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ABSTRACT  
 
This study takes 26 prefecture-level and above cities in the YRD urban 
agglomeration as the research sample. Based on the DEA model and exploratory 
spatial data analysis, the spatial difference and spatial correlation on energy 
utilization efficiency between 2008 and 2017 of these regions are measured and 
analyzed. The results show that: (1) The urban energy utilization efficiency of the 
YRD urban agglomeration showed an overall upward trend during the sample 
period. Except for a one-time drop below 0.8, the efficiencies remained between 
0.8 and 1 in the past 10 years. (2) Based on the average value of urban energy 
utilization efficiency of the YRD urban agglomeration from 2008 to 2017, cities are 
divided into three groups, namely strong effective, medium effective and weak 
effective. 13 cities are in strong effective growth group and 9 cities are in medium 
effective growth group, and the rest four cities are in the weak effective growth 
group. (3) In the past 10 years, the energy utilization efficiency is significant global 
spatial agglomeration effect in 2008-2017; However, the small value in Moran's I 
index indicates that urban energy utilization efficiency in the YRD urban 
agglomeration does not show clear pattern of spatial autocorrelation. (4) The 
energy utilization efficiencies of most cities in the YRD urban agglomeration are 
affected by the spatial proximity effect and polarization effect of its economic 
development. There appears obvious interdependence in geospatial space 
characterized by agglomeration. 
 
Key words: Urban energy, utilization efficiency, spatial difference, spatial 
correlation, urban agglomeration in the Yangtze River Delta. 

 
 
INTRODUCTION 
 
With fast development of economy and acceleration of 
urbanization, a number of urban agglomerations have 
become main powers for regional economic growth (Yan et 
al., 2019). Urban agglomeration is not only the core 
contributor of national economic development, but also an 
important driving force for global economic growth, 
representing the focus, direction and advanced productivity 
of world economic development (Xu et al., 2019). As the 
national planned urban agglomeration, the Yangtze River 
Delta (referred to YRD thereafter) urban agglomeration 
takes the leading role of regional economy, and has 
significant influence on Chinese economy (Yin et al., 2019). 

In view of competitiveness of economic and social 
development, as well as the openness and technology 
innovation, the YRD urban agglomeration is of great 
importance for the realization of a modernized and well-off 
China. Energy is the main force for economic growth and 
social development. Energy utilization is taken as the 
national strategy for many countries. Worldwide, energy 
conservation and emission reduction are considered as 
effective ways to cope with energy shortages, that is, 
creating the best expected output with the least energy 
input (Patterson et al., 1996). Economic development at the 
expense of excessive consumption of resources is inefficient  
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in view of energy utilization, bringing in many problems 
including resource waste and environmental degradation. 

Therefore, to change from high-speed development to 
high-quality development, the spatial management and 
optimization of energy utilization have become the main 
task for the YRD urban agglomeration. With the proposition 
of the “low input, high output, low energy consumption and 
low pollution” national development strategy in the 18th 
National Congress of the Communist Party of China, 
studying the spatial distribution and internal mechanism of 
energy utilization efficiency in the YRD urban 
agglomerations is of significant importance. This study aims 
at providing an empirical reference for optimizing energy 
utilization efficiency and achieving the high-quality 
development of the YRD urban agglomeration. 
 
 

LITERATURE REVIEW 
 

Analysis based on only a single input (energy factor) and a 
single output index are commonly found in early literatures. 
Despite that using single input and output indicators makes 
the calculation simple and intuitive, there is no consensus 
on the standard for constructing the energy factor indicator, 
leading to incomparable and very different empirical 
results. Taking various factors and research methods into 
consideration, Hu et al. (2006) used the data envelopment 
analysis (DEA) index method to measure China's provincial 
total factor energy utilization efficiency. Their work 
addressed the input-output defects and expanded the 
connotation of energy efficiency. The existing literature 
adopts the “multiple input-multiple outputs” method to 
measure energy utilization efficiency, with focus on 
different regional and industrial levels (mainly energy 
utilization efficiency in the industrial sector) and very few 
studies on the national level (see, for example, Gong et al., 
2017; Pu et al., 2019). 

The literature on industrial energy efficiency mainly 
focuses on the analysis of industries with high pollution, 
high consumption and high emissions. Azadeh et al. (2007) 
explored the total factor energy efficiency of energy-
intensive manufacturing industries (such as steel and oil 
refining) and conducted an empirical analysis of the 
refining sub-sectors of OECD countries based on the DEA 
index method and principal component analysis. Mandal et 
al. (2010) used DEA and three other methods to deal with 
“Bad” output to empirically analyze the energy utilization 
efficiency of the Indian cement industry from 2000 to 2004. 
They found that, if “Bad” outputs are not taken into 
consideration, energy utilization efficiency estimates can be 
biased, and environmental regulations have a reinforcing 
effect on energy utilization efficiency. Shi et al. (2010) used 
the DEA method to evaluate the industrial comprehensive 
energy utilization efficiency and environmental efficiency of 
28 provinces in China from 2000 to 2006. The results show 
that industries in the east area have the best average energy 
efficiency during the sampling period, followed by the 

central area. By examining the industrial energy overall 
efficiency, pure technical efficiency (IEPTE), and scale 
efficiency of the 28 administrative regions, it is found that, 
in most regions, there is huge waste of energy during the 
industrial production process, caused by the fact that the 
industrial structure of most regions still relies on the 
massive use of energy in order to support the industrial-
based economy and the IEPTE is too low. Zhang et al. 
(2011) used a total factor framework to study the energy 
efficiency of 23 developing countries during the period 
1980-2005. The results show that Botswana, Mexico and 
Panama perform best in terms of energy efficiency, while 
Kenya, Sri Lanka, Syria and the Philippines have the worst 
efficiency. China's total factor energy efficiency has 
experienced the fastest growth, and practice in China shows 
that effective energy policies play a vital role in improving 
energy efficiency. Wu et al. (2012) used the DEA method to 
analyze the total factor energy efficiency of China's regional 
industries considering carbon emissions from 1997 to 
2008. The results show that the improvement of energy 
efficiency in China's industrial sector is mainly driven by 
technological advancement. Özkara et al. (2015) evaluated 
the energy efficiency and energy saving potential of Turkish 
manufacturing. The study found that the average power 
saving potential of the Turkish manufacturing industry was 
found to be 39.7%. The TR10-Istanbul region has the best 
energy efficiency and potential for electricity generation, 
providing a typical exemplary role for other inefficient 
regions. In addition, Lin et al. (2016) analyzed the energy 
efficiency evolution of China's paper industry, chemical 
industry, textile industry and steel industry. It is found that, 
the energy use technology gap (TGR) of the eastern textile 
industry in China remains above 0.95 and is steadily 
increasing, approaching the best level of the entire textile 
industry. Bhat et al. (2018) used the SBM-DEA method to 
measure the energy efficiency of the paper industry in 
various provinces and regions in India in view of spatial 
heterogeneity and market incompleteness. The study found 
that pure energy efficiency is too low to contribute the most 
to total energy efficiency. 

Regarding research on total factor energy utilization 
efficiency, Bian et al. (2009) proposed an improved DEA 
model to evaluate the overall resource and environmental 
efficiency of 28 provinces in China. Based on the panel data 
of Shandong Province 17-city in 1996-2010, Zang et al. 
(2012) selected the super-efficiency DEA energy utilization 
efficiency model based on input-oriented scale return, and 
used the total factor energy utilization efficiency of 
Shandong province as the object function with 
unconstrained outputs of environmental pollution added to 
the function. The study found that the average value of total 
factor energy efficiency in Shandong Province is increasing; 
the industrial structure, energy structure and degree of 
openness are significantly negatively correlated with total 
factor  energy   efficiency,  while  the  role  of  technological 
progress is not prominent. Li (2017) used DEA to measure  
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the inter-provincial total factor energy utilization efficiency 
in China from 2004 to 2014, and analyzed its spatial 
correlation and agglomeration. It is found that, the inter-
provincial energy efficiency of China shows positive spatial 
autocorrelation, and the spatial autocorrelation 
phenomenon in the eastern region is more significant than 
that in the central and western regions. Taking wastewater 
discharge and industrial smoke (powder) dust emissions as 
undesired output indicators, Feng et al. (2017) used DEA 
model to measure total factor productivity of 35 prefecture-
level cities in the three northeastern provinces from 2009 
to 2014, with the ratio of energy target input to actual input 
used to calculate the true total factor energy efficiency. The 
study found that Heilongjiang Province has the highest total 
factor energy efficiency in the three northeastern provinces; 
followed by Jilin Province and Liaoning Province, and the 
proportion of the second industry and the tertiary industry 
have a negative impact on the energy efficiency of the three 
northeastern provinces while the industrial ownership 
structure has a positive impact. Based on the DEA-
Malmquist index method, Liu et al. (2019) measured the 
energy efficiency of 285 cities in China from 2005 to 2016, 
and explored the impact of industrial restructuring on 
energy efficiency. They found that the industrial structure 
has a negative effect on China's energy efficiency. 

In this study, we propose an innovative input-output 
indicator system, which decomposes the output indicators 
into the expected and unexpected components. The 
proposed methodology is applied to measuring the energy 
utilization efficiency of the YRD urban agglomerations from 
2008 to 2017, and to further explore the characteristics of 
energy utilization efficiency in various aspects. To identify 
the spatial difference of energy utilization efficiency, the 
energy utilization efficiency is analyzed both as a whole and 
on regional level. The spatial correlation of urban energy 
utilization efficiency is also examined so as to provide 
references for improving the urban energy utilization 
efficiency in the YRD urban agglomeration. 
 
 

RESEARCH METHODS, INDICATOR SYSTEM 
CONSTRUCTION AND DATA SOURCES 
 

Research methods 
 

The DEA model 
 

The DEA model is widely accepted as the benchmark model 
for measuring efficiency. This study evaluates the energy 
utilization efficiency based on the variable-scale 
compensation DEA-BCC model, with the comprehensive 
efficiency decomposed into pure technical efficiency and 
scale efficiency (Färe et al., 2004; Zhou, 2007; Song et al., 
2014). The production of this model may be set as: 
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When the rigorous condition of the scale return benefit is 
removed from the DEA-CCR model, the model can be 
strictly concentrated on the production effectiveness at the 
level of a single decision unit, that is, the effectiveness of a 
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is 1, it will be on the production frontier, thus forming a 
DEA-BCC model with variable scale returns as follows: 
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In formula (2), 


0s  represents the relaxation variable of the 

input of the j0-th decision unit in the model, and


0s
represents the relaxation variable of the output of the j0-th 

decision unit in the model. is the comprehensive 

efficiency value. Under normal circumstances, it can be 
used to judge whether the DEA is valid. If the 
comprehensive efficiency value is equal to 1, it indicates 
that the DEA is valid; if the comprehensive efficiency value 
is less than 1, and at least one of the pure technical 
efficiency and the scale efficiency is less than 1,the non-DEA 
is valid (SinanSaraçli et al., 2013). 
 
 
Exploratory spatial data analysis 
 
Exploratory Spatial Data Analysis (ESDA) is used to examine 
the spatial correlation between regions. One focus is to 
globally reflect the spatial correlation of observations 
globally, and the other focus is to analyze the spatial 
autocorrelation of the spatial heterogeneity of spatial data 
in local sub-regions. 
 
(1) Global spatial autocorrelation: The global Moran’s I 
index is routinely used as the global spatial autocorrelation 
index to analyze the correlation of the entire space under 
study. The formula is: 
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Following Li (2017), the energy utilization efficiency 

observations of city i and j are denoted as iX  and jX with 

ji  . The position weight matrix is denoted as ijW . When i 

and j are adjacent, ijW  takes the value of 1, and 0 otherwise. 

The average energy utilization efficiency of each region is 
denoted as X . The variance of energy utilization efficiency 

is represented by 
2S . ))(( XXXX ji  indicates the 

similarity of the energy utilization efficiency of City i  and 

City j . n indicates the number of cities, which is 26 in this 

study. 
The value of Moran's I index is between -1 and 1. A 

positive Moran's I indicates that there is positive spatial 
autocorrelation, that is, the region with high (low) energy 
utilization efficiency value is spatially agglomerated. The 
closer the Moran's I value is to 1, the higher the positive 
spatial autocorrelation. On the other hand, a negative 
Moran's I indicates that there is negative spatial 
autocorrelation, that is, the urban energy utilization 
efficiency value tends to be dispersed. Moreover, the closer 
the Moran's I value is to -1, the higher the spatial 
autocorrelation is. When Moran's I is zero, there is no 
spatial autocorrelation, that is, the energy utilization 
efficiency of each city in the study area is random. 

In addition, it is necessary to use a standardized Z 
statistic to test the results of the study. The expression is: 
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Where E(I) and SD(I) are the theoretical mean and standard 
deviation of I , respectively. If the p value is less than 0.05, 

the null hypothesis 0H  is rejected (that is, there is no 

spatial autocorrelation between the 26 urban energy 
efficiency observations), and otherwise the null hypothesis 
of no spatial autocorrelation cannot be rejected (Guan Wei 
et al., 2015). 
 
(2) Local spatial autocorrelation: Global Moran’s I can 
only be used as an indicator for measuring the overall data, 
and may ignore the inherent imbalance between 
individuals. The measurement of local indicators can be 
used to deal with issue. Local index analysis can be 
conducted as follows: first, find the location of local spatial 
autocorrelation that may be inconsistent with the global 
spatial autocorrelation conclusion; second, if there is no 

spatial autocorrelation on the global at the time, the 
location of the local spatial autocorrelation that may be 
masked is found; third, when there is spatial 
autocorrelation on the whole, the local index analysis can 
help determine whether there is a small part of the spatial 
anomaly location. Therefore, this study will use Moran 
scatter plots and LISA cluster maps to examine the local 
autocorrelation of urban energy efficiency in the YRD urban 
agglomeration (Frey et al., 2014). The Moran scatter plot is 
often used as a method to explore the local autocorrelation 

of spatial positional properties. The ),( jWiX  data 

coordinates are used to map the Moran scatter plot, where 
the horizontal axis represents the urban energy utilization 
efficiency X , and the vertical axis represents the spatial lag 

vector ijW  of the urban energy utilization efficiency. The 

statistical formula of its local Moran’s I is: 
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Local Moran scatter plots can be used to identify spatial 
relationships between regions and their adjacent regions. 
The first and third quadrants indicate that there is a 
positive spatial autocorrelation relationship between the 
regions, which are represented by H-H and L-L, often 
termed as agglomeration and island regions, that is, the 
urban energy utilization efficiency of high (low) is 
surrounded by the high (low) energy utilization efficiency 
observations; the second and fourth quadrants indicate that 
there is a negative spatial autocorrelation between the 
regions, denoted by L-H, H-L, often termed as depression 
zones and the hollow zone, that is, the spatial relationship 
surrounded by the region with low (high) urban energy 
utilization efficiency (Wan et al., 2013; Cui et al., 2014; Wei 
et al., 2019). 
 
 
Construction of indicator system 
 
This study takes 26 prefecture-level and above cities in the 
YRD urban agglomeration as the research sample. By 
constructing an input-output indicator system, the energy 
utilization efficiency is dynamically and statically measured, 
and the inherent spatial difference state is identified. 
Following the existing literature (Azadeh et al., 2007; Wang 
et al., 2013; Ma et al., 2017), the number of employees at 
the end of the year, the amount of fixed assets investment, 
and the total electricity consumption of the society are 
selected as the input indicators of energy utilization 
efficiency. The output indicators of energy utilization 
efficiency are decomposed into expected output indicators 
and non-expected output indicators, where regional Gross  
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Table 1: Evaluation system on energy utilization efficiency indicators of the Yangtze River Delta urban agglomeration. 
 

System category Indicator layer Specific indicator selection Unit 

Input indicators Labor input Number of employed people at the end of the year Ten thousand people 

Capital investment Fixed assets investment 100 million yuan 

Energy input Whole society electricity consumption 100 million Kilowatt hour 

    

Output indicators Expected output Gross Domestic Product 100 million yuan 

non-expected output Industrial wastewater discharge 10,000 tons 

Industrial soot emissions Ton 
 

 
Domestic Product is taken as the expected output indicator, 
and industrial wastewater discharge and industrial soot 
emissions are taken as the non-expected output indicators, 
as shown in the Table 1. 
 
 
Data sources 
 
This study mainly analyzes urban energy utilization 
efficiency of the YRD urban agglomeration from 2008 to 
2017. The data are from the 2009-2018 China Urban 
Statistical Yearbooks. 
 
 
SPATIAL DIFFERENCES ON URBAN ENERGY 
UTILIZATION EFFICIENCY OF THE YRD URBAN 
AGGLOMERATION 
 
To clarify the spatial difference status of urban energy 
utilization efficiency in the YRD urban agglomeration, the 
energy utilization efficiencies of 26 cities in the region are 
evaluated via the data envelopment model in DEAP2.1. The 
results are shown in Table 2. 

As shown in Table 2, the urban energy utilization 
efficiency in the YRD urban agglomeration has generally 
increased from 2008 to 2017, rising from 0.861 in 2008 to a 
maximum of 0.918 in 2013, followed by a slight fluctuation, 
but the efficiency value always maintained around 0.90, and 
in 2017 the urban energy utilization efficiency value drops 
to 0.898. 

As shown in Figure 1, during 2008-2017, the urban 
energy comprehensive utilization efficiency in the YRD 
urban agglomeration is relatively high. With the adaptation 
of input and output levels, the energy utilization efficiency 
has been greatly improved, but its comprehensive efficiency 
mean is still less than 1. In 2009, the efficiency value 
reached the lowest point, mainly because the 2008 financial 
crisis had a great impact on China’s economic construction, 
leading to signs of retrogression in urban economic 
development. As the domestic economic situation continues 
to improve, urban energy utilization efficiency has 
maintained an upward trend, reaching its peak in 2013. 
However, the efficiency began to decline afterwards, and the 
scale efficiency values were all below 1 during the study 

period, indicating that, the energy utilization process has 
not fully release the inherent advantages of scale 
economies, and there is still a vision of “input-output” 
mismatch. In general, the trend of pure technical efficiency 
exhibits small fluctuations, indicating that the input factors 
are not completely in accordance with the optimal 
production technology requirements. It is worth noting 
that, besides 2013, the scale efficiency of urban energy 
utilization in the YRD urban agglomeration is significantly 
higher than that of purely technical efficiency, indicating 
that, although the input factors have reached a certain scale, 
they do not have better technical means. As a result, urban 
energy has not been used efficiently, and overall efficiency 
depends on the improvement of scale efficiency. 
 
 
Analysis of DEA effectiveness on urban energy 
utilization efficiency 
 
In the past 10 years, the only city in the YRD urban 
agglomerations with energy utilization efficiency in DEA is 
Suzhou, which can use high-quality input factors and 
effectively transform them into output factors in the process 
of energy utilization. That is, the rationality of “input-
output” is matched, and the appropriate input factor scale 
effectively avoids redundancy. Meanwhile, the energy 
utilization efficiency of most of the years in Shanghai, Wuxi, 
Jinhua, Shaoxing and Zhangzhou are DEA effective, 
indicating that the above cities can basically achieve input 
factor intensification in energy utilization. In contrast, the 
rest cities are in non-DEA effective states, indicating that in 
the process of energy utilization, input factors are not used 
efficiently, and have not yet been fully converted into output 
factors with much room for improvement. 
 
 
Analysis of the growth model on urban energy 
utilization efficiency 
 
Table 3 shows the energy utilization efficiency values of 26 
cities in the YRD urban agglomeration. To systematically 
identify the growth of energy efficiency, this study divides 
growth of energy utilization efficiency into three groups: 
high effective, strong effective, and weak effective. A gis plot  
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Table 2: Urban energy utilization efficiency of the Yangtze River Delta urban agglomeration 2008-2017. 
 

Decision unit 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 Mean 

Shanghaishi 0.990 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.999 

Nanjingshi 0.716 0.643 0.633 0.664 0.684 0.727 0.775 0.852 0.807 1.000 0.750 

Wuxishi 1.000 1.000 0.974 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.997 

Changzhoushi 1.000 1.000 1.000 0.948 0.979 0.979 1.000 1.000 1.000 1.000 0.991 

Suzhoushi 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Nantongshi 0.928 0.849 0.913 0.871 1.000 0.731 0.740 0.771 0.819 0.981 0.860 

Yanchengshi 0.990 1.000 1.000 1.000 1.000 1.000 1.000 0.970 0.985 1.000 0.995 

Yangzhoushi 0.283 0.908 0.903 0.872 0.869 0.976 0.787 0.804 0.801 1.000 0.820 

Zhenjiangshi 0.763 0.693 0.762 0.922 0.844 1.000 0.987 0.992 1.000 1.000 0.896 

Taizhoushi 1.000 1.000 1.000 1.000 1.000 0.959 0.818 0.842 0.849 0.792 0.926 

Hangzhoushi 1.000 1.000 1.000 0.826 0.790 0.780 0.777 0.737 0.734 0.938 0.858 

Jiaxingshi 0.696 0.673 0.734 0.857 0.997 0.952 1.000 1.000 1.000 1.000 0.891 

Huzhoushi 0.808 0.748 0.816 1.000 0.961 0.926 1.000 0.931 0.900 0.817 0.891 

Zhoushanshi 0.788 0.656 1.000 0.692 0.722 0.800 0.569 0.577 0.602 0.690 0.710 

Jinhuashi 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.697 0.970 

Shaoxingshi 1.000 1.000 1.000 1.000 1.000 0.842 1.000 0.996 1.000 1.000 0.984 

Taizhoushi 0.903 0.871 0.907 0.911 0.909 1.000 0.889 0.885 0.882 0.737 0.889 

Ningboshi 0.810 0.780 0.841 0.821 0.863 0.897 0.908 0.857 0.815 0.834 0.843 

Xuanchengshi 1.000 0.985 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.788 0.977 

Chuzhoushi 0.907 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.702 0.961 

Chizhoushi 1.000 1.000 1.000 0.903 0.969 0.825 0.868 0.861 1.000 0.860 0.929 

Hefeishi 0.667 0.672 0.665 0.608 0.619 0.612 0.745 0.802 0.802 1.000 0.719 

Yonglingshi 0.928 0.777 0.908 1.000 1.000 1.000 1.000 1.000 0.827 1.000 0.944 

Ma anshanshi 0.964 0.730 0.738 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.943 

Wuhushi 0.610 0.597 0.659 1.000 0.844 0.871 0.831 0.798 0.823 1.000 0.803 

Anqingshi 0.642 0.656 0.728 0.729 0.756 1.000 0.833 0.823 0.855 0.896 0.792 

Mean 0.861 0.855 0.892 0.909 0.916 0.918 0.905 0.904 0.904 0.913 0.898 

 
 

 
 

Figure 1: Trends on energy utilization efficiency of the Yangtze River Delta urban agglomeration 2008-2017. 
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Table 3: Energy utilization efficiency growth model. 
 

Growth type 
Weak effective 

(E＜0.8) 
Medium effective 
(0.8≤E＜0.9) 

Strong effective 
(E≥0.9) 

Decision unit Nanjing, Zhoushan, Hefei, 
Anqing 

Nantong, Yangzhou, 
Zhenjiang,Hangzhou, 
Jiaxing,Huzhou,Taizhou, 
Ningbo, Wuhu 

Shanghai, Wuxi, Changzhou, 
Suzhou,Yancheng, Taizhou, 

Jinhua,Shaoxing, Xuancheng, 
Chuzhou, Chizhou, Tongling, 

Ma On Shan 

 
 
(Figure 2) is created based on Table 3 so as to visualize the 
spatially distribution of each type on a map. 
 
 

Strong effective growth 
 

As shown in Table 3, the average energy utilization 
efficiencies of Shanghai, Wuxi, Changzhou, Suzhou and 5 
other cities are above 0.9, which are in the high effective 
growth group, indicating that these cities can achieve the 
optimal scale of intensive use and production of input 
factors over 90%, effectively avoiding factor redundancy. In 
particular, the energy utilization efficiency of Suzhou is 1, 
that is, Suzhou has been DEA effective, but this does not 
mean that there is no loss of energy utilization efficiency in 
the city, but is a relative criterion based on comparison with 
other regions in the current technical conditions. Under the 
condition of the current output level, further savings in 
energy input cannot be achieved, and the input factors have 
been relatively well utilized in all aspects. The scale 
efficiency and pure technical efficiency are both close to the 
optimal level under current conditions. Using the efficiency 
of the input and output levels to get the best, avoiding the 
waste of energy and reducing the redundancy of input 
factors, this development strategy should be strongly 
advocated in improving energy efficiency. The identification 
of the spatial differentiation pattern of the energy 
utilization efficiency growth of the YRD urban 
agglomeration is visualized in Arc GIS as shown in Figure 2. 
 
 

Medium effective growth 
 

Cities with medium effective growth in energy utilization 
efficiency include Nantong, Yangzhou, Zhenjiang, and 6 
other cities, and their efficiencies are in the range of 0.8 and 
0.9. This indicates that, the input of energy, labor and 
capital in these cities can get the corresponding output, but 
the input and the output do not reach a perfect fit. 
Therefore, how to achieve the output level under the 
appropriate input level should be not only the focus of 
regional breakthroughs in energy utilization efficiency and 
effective growth, but also the main tasks and 
responsibilities for these cities. 
 
 

Weak effective growth 
 
In cities with weak effective growth represented by Nanjing 

and Hefei, the energy utilization efficiency values are all 
below 0.8, indicating that these cities have not reach their 
due energy target, energy utilization efficiency is low, and 
energy investments are decentralized. For these cities, it is 
important to keep the energy waste rate as low as possible, 
to strengthen energy utilization levels, and to improve 
energy utilization efficiency so as to narrow the basic gap 
with cities with strong effective growth. 
 
 
SPATIAL AUTOCORRELATION ON URBAN ENERGY 
UTILIZATION EFFICIENCY OF THE YANGTZE RIVER 
DELTA URBAN AGGLOMERATION 
 
Based on the different characteristics of the above spatial 
analysis indicators, this study conducts quantitative 
analysis from a global perspective. It is then necessary to 
further examine local information for the global indicators, 
and to construct local indicators for the cities belonging to 
the YRD urban agglomeration. The specific characteristics 
of energy utilization efficiency provide useful practical 
guidance and analysis basis for narrowing the regional gap. 

 
 
Global spatial autocorrelation on urban energy 
utilization efficiency 

 
This study uses ArcGIS and Goeda to calculate the global 
Moran's I index of urban energy utilization efficiency in the 
YRD urban agglomeration. The results are shown in Figure 
2. As shown in the figure, the Moran's I values are 
significant in each year. The value ranges from 0.0412 to 
0.2825. Both of them have passed the Z-statistic test at the 
significance level of 0.01, indicating that, there is a 
significant global spatial agglomeration effect in energy 
utilization efficiency in both developed and underdeveloped 
regions, and cities with high energy utilization efficiency 
values are utilized by high efficiency. The spatial 
relationship surrounded by cities with efficiency values, or 
the spatial relationship surrounded by cities with low 
energy efficiency values by cities with low efficiency values. 
However, the low value in the Moran’s I index indicates that 
there is not an obvious spatial autocorrelation pattern of 
urban energy utilization efficiency in the YRD urban 
agglomeration. The spatial agglomeration effect fluctuated 
greatly during the sample period, which increased from 
0.1870  to  a  peak  of  0.2769  between 2008 and 2009, an  
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Figure 2: Energy utilization efficiency growth pattern 
distributions. 

 
 
increase of 32.46%. However, from 2009 to 2013, it 
continued to decline from 0.2769 to a minimum of 0.0412, a 
decrease of 85.12%. After 2013, the Moran’s I index began 
to grow slowly, from 0.0412 to 0.2825, but still higher than 
the initial period, and the degree of agglomeration 
increased slowly (Figure 3). The above results show that in 
recent years, the changes in urban energy utilization 
efficiency of the YRD urban agglomerations have been 
continuously gathering in absolute terms, and high-value 
areas have continued to gather in more developed cities 
such as Shanghai and Wuxi. From the relative amount of 
energy efficiency, the growth trend shows more 
randomness and instability in space, indicating that the 
spatial agglomeration of urban energy efficiency in the YRD 
urban agglomeration is time-varying. 

Since the global analysis index cannot be used to identify 
areas where high and high values are concentrated or areas 
where low and low values are concentrated; local Moran's I 
is used to identify such spatial clustering conditions, and 
also to verify whether there is an outlier in the local space. 
Therefore, it is necessary to carry out in-depth analysis. 
 
 
Local spatial autocorrelation on urban energy 
utilization efficiency 
 
The local spatial autocorrelation analysis is used to explore 
the spatial correlation of various regional units in the 
region. Here, the LISA aggregation map and the Moran 
scatter plot method for urban energy utilization efficiency 
are applied to analyze the local spatial autocorrelation of 
the energy utilization efficiency of the YRD urban 
agglomeration. Since the lowest peak of the overall Moran's 
I index appeared in 2008, 2013 and 2017, the data for the 

three years are considered representative, so this study 
uses Geoda to export energy utilization efficiency scattered 
maps of 26 cities at the county level and above in the YRD 
urban agglomeration in 2008, 2013 and 2017 as shown in 
Figure 4. 

It can be seen from Fig 4 that,there are different numbers 
of cities in the four quadrants of the Moran scatter diagram 
in 2008. The first quadrant has the most number of points, 
followed by the second and the fourth quadrants, and the 
third quadrant is the last. 12 cities including Shanghai, 
Suzhou and Wuxi are located in the first quadrant, showing 
a positive correlation. They are strong energy use efficiency 
gathering cities (H-H), that is, regional units with high 
energy utilization efficiency observations and high 
observations. The regional unit is agglomerated. Nanjing, 
Yangzhou, Zhoushan and Anqing, which are also positively 
correlated, are located in the third quadrant. They are weak 
urban energy utilization efficiency agglomeration cities (L-
L), that is, regional units with low urban energy utilization 
efficiency observations and low observations. The regional 
unit is agglomerated. Other cities represented by Hefei and 
Ningbo are located in the quadrants II and IV, respectively, 
and are negative spatial autocorrelation (L-H or H-L). 
Compared with 2008, there was a small change in 2013. 
More specifically, Hangzhou, Shaoxing and Nantong, which 
started in the first quadrant, moved to the second quadrant, 
while Taizhou and Yancheng moved to the first quadrant 
from the fourth quadrant, while most cities still remain in 
the same quadrant as in 2008. From 2013 to 2017, Taizhou 
and Xuancheng moved from the first quadrant to the fourth 
quadrant, while Huzhou moved from the first quadrant to 
the third quadrant. Anqing, Zhenjiang and Jinhua moved 
from the fourth quadrant to the first quadrant. Other cities 
in  the  third quadrant have basically not changed. In short,  
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Figure 3: The overall Moran’s I index on energy utilization efficiency of the Yangtze River Delta urban 
agglomeration. 

 
 

 
 

Figure 4: Moran scatter plot on urban energy utilization efficiency of the Yangtze River Delta in major years. 

 
 

the H-H and L-L of the energy utilization efficiency of the 
first and third quadrants seem to support that the energy 
utilization efficiency of the YRD urban agglomeration has 
obvious interdependence in geospatial space and presents 
agglomeration characteristics. 

Just based on the Moran scatter plot, only the spatial 
correlation features of the energy utilization efficiency of 
the YRD urban agglomerations can be identified, and it is 
impossible to judge whether the spatial features are 
significant. To this end, it is necessary to tackle this problem 
by using Spatial Association Local Indicators (LISA) and to 
determine the specific location of local spatial 
agglomeration or outliers. Based on the calculated z value of 
the local Moran's I statistic, the significance of its 
agglomeration or anomalous characteristics is discerned 
(Wei et al., 2015). Geoda and ArcGIS 10.2 are used to map 
the LISA clusters of urban energy utilization efficiency of 
the 2008, 2013 and 2017, and output the results of LISA 

clusters in other years. 
As shown in Figure 5, in the cities of the Southern 

Triangle City Group in 2008, 2013, and 2017, which passed 
the 5% significance level test in four quadrants, the results 
of the LISA clustering chart during the observation period 
are summarized in Table 5. 

According to the agglomeration effect, the cities in the H-
H hotspot area are mainly distributed in the central and 
eastern parts of the sample area, including Shanghai, Wuxi, 
Suzhou and other cities. These areas have higher economic 
development levels, and better developed high-tech 
industries and tertiary industries. The goal of low-energy 
development has gradually been achieved. These cities have 
also fully utilized the radiation effects of regional central 
cities, constantly driving the development of surrounding 
cities, and thus promoting the efficient use of their energy. 
There is no L-H area during the sample period, and the H-L 
area only appeared in Chuzhou and Hangzhou in 2010 and  

 
                                          year 2008                                                     year 2013                                                      year2017 
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Figure 5: LSA clustering map on energy utilization efficiency of the Yangtze River Delta urban agglomeration 
in major years. 

 
 

Table 5: LISA aggregation graph results. 
 

Year H-H Quadrant L-Hquadrant L-Lquadrant H-Lquadrant 

2008 Wuxi  Yangzhou  

2009 Wuxi, Jinhua  MaanShan  

2010 Wuxi  MaanShan,Nanjing Chuzhou 

2011 Xuancheng, Wuhu  Anqing  

2012 Shanghai, Wuxi, Nantong  Anqing  

2013     

2014 Shanghai, Jiaxing, Huzhou, Suzhou    

2015 Shanghai, Suzhou    

2016 Shanghai, Suzhou  Ningbo  

2017 Shanghai, Suzhou, Ma’anshan, Nanjing  Taizhou, Jinhua, Ningbo Hangzhou 

 
 
2017. The L-L cold spot area is mainly dominated by cities 
including Ma'anshan and Anqing. These regions are rich in 
energy resources, and the economy structure is single, and 
there is a high dependence on resources. In short, in the 
future development, the leading roles played by Shanghai 
and the radiation of the regional central cities are still 
important for gradually improving energy efficiency, and 
promoting the coordinated development of neighboring 
cities such as Suzhou, Wuxi, Nantong, Ningbo, Jiaxing and 
Zhoushan. As a result, the Yangtze River Economic Belt and 
the “One Belt, One Road” national strategy can be better 
implemented, which will also contribute to the integrated 
development of the YRD urban agglomeration. 
 
 
CONCLUSIONS 
 
This study takes 26 prefecture-level and above cities in the 
YRD urban agglomeration as the research sample. Based on 
the DEA model and exploratory spatial data analysis, the 
spatial difference and spatial correlation on energy 
utilization efficiency between 2008 and 2017 of these 

regions are measured and analyzed. The main findings are 
as follows: 
 
Firstly, the urban energy utilization efficiency of the YRD 
urban agglomeration showed an overall upward trend 
during the sample period. Except for a one-time drop below 
0.8, the efficiencies remained between 0.8 and 1. From 
individual perspective, cities including Shanghai, Wuxi and 
Suzhou have relatively high energy utilization efficiency, 
while cities including Nanjing, Hefei and Anqing have low 
efficiencies. 

Secondly, based on the average value of urban energy 
utilization efficiency of the YRD urban agglomeration, cities 
are divided into three groups, namely strong effective, 
medium effective and weak effective. 13 cities are in strong 
effective growth group and 9 cities are in medium effective 
growth group, and the rest four cities are in the weak 
effective growth group. 

Thirdly, based on the exploratory spatial data model and 
Moran's I index analysis, the spatial autocorrelation and 
distribution evolution of urban energy utilization efficiency 
in  the  YRD  urban  agglomerations  show  that  the energy  
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utilization efficiency is significant global spatial 
agglomeration effect in 2008-2017; however, the small 
value in Moran's I index indicates that urban energy 
utilization efficiency in the YRD urban agglomeration does 
not show clear pattern of spatial autocorrelation. 

Last, based on LISA agglomeration map and Moran 
scatter plot, the local spatial autocorrelation of urban 
energy utilization efficiency in the YRD urban 
agglomeration is analyzed. It is found that the energy 
utilization efficiencies of most cities in the YRD urban 
agglomeration are affected by the spatial proximity effect 
and polarization effect of its economic development. There 
appears obvious interdependence in geospatial space 
characterized by agglomeration. 
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