

Table 4 and Figure 5 show the ML index and its decomposition indexes under the meta-frontier.
For cities consuming high energy, all three indexes are relatively stable. The means of annual ML
indexes were more than 1 from 2005 to 2008, which indicates continued improvement. Then the index
kept steady after a slight decrease from 2008 to 2010. The average increase rates of EC and TC were
1.4% and −1% which indicates the EC index had a direct effect on the ML index in general. In 2006,
the TC index had a significant increase. The EC index fluctuated around 1. We can see that in the
period from 2005 to 2007 and 2010 to 2012, the TC indexes drive the change of the ML index. However,
from 2007 to 2009 the ML index was mainly affected by the EC index. In the period of 2011 to 2013,
the EC and TC indexes affected the ML index simultaneously.

As for cities consuming medium energy, overall ML indexes remained stable over the period.
From 2005 to 2007, the ML index jumped to more than 1 and then this figure remained steady at around
1 after 2007 as Figure 5 shows. However, in 2012 this index soared to 1.036. Table 4 shows the means
of EC, TC, and ML, which are 1.003, 0.998, and 1.001. We can see that overall the EC index drove the
increase of the ML index. In 2006, the TC index jumped which was driven by the Chinese eleventh
five-year plan too because of the trend of innovation. However, in 2008 and 2009 this index declined
slightly because the financial crisis led to the decline of the global economy. In conclusion, from 2005
to 2007 and from 2011 and 2013, the ML index was affected by the TC index but from 2006 to 2008
and 2009 to 2011, it was affected by the EC index. In other periods, these two indexes affected the
ML simultaneously.

It is clear from the first part of Table 4 and Figure 5 that the environmental performance in
low energy-consuming cities fell and the ML indexes were less than 1 in most years. The change
percentages of EC, TC, and ML index were −2.6%, 2.4%, and −0.3% respectively which means the
EC index resulted in the decline of the ML index. From 2005 to 2008, the EC index experienced
an increasing trend and then this figure remained at about 1. However, the TC index experienced
fluctuation over that period. In 2008, the TC dropped substantially after the increasing trend between
2005 and 2007. Overall, from 2006 to 2008 and 2009 to 2011, the TC index was the main motivator.
From 2011 to 2013, the ML index was affected by the EC index. In other periods, the common influence
was the main reason for the change of the ML index.
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Table 4. Indexes under two kinds of frontiers.

City Index 2005–2006 2006–2007 2007–2008 2008–2009 2009–2010 2010–2011 2011–2012 2012–2013 Mean

HIGH–meta
EC 0.995 0.914 1.067 1.054 1.096 0.997 0.993 0.996 1.014
TC 0.659 1.126 1.039 1.045 0.964 1.019 1.027 1.039 0.990
ML 0.656 1.030 1.109 1.101 1.056 1.017 1.019 1.035 1.004

MEDIUM–meta
EC 0.989 0.966 1.098 1.020 1.063 0.984 0.966 0.937 1.003
TC 0.670 1.096 1.046 1.026 0.997 1.042 1.000 1.105 0.998
ML 0.663 1.059 1.148 1.047 1.060 1.025 0.966 1.036 1.001

LOW–meta
EC 0.855 0.933 1.076 0.993 1.030 0.962 0.976 0.966 0.974
TC 0.696 1.171 0.952 0.966 0.967 1.099 1.192 1.149 1.024
ML 0.595 1.093 1.023 0.959 0.995 1.058 1.163 1.110 0.997

HIGH–group
EC 0.941 0.938 1.081 1.005 1.071 1.031 0.994 1.023 1.011
TC 0.776 1.125 1.023 1.038 0.975 1.018 1.026 1.027 1.001
ML 0.73 1.056 1.106 1.043 1.043 1.05 1.02 1.05 1.012

MEDIUM–group
EC 1.007 1.006 1.1 0.984 1.091 1.047 0.972 0.969 1.022
TC 0.937 1.098 1.1 1.083 0.989 1.013 1.018 1.036 1.034
ML 0.944 1.105 1.21 1.066 1.078 1.06 0.989 1.004 1.057

LOW–group
EC 0.768 1.147 1.134 0.968 0.97 0.927 0.982 1.003 0.987
TC 0.99 0.971 1.23 1.092 1.145 1.124 0.964 1.08 1.074
ML 0.76 1.113 1.394 1.058 1.11 1.041 0.946 1.083 1.061
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Figure 5. Indexes in three kinds of cities under the meta-frontier.

3.3. Environmental Performance under the Group Frontier

Under the group frontier, the EC, TC, and ML indexes were calculated in 285 cities. It was
found that the ML indexes in 185 cities were more than 1, which means the urban environmental
performance in these cities rose over the observed period. The right side of Table 3 shows the results
of ML, EC, and TC indexes under the group frontier in selected cities. In low energy intensity cities,
the environmental condition of Hefei and Shenyang had a great improvement, increasing 32.2% and
20%, respectively. In contrast, Xiaogan and Yaan experienced a falling trend, declining more than 15%.
Chongqing and Anyang, which are included in cluster 2, had a significant increase but Liaoyang and
Huludao had a significant decrease. Similarly, for cities consuming high energy, the cities with positive
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performances are Wuhai and Panzhihua whose ML indexes are 1.095 and 1.030 and the city with the
worst performance is Jinchang (ML index is 0.985) which means it performed with a decreasing trend
for the environmental condition.

Figure 6 shows changes of the ML index in three types of cities under the group frontier. It is
clear from the figure that the trends of the three lines are similar. The environmental performances of
most cites improved significantly. For low energy intensity cities, in 2008 the mean of environmental
performance dropped considerably after a noticeable rise from 2005 to 2007 and in 2009 there was
a slight increase. After 2009, the environment performances of these three kinds of cities were all
declined and the fastest fall occurred in low energy intensity cities.
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Figure 6. ML index of three classifications under the group-frontier.

Under the group frontier, the mean of the ML index in high energy intensity cities is 1.012 and ML
indexes are more than 1 in most observed periods. This trend means the environmental performance in
this kind of city experienced an increase. The EC and TC indexes increased by 1.1% and 1% averagely
and they all contributed to the growth of the ML index. It is clear from Table 4 and Figure 7 that from
2005 to 2009 the TC index increased considerably which means promotion of the technological level.
Then this index declined to 0.975 which means a technological recession. However, from 2011 the
index began to rise again. As for the EC index, it experienced a fluctuating trend during the period but
overall it increased. In conclusion, from 2005 to 2007 the TC index contributed to the change of the ML
index. From 2007 to 2009 and from 2010 to 2012 the EC indexes were the main driver. In others years,
the TC index and EC index influenced the ML index together.

The bottom part of Table 4 shows that overall the ML index was relatively stable and the average
increased by 5.7% in medium energy intensity cities under the group frontier. The EC index and the
TC index rose by 2.2% and 3.4% which means they all played a positive role. Figure 7 shows the
change of these three indexes in medium energy intensity cities under the group frontier. From 2006
to 2007, the TC index went up significantly to 1.098. Then it experienced a slight decline. After that,
this figure began to increase again. As for the EC index, prior to 2008 it remained with an increasing
trend rising from 1.007 to 1.1 but in 2009 it had a considerable drop. Then it still fluctuated around 1.
In conclusion, from 2005 to 2007 and from 2011 to 2013, the TC index drove the change of the ML index
and from 2009 to 2011 the EC index was the driver. During other periods, they both contributed to the
fluctuation of the ML index.
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Finally, in low energy intensity cities, the ML index fluctuated during the period but the mean
(1.061) still remained increased, because the mean of the TC index increased by 7.4% although the EC
index decreased by 1.3%. In detail, as it is shown in Figure 7, between 2005 and 2007 the TC index
dropped. Interestingly, in 2008 this index increased which drove the rethinking of the influence of
the financial crisis. However, the EC index did not jump up. Then the TC index experienced a slight
fluctuation. As for the EC index, between 2005 and 2007 and between 2012 and 2013 it rose but in other
periods, this index experienced a decline. In conclusion, in most years the ML indexed was affected by
the TC index and the EC index.
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Figure 7. Indexes in three kinds of cities under the group-frontier.

3.4. Comparison between Different Frontiers

Under different frontiers, the results are compared in Figure 8 which shows the average ML
indexes in high, medium, and low energy intensity cities. It is clear that the trends of the ML index
under the meta-frontier and group-frontier are similar. Howeber, in most periods the ML index under
the group frontier was higher than that under the meta-frontier in different kinds of cities. This means
the environmental performance under the group frontier was overestimated and in the medium energy
intensity group, this trend was more obvious. Apart from 2008, the gap between the meta-frontier and
group frontiers was smallest in the low energy intensity group. This is because the technological levels
in this kind of city were better. Different cities hold different technological levels, so the optimal sets of
technology in different clusters are different which present different group frontiers. Under the group
frontier, the highest average ML index occurred in the high energy intensity group.
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3.5. Comparison between the ML Index and GDP

GDP has been the main indicator used to evaluate economic growth of a city for many years.
In this section, the relationship between GDP growth and the ML index growth is compared. Figure 9
compares the ML average growth rate with the GDP average growth rate over the period from 2005 to
2013 in some cities. The GDP growth rates of each city fluctuated between 0 and 0.3 which means the
economic gaps between cities were not significant during the period from the perspective of the GDP
in all 285 cities. Yet the ML index growth rates of these cities were between −0.3 and 0.3 which means
the environmental performances gaps between cities were more significant. Additionally, in some
cities such as Panjin, Yanan, Yichun, and Zhangye, the trends of GDP growth and ML growth were
totally opposite which drove to rethinking on the evaluation of urban development.Sustainability 2018, 10, x FOR PEER REVIEW  14 of 17 
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Figure 9. The gap between the ML index and GDP.
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4. Discussions

Based on the results, some interesting issues are worthy of further discussions as follows:

(1) The ML indexes in 166 cities under the meta-frontier and 185 cities under the group frontier are
more than 1, which indicates that the urban environmental performances in these cities were
improved during the observation period. In most years the ML indexes under the group frontier
were higher than that under the meta-frontier in different types of cities. This overestimation
under the group frontier for high energy intensity cities is more obvious. Because production
technologies in this type of city were not advanced, they had a lower technological frontier.
This also means it is difficult to match the group frontier to the meta-frontier by improving the
technological efficiency. However, narrowing the technology gap between different types of cities
is a more efficient method to improve the urban environmental performance in China.

(2) It is notable that the EC and TC indexes of cities with higher ML growth also remained with
an increasing trend basically and the gap between these two indexes was smaller relatively.
This indicates in these cities that resource allocation and structure were relatively reasonable,
and technological innovation abilities were stronger. However, in these cities with decreasing
environmental performances, at least one of its EC or TC index remained at negative growth
which means the resource allocation and structure were unreasonable and the technological levels
were lower. Thus, the balance between efficient improvement and technological promotion is
significant for the overall increase in environmental performance.

(3) Economic policies and crisis have important influences on urban environmental performances.
For example, in 2006 and 2012 the ML index had a significant increase. In this period, China
published the Chinese eleventh five-year plan (2006–2010) and Environmental government
policies such as “Air Pollution Control Action Plan” and “PM2.5 Monitoring”. All of these policies
related to industrial structure and resources conservation promoting technological innovation
vigorously. The findings are partly in line with previous research [39], government economic
plans can lead to a significant change of the environmental situation. Additionally, in 2008 the ML
index and its decomposed EC and TC experienced a decreasing trend when the global financial
crisis occurred. Thus, strategic policies and huge crises should be considered as external factors
when we evaluate environmental performance.

(4) In most cities, the ML growth rates were significantly smaller than GDP growth rates and even
totally opposite trends existed between these two indexes. This indicates it is not enough to
evaluate the economic development of a city only by GDP. The energy consumption and the
environmental performance are also important indicators to evaluate urban development from
the sustainable perspective. So it is necessary to rethink the achievement of urban development
by combining economy-related indicators and environment-related indicators.

5. Conclusions

Under the goals of sustainable development, environmental performance evaluation of a city
needs to be continually improved and expanded. In this study, the research scope was extended to
285 prefecture-level cities, which expands traditional provincial analysis. A dynamic evaluation
model was built to assess urban environmental performance over the period of 2005 to 2013.
Additionally, the combination of ML index with frontier analysis was used to assess the change
trends of urban environmental performance. Thedecomposition indexes efficiency change (EC) index
and the technological change (TC) index were also used to identify the main reasons for different
trends. Importantly, 285 cities were divided into three categories by the method of two-step clustering
which increases the validity and the accuracy of the data comparison.

According to empirical results, we found that the ML indexes were overestimated under the
group frontier compared with those under the meta-frontier. For evaluation units with obvious
clustering features, ML analysis considering meta-frontier is a more efficient method to solve problems.



Sustainability 2018, 10, 862 14 of 16

In addition, the growth rates of urban environmental efficiency were smaller in low energy intensity
cities under both two frontiers. This indicates the marginal effects of environmental policies were
weakened in this kind of city. In contrast, the increases of environmental performance were relatively
larger in medium and high energy intensity cities. To solve differences between clusters, different
policies relating to sustainable development should be considered to achieve city, region, and country
sustainability. What is more, the gap between the ML index and GDP drives rethinking of the
evaluation method on city development. This paper contributes to both method improvement and
practical understanding by evaluating the environment in 285 cities from different perspectives.

Additionally, some specific suggestions are provided below. Narrowing the technological
differences between the frontiers is an important way to improve the overall environmental
performance. In detail, establishing an effective cooperation mechanism between different kinds of
cities could narrow the differences and achieve a win-win situation to improve urban and even regional
sustainability. Besides, the growth of the environmental performance (ML index) is affected by both
technological change and efficiency change. All methods increasing desirable outputs and decreasing
undesirable outputs could achieve improvement of the environment. For example, technological
innovation is one of the most important ways to enhance environmental performance. Advanced
technologies not only decrease the input, energy consumption but the undesirable output, emissions.
In conclusion, support for research and policies related to technological innovation are necessary
to narrow regional gaps of environmental performances and achieve overall sustainability for the
government. For companies promoting innovation culture, increasing the intensity of technological
research and responding to policies are all efficient ways to gain positive environmental outputs.
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