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Abstract: In this paper, based on electrical power consumption (EPC) data extracted from DMSP/OLS
night light data, we select three national-level urban agglomerations in China’s Yangtze River Eco-
nomic Belt(YREB), includes Yangtze River Delta urban agglomerations(YRDUA), urban agglom-
eration in the middle reaches of the Yangtze River(UAMRYR), and Chengdu-Chongqing urban
agglomeration(CCUA) as the research objects. In addition, the coefficient of variation (CV), kernel
density analysis, cold hot spot analysis, trend analysis, standard deviation ellipse and Moran’s I
Index were used to analyze the Spatio-temporal Dynamic Evolution Characteristics of EPC in the
three urban agglomerations of the YREB. In addition, we also use geographically weighted regression
(GWR) model and random forest algorithm to analyze the influencing factors of EPC in the three
major urban agglomerations in YREB. The results of this study show that from 1992 to 2013, the CV
of the EPC in the three urban agglomerations of YREB has been declining at the overall level. At the
same time, the highest EPC value is in YRDUA, followed by UAMRYR and CCUA. In addition, with
the increase of time, the high-value areas of EPC hot spots are basically distributed in YRDUA. The
standard deviation ellipses of the EPC of the three urban agglomerations of YREB clearly show the
characteristics of “east-west” spatial distribution. With the increase of time, the correlations and the
agglomeration of the EPC in the three urban agglomerations of the YREB were both become more
and more obvious. In terms of influencing factor analysis, by using GWR model, we found that the
five influencing factors we selected basically have a positive impact on the EPC of the YREB. By
using the Random forest algorithm, we found that the three main influencing factors of EPC in the
three major urban agglomerations in the YREB are the proportion of secondary industry in GDP, Per
capita disposable income of urban residents, and Urbanization rate.

Keywords: YREB; three urban agglomerations; DMSP/OLS night light data; EPC; spatiotemporal
dynamics; Geographically weighted regression (GWR) model; random forest algorithm

1. Introduction

Energy is not only an important material resource for human survival and activities,
but also a basic driving force for economic growth and social progress [1]. Electric energy
is recognized as one of the most economical and efficient energy sources in the world
and plays an important role in the development of the national economy [2]. As an
important component of energy, electricity relates to every aspect of commercial activities,
industrial productions, and urban residents’ daily activities [3]. Electricity is one of the
most important components in energy consumption, which is directly related to economic
growth, CO2 emission and global warming [4]. Changes in electrical power consumption
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(EPC) patterns of a country over a period of time reflect on its socio-economic development
and energy utilization processes [5]. Electricity resources are an important part of china
energy resources and play a very important role in the sustained economic development
and the improvement of people’s lives [6]. China’s rapid economic development in the last
20 years has resulted in increased demand for electricity and ensuing shortages in electric
power supply [7]. China’s growing EPC has become an important factor to improving
socio-economic development, as well as aggravating environmental degradation [8]. EPC
is one of the basic indices for evaluating electric power use [9]. Obtaining timely and
accurate data on the spatiotemporal dynamics of EPC is crucial for the effective utilization
of electric power in China [10].

As a popular topic in studies of urban sustainability and regional economics, EPC
has been widely studied at large scales [11]. At present, EPC mainly uses administrative
regions as the basic statistical unit. It is difficult to provide spatial distribution information
within the administrative unit, and cannot fully reveal the spatial difference of EPC, which
hinders the integration and comprehensive analysis of EPC data with other socioeconomic
and natural factors [12]. Therefore, spatial research on EPC has become a current hot
spot. Compared to traditional socioeconomic census, remote sensing techniques provide
a suitable method for describing the spatial distribution of EPC [13]. The Operational
Linescan System (OLS) sensor mounted on the Defense Meteorological Satellite Program
(DMSP) of the US military weather satellite can effectively detect the low-intensity night
lights generated by urban night lights and even small-scale residential areas and traffic
flows. Therefore, it is widely regarded as a good data source for monitoring the intensity
of human activities [14]. At present, academia has carried out a lot of research work using
DMSP-OLS night light data. From the perspective of research content, it mainly includes
urban expansion [15–18], economic estimation [19–22], energy consumption [23–26] and
population estimation [27–30]. Therefore, since the 1980s, domestic and foreign scholars
have used DMSP/OLS night light data to conduct a lot of research on EPC [31]. From the
point of view of the research objects, it is mainly based on the global [32–36], China [37–41],
and India [42–44]; from the perspective of the research content, it is mainly based on the
estimation of EPC [45–48] and Spatialization [49–52]. By summarizing, we can clearly find
that the current research on EPC based on DMSP/OLS night light data has relatively few
studies on large-scale cross-regional urban agglomerations within a country.

China’s Yangtze River Economic Belt (YREB) is an important first-level development
axis in the “T”-shaped spatial structure strategy of China’s land development and eco-
nomic layout. It forms the golden corridor of China’s economic development with the
coastal economic belt [53]. Specifically, YREB includes three national-level urban agglomer-
ations: Yangtze River Delta urban agglomerations(YRDUA), urban agglomeration in the
middle reaches of the Yangtze River(UAMRYR), and Chengdu-Chongqing urban agglomer-
ation(CCUA). Based on YREB’s special importance status, the current academic circles have
carried out a lot of research work on YREB, and many research results have been obtained.
Specifically, in terms of research methods, it mainly includes gravity model [54–56], social
network analysis [57–59], coupling coordination model [60–62] and spatial autocorrelation
method [63–65]. In terms of research content, it mainly includes urban expansion [66–69],
ecological environment [70–73], industrial development [74–77], economic growth [78–81].
By summarizing, it is obvious that there is less research on the EPC of YREB.

Therefore, according to the current research status, this paper is based on the EPC data
extracted from DMSP/OLS night light data, and chooses the three urban agglomerations
(YRDUA, UAMRYR and CCUA) of YREB in China as the research objects. Next, we
using coefficient of variation, kernel density analysis, hot spot analysis, trend analysis,
standard deviation ellipse, spatial autocorrelation analysis to analyze the Spatio-temporal
Dynamic Evolution Characteristics of the EPC of the three urban agglomerations of YREB
in China. In addition, we also use Geographic weighted regression (GWR) model and
random forest algorithm to analyze the influencing factors of the EPC of the three major
urban agglomerations in YREB. This paper is a comparative analysis of the Spatio-temporal
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Dynamic Evolution Characteristics of the EPC of the three urban agglomerations of YREB
in China. The purpose is to more clearly discover the Spatio-temporal Dynamic Evolution
Characteristics of the EPC of the three urban agglomerations of YREB in China. Moreover,
we can also calculate and analyze the influencing factors of the EPC of the three major
urban agglomerations in YREB. The research work of this paper can enrich the depth and
breadth of EPC-related research based on DMSP/OLS night light data at the theoretical
level, and has certain theoretical significance. In addition, the research work in this paper
can also provide scientific basis for the optimization of electricity resources allocation and
scientific formulation of electricity control plans for the three urban agglomerations of
YREB in China at the practical level, so it also has certain practical significance.

2. Research Area and Data Sources
2.1. Research Area

YREB spans the three major regions of China’s east, middle and west, covering
11 provinces and cities including Shanghai, Jiangsu, Zhejiang, Anhui, Jiangxi, Hubei,
Hunan, Chongqing, Sichuan, Yunnan, and Guizhou, covering an area of approximately
2.0523 million square kilometers, accounting for 21.35% of China’s total area. The location
introduction map of the YREB and its three major urban agglomerations is shown in
Figure 1. As of the end of 2018, YREB’s total population and GDP were 599 million people
and 40.30 trillion-yuan, accounting for 42.91% and 44.76% of China’s total, respectively.

Figure 1. Location introduction map of YREB and its three major urban agglomerations.
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YREB includes three national-level urban agglomerations, YRDUA, UAMRYR and
CCUA. These three urban agglomerations are the main part of YREB. The zoning area,
permanent population, and total economic volume of YREB’s three national-level urban
agglomerations accounted for 34.78%, 63.61% and 79.41% of the total YREB respectively.
The specific statistical information of these three major urban agglomerations is shown in
Figure 2. In September 2016, the “YREB Development Plan Outline” was officially issued,
one of the main contents is to establish YREB’s three-pole development status with the
three national urban agglomerations of YRDUA, UAMRYR and CCUA. Therefore, it is
necessary to give full play to the radiation role of these three urban agglomerations to
create three growth poles of YREB. However, the three major urban agglomerations still
have obvious gaps in many aspects such as GDP, city size and population. Therefore, it
is essential to compare and analyze the three major urban agglomerations of YREB. In
addition, the work flow chart of this paper is shown in Figure 3.

Figure 2. Statistics of the specific scale of YREB and its three major urban agglomerations (as of the end of 2018).

Figure 3. The workflow of this paper.
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2.2. Data Sources

The DMSP/OLS night light images used in this paper are download from the Na-
tional Geophysical Data Center (NGDC) (https://ngdc.noaa.gov/eog/dmsp/downloadV4
composites.html), with a data span of 1992–2013, and the light gray value range is 0–63.
The DMSP/OLS night light data have a spatial resolution of 30 arc seconds (Arc Second)
(about 1 km at the equator) [82]. It providing a global annual raster image that calibrates
the average light intensity at night, including the persistent light sources in cities, villages,
and other locations, and removing the effects of interference noise, such as moonlight,
clouds, fire, oil, and gas combustion [83]. The EPC data [84] used in this paper were mainly
obtained from a model simulation based on corrected night light data, with a spatial reso-
lution of 1 km, a time resolution of years, and a unit of 104 kWh. The processing of EPC
data includes: (1) Based on the DMSP-OLS radiation correction data in 2006, time sequence
correction and oversaturation correction were performed on the DMSP-OLS stable night
light data from 1992 to 2013. (2) According to the similarity of urban development level
and spatial distribution, the world is divided into 48 sub-regions, and the EPC statistics
data in each sub-region are used to train power consumption estimation models. (3) This
estimation model was applied to the corrected DMSP-OLS pixel by pixel to produce 1000 m
global EPC data product data. The EPC data is downloaded from the Yangtze River Delta
Science Data Center, National Earth System Science Data Sharing Infrastructure, National
Science & Technology Infrastructure of China (http://nnu.geodata.cn:8008/). The EPC
statistics for the YREB in 2013 are shown in Figure 4.

Figure 4. The estimated EPC in the three major urban agglomerations of YREB in 2013 based on
intercalibrated NSL data.

Influencing factor data such as GDP per capita, urbanization rate, per capita disposable
income of urban residents, the total retail sales of social consumer goods, total social
investment in fixed assets, urban built-up area, the proportion of primary industry in GDP,
the proportion of secondary industry in GDP, the proportion of tertiary industry in GDP
are all downloaded from YREB Big Data Platform (http://yreb.sozdata.com, accessed on
15 December 2020) and China Economic and Social Big Data Research Platform (https:
//data.cnki.net accessed on 20 December 2020). Other influencing factors average annual
precipitation, average annual temperature, annual sunshine hours are all downloaded from
the Resource Environmental Science and Data Center of the Chinese Academy of Sciences

https://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html
https://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html
http://nnu.geodata.cn:8008/
http://yreb.sozdata.com
https://data.cnki.net
https://data.cnki.net
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(http://www.resdc.cn/ accessed on 20 December 2020). The boundaries of administrative
units at all levels are taken from the 1:4 million database of the National Basic Geographic
Information Center.

3. Research Methods
3.1. Coefficient of Variation

In probability theory and statistics, the coefficient of variation (CV), also known as
the “dispersion coefficient”, is one of the most commonly used statistics to measure the
degree of dispersion of each observation. This coefficient is expressed as the coefficient of
variation (CV) and defined as the ratio of the standard deviation to the average. Geography
circles widely use the coefficient of variation (CV) method to study spatial differences.
Its advantage is that it can eliminate the influence of different units and averages on the
results [85]. Therefore, this paper uses the coefficient of variation (CV) method to measure
and reveal the relative differences of EPC among the three major urban agglomerations in
the YREB. The calculation formula is as follows:

CV =
α

µ
(1)

In the formula, CVCV is the coefficient of variation. The larger the value of CVCV is,
the greater the relative difference in regional power consumption will be. α is the standard
deviation of observations, and µ is the average value of the observations.

3.2. Kernel Density Estimation

Kernel density estimation method [86] is a nonparametric estimation method which
can get smooth estimation of density function. It is mainly used to estimate the probability
density of random variables [87]. Therefore, kernel density estimation has strong adapt-
ability and can obtain more general and broad conclusions. The kernel density equation of
EPC with point P as the center is as follows [88]:

p(x) =
1

nh

n

∑
i=1

{
k
[

d(x, xi)

h

]}
, (2)

In the formula, n represents the number of administrative units included in the
distance scale; k represents the kernel density function; h represents the distance threshold,
which is the scale of the kernel density estimation method; d(x, xi) represents the Euclidean
distance between two points.

3.3. Hot Spot Analysis

Hot spot analysis can detect the non-randomness of the spatial distribution of events
and calculate the hot spot areas where the frequency of events occurs is high [89]. Hot
spots and cold spots refer to areas where the distribution of the characteristic values of
services are high or low. Hot spots require elements to have high values and be surrounded
by other elements that also have high values [90]. On this basis, this paper uses the hot
spot analysis (Getis-Ord Gi*) tool to analyze the spatial pattern distribution characteristics
of the hot and cold spots of the EPC of the three major urban agglomerations in YREB. The
calculation formula is as follows [91]:

Z(G∗
i ) =

G∗
i − E

(
G∗

i
)√

Var
(
G∗

i
) (3)

In the formula, E
(
G∗

i
)

is the mathematical expectation value;Var
(
G∗

i
)

is the coefficient
of variation. When Z

(
G∗

i
)

is positively significant, it means that the value around the
spatial unit i is relatively large, that is, it becomes a hot spot; when Z

(
G∗

i
)

is negatively

http://www.resdc.cn/
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significant, it means that the spatial unit i is a low-value spatial cluster, that is, become a
cold spot.

3.4. Trend Analysis

The trend analysis is based on the temporal change trends of a single pixel to reflect
the overall law of spatial changes to comprehensively reflect the evolution of regional
spatial and temporal patterns. For an administrative unit with a significant change in EPC,
the trend type is determined by calculating the slope of the change in EPC from 1992 to
2013. Therefore, we used ArcGIS and ENVI software to analyze the EPC trend of YREB’s
three urban agglomerations from 1992 to 2013 and conducted a comparative analysis. The
calculation formula is as follows [92].

slope =
n × ∑n

i=1 xiEi − ∑n
i=1 xi ∑n

i=1 Ei

n × ∑n
i=1 x2

i − (∑n
i=1 xi)2

(4)

In the formula, n is the number of years from 1992 to 2013, that is, n = 22; xi is the
serial number from 1992 to 2013, and Ei represents the EPC of a certain administrative
unit in year i. Slope < 0 indicates that the EPC of the administrative unit is showing a
significant decreasing trend, slope > 0 indicates that the EPC is increasing significantly. For
the administrative units with increasing EPC, according to their slope mean and standard
deviation, they are divided into five types: rapid growth, faster growth, moderate growth,
slow growth and slower growth.

3.5. Standard Deviation Ellipse

Standard deviational ellipse (SDE) is a spatial statistical method that reveals the multi-
faceted features of a variable spatial distribution [93]. The SDE reflects the center of gravity,
the degree of dispersion of the secondary trend, and the main trend direction of an element
based on its two-dimensional spatial distribution through the center, along the main axis,
along the auxiliary axis, at the azimuth angle, etc. [94]. The formula is as follows.

The center of gravity is calculated as:

M(X, Y) =
[

∑n
i=1 wiXi

∑n
i=1 wi

∑n
i=1 wiYi

∑n
i=1 wi

]
(5)

The SDE is calculated as:

SDEx =

√
∑n

i=1 (xi − X)
2

n
(6)

SDEy =

√
∑n

i=1 (yi − Y)2

n
(7)

where xi, yi are the coordinates of the i-th subregion; (X, Y) represents the center of gravity
of the region; and n is the total number of subregions.

3.6. Moran’s I Index

Spatial autocorrelation is a spatial statistical analysis method that can be used to
measure the correlation of a certain geographical phenomenon at a location or the value
of an attribute with the same phenomenon or attribute value at a nearby location [67].
Moran’s I is a powerful tool for identifying spatial clustering effects. Global Moran’s I and
local Moran’s I are calculated to associate anomaly correlations at neighboring grid cells
with one another [95]. At present, the global Moran’s I index, proposed by Moran [96], is
extensively used to test the spatial dependence of a specific statistical indicator between
the adjacent regions in the entire space-time system [97].
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Local spatial autocorrelation analysis can reveal the heterogeneous characteristics of
local spatial differences, and further fully reflect the regional EPC spatial associations and
difference trends. At present, the main indicators for measuring local spatial autocorrelation
are Moran scatter plots and spatially linked local indicators (LISA) [98]. The Moran scatter
plot is a measurement index reflecting local spatial stability and can visually illustrate the
form of the spatial connections between research units. LISA can measure the significance
of this spatial connection and the difference between the attributes of the regional unit
and its surrounding areas [99]. Therefore, this study combines the global Moran’s I index,
local Moran scatter plot, and LISA to monitor the spatial agglomeration and local spatial
instability of EPC in the YREB at different scales. The calculation formula is as follows [88].

(1) Global autocorrelation analysis.

Moran’s I =
n ∑n

i=1 ∑m
j=1 Wij(xi − x)

(
xj − x

)(
∑n

i=1 ∑m
j=1 Wij

)
∑n

i=1(xi − x)2
(8)

(2) Local autocorrelation analysis.

Local Moran’s I =
n(xi − x)∑m

j=1 Wij
(

xj − x
)

∑n
i=1(xi − x)2

. (9)

In the formula, xi, xj represents the EPC of the two administrative units i and j; n is the
total number of samples, representing all the administrative units being analysed ; Wij is
the spatial weight matrix, which is defined in this paper by the adjacency criterion. When
administrative unit i is adjacent to administrative unit j, Wij = 1, otherwise, Wij = 0, i = 1,2,
. . . ,n, j = 1,2, . . . ,m.

3.7. Geographically Weighted Regression (GWR) Model

GWR methods is a technique for exploring statistical associations between a dependent
variable and a set of explanatory variables [100]. GWR is a localized regression model
which allows the estimated parameters to vary over the spatial domain. It also takes
spatial autocorrelation into account and thus can mitigate the bias in models caused by
the spatial autocorrelation effect. Hence, compared with the global regression model in
which parameter estimation is fixed for each observation, GWR can be used to address the
spatial nonstationarity and spatial autocorrelation of observations and determine whether
the underlying process exhibits spatial heterogeneity. The formula is as follows:

yi = β0(ui, vi) + ∑
k

βk(ui, vi)xik + εi (10)

In the formula, (ui, vi) is the center coordinate of position i, βk(ui, vi) is the regression
coefficient of the k-th variable at position i, β0(ui, vi),εi are the intercept and error terms of
the model at position i, respectively.

3.8. Random Forest Algorithm

The random forest algorithm has been widely used to solve numerous kinds of
regression and classification tasks [101]. This is because random forest is a user-friendly
machine learning method that can almost always produce desirable results without tedious
parameter tuning [102]. In the training stage, the random forest algorithm uses bootstrap
sampling to collect multiple sub-training datasets from the input training dataset to train
multiple decision trees successively. Notably, the random forest algorithm evaluates the
importance of variables through variable importance measures, which represents the total
decrease in node impurity from splitting on the variable as measured for regression by
the residual sum of squares and averaged over all trees [103]. In this research, we use
the random forest algorithm to analyze the influence of the factors affecting the EPC of
the three major urban agglomerations in the YREB. Influencing factors include GDP per
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capita, urbanization rate, per capita disposable income of urban residents, the total retail
sales of social consumer goods, total social investment in fixed assets, urban built-up area,
the proportion of primary industry in GDP, the proportion of secondary industry in GDP,
the proportion of tertiary industry in GDP, average annual precipitation, average annual
temperature, and annual sunshine hours. The random forest algorithm implemented in
Python 3.7 software.

4. Results
4.1. Temporal and Spatial Evolution Characteristics of EPC of YREB Three Urban Agglomerations
at Different Scales

From Figure 5, we can see that from 1992 to 2013, the CV of the three major urban
agglomerations of YREB has been in a downward trend at the overall level. The value
dropped from 8.08 in 1992 to 2.98 in 2013, with an average annual decrease of −2.87%,
reflecting that the overall EPC difference of YREB’s three major urban agglomerations
is gradually decreasing. Specifically, the CV of the three major urban agglomerations of
YREB is also in a downward trend. Among them, the CV of YRDUA dropped from 5.12 in
1992 to 1.75 in 2013, with an average annual decrease of −2.99%. UAMRYR’s CV dropped
from 9.88 in 1992 to 4.17 in 2013, with an average annual decrease of −2.63%. CCUA’s CV
dropped from 12.08 in 1992 to 4.18 in 2013, with an average annual decrease of −2.97%. We
can find that the CV declines of these three urban agglomerations are very close, reflecting
that the EPC differences within these three urban agglomerations have been shrinking
from 1992 to 2013.

Figure 5. The statistical graph of the CV trend of the EPC of YREB’s three major urban agglomerations
from 1992 to 2013.

In addition, through comparison, we can find that in terms of the comparison of the
size of CV, the value of CCUA is the largest, the value of UAMRYR is second, and the value
of YRDUA is the smallest. This is because CCUA is located in the western region of China.
The overall economic development of CCUA is lagging behind YRDUA and UAMRYR.
In CCUA, all provinces and cities are doing their best to develop their own provincial
capital cities and a few prefecture-level cities, which directly results in the comprehensive
development gap between provincial capital cities and a few prefecture-level cities and
other regions is getting wider and wider. Since the development of various undertakings
such as economic development and urbanization construction will consume a large amount
of power resources, this directly leads to the increasing EPC gap between provincial capitals
and a few cities and other regions. Therefore, the CV of CCUA is the largest among the
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three major urban agglomerations in the YREB. The overall development of UAMRYR is
slightly better than that of CCUA. Therefore, the CV of UAMRYR’s EPC is slightly smaller
than that of CCUA. YRDUA is located in the eastern area of China, and it is also one
of the most developed regions in China. Most of the areas within its area are relatively
developed. On the overall level, the development of internal administrative units at all
levels is significantly better than that of UAMRYR and CCUA, and the internal EPC gap
is not very obvious. Therefore, the CV of YRDUA’s EPC is significantly smaller than
UAMRYR and CCUA.

4.2. The Spatial Structure Evolution Characteristics of the EPC of the Three Major Urban
Agglomerations of the YREB

From Figure 6, we can find that from 1992 to 2013, the EPC of the three major urban
agglomerations of YREB was on an increasing trend. Specifically, through comparison, we
can find that no matter what time period, the EPC of the three major urban agglomerations
of YREB Continuous decreases from the east (YRDUA) to the central (UAMRYR) and the
west (CCUA). And with the increase of time, the gap between the EPC of YRDUA and
the EPC of UAMRYR and CCUA is also increasing, which directly reflects the obvious
comprehensive development gap between the three urban agglomerations.

Figure 6. EPC kernel density distribution of the three major urban agglomerations of YREB from 1992 to 2013.
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Specifically, we can clearly find that in YRDUA, there are more cities with high EPC,
and these cities are more developed. In UAMRYR and CCUA, areas with high EPC are
provincial capitals and other major cities. Therefore, we conclude that the distribution of
EPC levels is directly related to the distribution of cities. This characteristic is particularly
obvious in the central and western regions, and with the increase of time, it will become
more and more obvious. This is because the level of EPC is closely related to the city size,
economic development level, and population size of this area.

4.3. The Evolution Characteristics of the Spatial Pattern of EPC in the Three Major Urban
Agglomerations of the YREB

Based on the hot spot analysis tool, we can know where the high-value or low-value
elements are clustered in space through the obtained z-score and p-value. The higher the
z-score, the tighter the clusters of high values (hot spots), and conversely, the tighter the
clusters of low values (cold spots).

From Figure 7, we can find that during 1992–2013, with the increase of time, the
accumulation of cold and hot spots of YREB EPC became more and more obvious. At the
same time, the distribution of high-value areas of EPC hotspots also obviously shows a
characteristic of decreasing from YRDUA in the east to UAMRYR in the middle and CCUA
in the west.

Figure 7. The distribution statistics of EPC cold and hot spots in the three major urban agglomerations of YREB from 1992
to 2013.

Specifically, the high-value areas of EPC hot spots are concentrated in YRDUA, and
this distribution becomes more and more obvious with the increase of time. This is because
YRDUA, as one of the most developed regions in China, which is significantly higher
than UAMRYR and CCUA in terms of GDP and population size. In addition, we also
found that EPC hot spots are also areas with relatively developed economies or highly
concentrated populations, such as provincial capitals and other major cities. The hot spots
of YRDUA’s EPC are Shanghai, Suzhou, Hangzhou, Nanjing and other provincial capital
cities and other developed cities, and the number of hot spots is significantly more than
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UAMRYR and CCUA. The hot spots of UAMRYR’s EPC are the capital cities of Wuhan,
Changsha and Nanchang. The hot spots of CCUA’s EPC are the main urban areas of
Chengdu and Chongqing.

4.4. Change Trend Analysis of EPC of YREB’s Three Major Urban Agglomerations

In order to further reveal the Spatio-temporal Dynamic Evolution Characteristics of
EPC changes in the three major urban agglomerations of the YREB. This paper first classifies
the growth trend of YREB’s EPC according to the trend analysis method. According to the
magnitude of the increase, it can be divided into five types: Rapid growth, Faster growth,
Moderate growth, Slow growth, and Slower growth. Secondly, in order to highlight the
comparison between the three YREB urban agglomerations, this paper also draws the EPC
trend statistics of the three YREB urban agglomerations as a whole and the specific three
urban agglomerations from 1992 to 2013. The calculation results are shown in Figures 7–10.

Figure 8. EPC trend statistics of YREB’s three major urban agglomerations from 1992 to 2013.

It can be seen from Figure 8 that from 1992 to 2013, the overall EPC increase of the
three major urban agglomerations of YREB decreased from YRDUA in the east to UAMRYR
in the middle and CCUA in the west. Moreover, the areas where the EPC growth rate is
Rapid growth are all located in YRDUA. It can be seen that YRDUA is the area with the
largest increase in EPC among the three major urban agglomerations of YREB. The EPC
growth rate is the Faster growth area except UAMRYR’s Wuhan City, other areas are all
located in YRDUA. Most of the regions where the EPC growth rate is Moderate growth are
also located in YRDUA. The regions where the EPC growth rate of UAMRYR and CCUA
are Moderate growth are all provincial capital cities. The increase in EPC is that the Slow
growth and Slower growth areas are mostly located in UAMRYR and CCUA, reflecting the
relatively small increase in EPC in these two urban agglomerations.
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Figure 9. Statistical chart of EPC change trend of YRDUA from 1992 to 2013.

Specifically, as shown in Figure 9, within YRDUA, the cities with rapid growth in EPC
are mainly Shanghai, Suzhou, Wuxi and Zhenjiang. With Shanghai as the core, these cities
have highly developed economies and highly concentrated populations. They are also
metropolitan areas. Therefore, the increase in EPC of these cities is not only the highest
within YRDUA, but also the highest in the three major urban agglomerations of YREB.
The areas where the EPC growth rate is Faster growth are mainly Nanjing, Zhenjiang
and Changzhou in Jiangsu Province, Jiaxing, Ningbo and Zhoushan in Zhejiang Province.
Some of these cities are the capital cities of their respective provinces and some are major
cities. The economy of these cities is also very developed, the population size is also large,
and the degree of urbanization is also high. Therefore, the growth rate of EPC is the second
highest within YRDUA. The cities where the EPC growth rate is Moderate growth are
Yangzhou, Taizhou and Nantong in Jiangsu Province, Hangzhou, Shaoxing and Taizhou
in Zhejiang Province. These cities are also major cities in their respective provinces. The
comprehensive development of these cities lags behind shanghai, suzhou, nanjing, etc.,
but it is obviously faster than the cities in the west of the YRDUA. Therefore, the EPC
growth rate of these cities is Moderate growth in the YRDUA. The growth rate of EPC is
slow growth and slower growth cities are mainly located in the west, south and north of
YRDUA. The comprehensive development of these areas is relatively backward in YRDUA.
Therefore, the growth rate of EPC is small.
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Figure 10. Statistical chart of EPC change trend of UAMRYR from 1992 to 2013.

From Figure 10, we can know that within UAMRYR, Wuhan is the only region that
the EPC growth rate is rapid growth. It can be seen that Wuhan’s EPC growth rate is
significantly higher than other cities. The areas where the EPC growth rate is faster growth
are Changsha, Nanchang and Ezhou. Changsha City and Nanchang City are the capitals of
Hunan Province and Jiangxi Province respectively. Therefore, the total economic aggregate,
urban area and population scale of these two cities in their respective provinces are higher
than those of other cities. Ezhou is close to Wuhan City, and is greatly affected by the
radiation and driving of Wuhan City. Economic exchanges and interactions with Wuhan
City are frequent. At the same time, the integration development process with Wuhan City
is also very fast.

The regions where the EPC growth rate is moderate growth are other major cities in
UAMRYR except for the provincial capital, such as Xiaogan City and Huangshi City in
Hubei Province, Zhuzhou City and Xiangtan City in Hunan Province, and Yingtan City in
Jiangxi Province. These cities are also relatively developed in their respective provinces.
Therefore, the growth rate of EPC is Moderate growth. The areas where the EPC growth
rate is slow growth and slower growth are mainly other cities in these provinces except for
the capital cities and other major cities. The development of these prefectures and cities
lags behind that of provincial capitals and other major prefectures, so the increase in EPC
is the smallest.

It can be seen from Figure 11 that Chengdu is the only city within CCUA whose
EPC growth rate is Rapid growth. This is because Chengdu is not only the core city of
CCUA, but also the core city of Sichuan Province. Therefore, in terms of population,
economic aggregate, and city size, they are all in the leading position within CCUA, so
the increase in EPC is the most obvious. The EPC growth rate of Deyang City is faster
growth. This is because Deyang City is not only close to Chengdu, but also within the
radiation range of Chengdu. Therefore, Deyang City and Chengdu are closely connected,
and the development of Deyang City is obviously affected by the radiation of Chengdu.
As a result, the economy is relatively developed and urban development is constantly
advancing, so the growth rate of EPC is only lower than that of Chengdu. The cities
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where the EPC growth rate is moderate growth are Chongqing City and Mianyang City,
Suining City, Nanchong City, Guang’an City and Neijiang City in Sichuan Province. This is
because although Chongqing has a leading position within CCUA in terms of economic
aggregate, population size, and urban construction, as a municipality directly under the
Central Government, Chongqing has a large area, and in addition to the main urban area,
the overall development of most counties and cities is also Relatively backward, so the
overall EPC increase in the end is not very obvious. The comprehensive development of
Mianyang City, Suining City, Nanchong City, Guang’an City and Neijiang City in Sichuan
Province lags behind the previous cities, so the increase in EPC is not obvious. The growth
rates of EPC in Dazhou, Ziyang, Leshan, Yibin, Ya’an and Luzhou in Sichuan Province
belong to slow growth and slower growth. The comprehensive development of these cities
is in a backward position within CCUA, so the increase in EPC is also the smallest.

Figure 11. Statistical chart of EPC change trend of CCUA from 1992 to 2013.

4.5. The Evolution Characteristics of the Spatial Pattern of the EPC of the Three Major Urban
Agglomerations of YREB

From Table 1, Figures 12 and 13, it can be found that from 1992 to 2013, the standard
deviation ellipses of the three major urban agglomerations of YREB clearly showed an
“east-west” spatial distribution characteristic, and the spatial directivity of YRDUA was
very obvious. It shows that the driving force of YREBEPC’s growth is mainly from the
growth of EPC in the east-west direction, and it also shows that YRDUA has the highest
proportion of EPC in the three major urban agglomerations of YREB. In addition, we also
found that the standard deviation ellipses of the three major urban agglomerations of YREB
in the four years of 1992, 1999, 2006 and 2013 are almost all within the range of YRDUA
and UAMRYR. It can be reflected that the core area of YREB’s EPC is in YRDUA, followed
by UAMRYR, and CCUA has the lowest proportion. In addition, we also found that during
the study period, the length of the major axis, the length of the minor axis, and the area
of the standard deviation ellipse of the three major urban agglomerations of YREB have
found certain changes. Specifically, the length of the major axis of the standard deviation
ellipse increased from 657.87 km in 1992 to 696.90 km in 2013, an average annual increase
of 1.77 km, and the length of the minor axis of the standard deviation ellipse increased from
173.89 km in 1992 to 199.43 km in 2013, an average annual increase of 1.16 km. The area
of the standard deviation ellipse increased from 359,283.77 km2 in 1992 to 436,513.94 km2
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in 2013, an average annual increase of 3510.46 km2. It can be seen that the driving force
from the east-west direction of the three major urban agglomerations of YREB has a further
growth trend, and the area of the standard deviation ellipse continues to increase, especially
since the standard deviation ellipse in 2013 has begun to tilt toward CCUA. It can be seen
that the proportion of EPC in the three major urban agglomerations of YREB is undergoing
slight changes, especially the proportion of EPC in CCUA is slowly increasing.

In terms of center of gravity migration, the center of gravity of the EPC of YREB’s three
major urban agglomerations shows the characteristics of moving from west to east, and
then from east to west, but the magnitude of the movement is relatively small. The center of
gravity of EPC in the four years of 1992, 1999, 2006 and 2013 is located in Zongyang County,
Anhui Province, that is, within the scope of YRDUA, and is also close to the regional scope
of UAMRYR. Therefore, we can find that YRDUA has the highest proportion of EPC among
the three major urban agglomerations of YREB, followed by UAMRYR, and CCUA has
the smallest proportion. In terms of the comparison of the moving distance of the EPC
center of gravity, the moving distance was the largest from 2006 to 2013, followed by the
moving distance from 1992 to 1999, and the moving distance from 1999 to 2006 was the
smallest. It can be seen that during the study period, the EPC of YREB’s three major urban
agglomerations has increased significantly. Among them, YRDUA has the largest increase,
followed by UAMRYR, and CCUA has the smallest increase. In general, due to the obvious
gaps between the three major urban agglomerations of YREB in terms of urban scale, total
economic volume, and population, the spatial distribution pattern of the overall EPC of the
three major urban agglomerations of YREB remains unchanged.

Table 1. Statistical table of the standard deviation ellipse data of the three major urban agglomerations
of YREB in 1992–2013.

Years Center Coordinates Length of Long
Axis (km)

Length of
SHORTAxis (km)

Area of the
Ellipse (km2)

1992 (117.26 E, 30.93 N) 657.87 173.89 359,284
1999 (117.56 E, 30.91 N) 650.93 183.04 374,203
2006 (117.47 E, 30.80 N) 680.70 191.21 408,788
2013 (117.12 E, 30.84 N) 696.90 199.43 436,514

Figure 12. EPC standard deviation ellipse and average center of gravity distribution of the three
major urban agglomerations of YREB from 1992 to 2013.
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Figure 13. The distribution of the average center of gravity movement trajectory of the three major
urban agglomerations of YREB from 1992 to 2013.

4.6. Spatial Autocorrelation Analysis of EPC of YREB’s Three Major Urban Agglomerations

In order to better discover the spatial autocorrelation features and structural change
characteristics of the EPC within the three major urban agglomerations of YREB. Therefore,
this paper combines the global Moran’s I index, the local Moran scatter plot and LISA to
monitor the spatial agglomeration and local spatial instability of the EPC of the three major
urban agglomerations of YREB. The specific calculation results were shown in Table 2,
Figures 13 and 14.

Table 2. EPC global Moran’s I index statistics for the three major urban agglomerations of YREB
from 1992 to 2013.

Year Global Moran’s I Index Z Value p Value

1992 0.58 6251.27 <0.001
1999 0.65 7015.85 <0.001
2006 0.74 7898.64 <0.001
2013 0.77 8228.36 <0.001

According to Table 2, during the research period, the Moran’s I index of the EPC
of the three major urban agglomerations of YREB is between −1 and +1, and has been
increasing. Specifically, it increased from 0.58 in 1992 to 0.77 in 2013, with an average annual
increase of 1.49%, and the value of Moran’s I index is getting closer to 1. The Z value increased
from 6251.27 in 1992 to 8208.36 in 2013, with an average annual increase of 1.44%, and the
Z value has been increasing. In addition, we also found that the p-value is always less than
0.001. It can be seen that the EPC of YREB’s three major urban agglomerations is statistically
significant and has obvious correlation, and with the increase of time, the correlation of the
EPC of YREB’s three major urban agglomerations becomes more and more significant.

Figure 14 shows the local Moran’s I index scatter plot of the EPC of YREB three major
urban agglomerations in 1992–2013. We can clearly find that with the change of time, the
agglomeration of red points (number of samples) in the three major urban agglomerations
of YREB has become more and more obvious. Among them, the degree of agglomeration
was the highest in 2013, and the slope of the line was getting bigger and bigger, especially
in 2013, the slope of the line was significantly greater than in 1992, 1999 and 2006. It
clearly reflects that the spatial correlation of the EPC of YREB provinces and cities has
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been continuously enhanced, which is consistent with the calculation results of the global
Moran’s I index, indicating that with the increase of time, the spatial correlation of the EPC
of the three major urban agglomerations of YREB has become more and more obvious.
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The LISA cluster map of YREB’s three major urban agglomerations from 1992 to 2013
is shown in Figure 15. We can clearly find that with the change of time, the spatial correla-
tion and agglomeration of the three major urban agglomerations of YREB has increased
significantly. From 1992 to 2013, the number of spatial autocorrelation agglomerations of
the three major urban agglomerations of YREB increased from 7 to 16, and the degree of
agglomeration increased significantly. Specifically, the cities where EPC presents “High-
High” clusters are all located in YRDUA, especially Shanghai, the southeast of Jiangsu
Province, and the north and east of Zhejiang Province. These cities are among the most
economically developed regions in China. The cities are large in scale, highly concentrated
in population, highly developed economy, and highly integrated. Therefore, the largest
number of EPC within the three urban agglomerations of YREB have been produced and
the degree of agglomeration is also high. The cities where EPC presents “Low-Low” clus-
ters are mainly distributed in UAMRYR and CCUA. Compared with YRDUA in the east,
the comprehensive development of these cities is far behind. Therefore, the EPC produced
is relatively small and the degree of agglomeration is relatively low. EPC shows that the
“Low-High” clusters of cities are all located in YRDUA in the east of YREB’s three major
urban agglomerations. The comprehensive development of these cities only lags behind
YRDUA’s most developed cities. Therefore, the urban scale, total economic volume, and
population size are relatively high, which has resulted in a larger EPC and a certain degree
of agglomeration.
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Figure 15. The LISA cluster map of the EPC of YREB’s three major urban agglomerations in 1992–
2013.
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4.7. Spatial-Temporal Difference Analysis of Influencing Factors of EPC in Three Urban
Agglomerations in the Yreb Based on GWR

Table 3 shows the GWR model estimation results of the EPC of the three major urban
agglomerations in the YREB, and the regression fitting coefficient also shows a gradually
increasing trend. The R2 values of the three years 1999, 2006, and 2013 are 0.761, 0.788,
and 0.803 respectively, reflecting the good fitting performance of the GWR model. Based
on the GWR model, it can reflect 73.20%, 75.10%, and 77.10% of the temporal and spatial
changes in EPC of the three major urban agglomerations in the YREB in 1999, 2006, and
2013. Therefore, it can better meet the research needs and has high reliability.

Table 3. GWR model estimation results.

Index 1999 2006 2013

R2 0.761 0.788 0.803
Adjusted R2 0.732 0.751 0.771

AICC −385.135 −408.463 −442.457
Sigma 0.166 0.141 0.122

According to the box plot of the GWR model regression coefficient distribution of the
EPC of the three major urban agglomerations in the YREB in 1999 (Figure 16), it can be
seen that the regression coefficients of the proportion of secondary industry in GDP, GDP
per capita, urbanization rate, per capita disposable income of urban residents and annual
sunshine hours are all positive. It directly reflects that these five influencing factors have a
positive impact on the EPC of the three major urban agglomerations in the YREB in 1999.
Specifically, the regression coefficient of Per capita disposable income of urban residents
has the largest mean value, indicating that Per capita disposable income of urban residents
has the greatest impact on EPC. At the same time, the regression coefficient of Per capita
disposable income of urban residents has the largest distribution range, indicating the
spatial difference is the most obvious. Both the mean value and the distribution interval of
the regression coefficients of annual sunshine hours are in the second position, which not
only shows that the annual sunshine hours has a greater impact on EPC, but also shows that
the regression coefficients of the annual sunshine hours have obvious spatial differences.
The mean value and distribution interval of the regression coefficients of the other three
influencing factors are relatively close, indicating that the degree of influence of these three
influencing factors on EPC is close to the spatial difference of the regression coefficient.

From the distribution box plot of the GWR model regression coefficients of the three
major urban agglomerations in the YREB in 2006 (Figure 17), it can be seen that the
regression coefficients of the proportion of secondary industry in GDP, GDP per capita,
urbanization rate, per capita disposable income of urban residents, annual sunshine hours
are all positive as in 1999. It directly reflects that these five influencing factors have
a positive impact on the EPC of the three major urban agglomerations in the YREB in
2006. Specifically, the regression coefficients of annual sunshine hours have the largest
distribution range, indicating that their spatial differences are the most obvious. At the
same time, the average value of annual sunshine hours is also in the second position, which
also indicates that it has a greater impact on EPC. The regression coefficient of per capita
disposable income of urban residents has the largest mean value, which directly shows
that per capita disposable income of urban residents has the greatest impact on EPC. The
proportion of secondary industry in GDP’s regression coefficient is in the second position,
which also shows that its spatial difference is more obvious. The regression coefficients
of GDP per capita and urbanization rate are relatively close, which directly indicates that
the impact of these two influencing factors on EPC is relatively close, and the distribution
range of the regression coefficient of urbanization rate is greater than that of GDP per
capita. The distribution interval of the urbanization rate indicates that the spatial difference
of the regression coefficient of urbanization rate is more obvious.
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Figure 16. Box plot of GWR model regression coefficient distribution of EPC in the three major urban
agglomerations of the YREB in 1999.

Figure 17. Box plot of GWR model regression coefficient distribution of EPC in the three major urban
agglomerations of the YREB in 2006.

From the box plot of the GWR model regression coefficient distribution of EPC in
the three major urban agglomerations in the YREB in 2013 (Figure 18), it can be seen that
the regression coefficients of GDP per capita, urbanization rate, per capita disposable
income of urban residents, annual sunshine hours are all positive. It directly reflects that
these four influencing factors have a positive impact on the EPC of the three major urban
agglomerations in the YREB in 2006. Specifically, the regression coefficient of per capita
disposable income of urban residents has the largest mean value, indicating that it has
the greatest impact on EPC. At the same time, the distribution interval of the regression
coefficient of per capita disposable income of urban residents is also in the second position,
which also shows that the spatial difference is also more obvious. The regression coefficient
of annual sunshine hours have the longest distribution interval, which directly shows that
its spatial difference is the most obvious. At the same time, the mean value of the regression
coefficient of Annual sunshine hours is also in the second position, indicating that its impact
on EPC is also greater. The regression coefficients of the two influencing factors of GDP
per capita and urbanization rate are relatively close, which directly shows that the impact
of these two influencing factors on EPC is relatively close, and the distribution range of
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the regression coefficient of Urbanization rate is greater than that of GDP per capita. The
distribution interval of the urbanization rate indicates that the spatial difference of the
regression coefficient of urbanization rate is more obvious. The regression coefficient of
the proportion of secondary industry in GDP is negative, indicating that the proportion of
secondary industry in GDP has an inhibitory effect on EPC. At the same time, the regression
coefficient of the proportion of secondary industry in GDP has a longer distribution range,
indicating that the spatial difference is also more obvious.

Figure 18. Box plot of GWR model regression coefficient distribution of EPC in the three major urban
agglomerations of the YREB in 2013.

In order to find the spatial distribution characteristics of the regression coefficients
of the proportion of secondary industry in GDP, per capital, urbanization rate, per capital
disposable income of urban residents and annual sunshine hours of the three major urban
agglomerations in the YREB in 1999, 2006 and 2013 more intuitively and concretely. We also
draw the spatial distribution of the regression coefficients of these five factors, as shown in
Figures 19–21.

Figure 19. Cont.
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Figure 19. The spatial distribution map of the regression coefficients of the GWR model influencing factors of EPC in the
three major urban agglomerations of the YREB in 1999.

It can be found from Figure 19 that the proportion of secondary industry in GDP, GDP
per capital, urbanization rate, per capital disposable income of urban residents of the three
major urban agglomerations in the YREB in 1999, the regression coefficients of annual
sunshine hours are similar in spatial distribution. On the whole, the regression coefficients
are decreasing from the YRDUA to UAMRYR and CCUA. This also directly reflects that the
impact of these five influencing factors is the largest in the YRDUA, followed by UAMRYR,
and CCUA has the least. Specifically, the distribution characteristics of the regression
coefficient of urbanization rate are the most obvious. The highest value is concentrated in
the coastal areas of the YRDUA, reflecting that the EPC in these areas is most obviously
affected by the urbanization rate. The highest value of the regression coefficient of the
proportion of secondary industry in GDP is concentrated in the cities at the junction of the
YRDUA and UAMRYR. This is due to the accompanying Chinese government’s call for
industrial transfer. Therefore, the cities at the junction of the YRDUA and UAMRYR have
undertaken labor-intensive industries and heavy industries from the coastal areas of the
YRDUA. Therefore, it will naturally produce high EP.

The highest value of regression coefficient of per capita disposable income of urban
residents is also concentrated in the coastal cities of the YRDUA, while the second highest
value appears in the Wuhan urban agglomeration in the UAMRYR. This is because the
Wuhan urban agglomeration is the core city of UAMRY, which has rapid comprehensive
development and relatively high residents’ income. Therefore, it finally appeared that the
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EPC of the Wuhan city agglomeration was significantly affected by per capita disposable
income of urban residents. The spatial distribution of the regression coefficient of GDP per
capita also has a new high-value area, namely Chongqing City. This is because Chongqing,
as the only municipality directly under the Central Government in western my country, is
the core city of CCUA, and its comprehensive development is relatively fast. Therefore,
GDP per capita has a significant impact on Chongqing’s EPC. The high-value areas of the
Regression coefficient of annual sunshine hours are the southern part of YRDUA and the
junction area between the YRDUA and UAMRYR. Most of these cities are located to the
south and are close to the coast. Therefore, it is most affected by annual sunshine hours.

Figure 20. The spatial distribution map of the regression coefficients of the GWR model influencing factors of EPC in the
three major urban agglomerations of the YREB in 2006.
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It can be found from Figure 20 that the spatial distribution of the regression coefficients
of the proportion of secondary industry in GDP, GDP per capital, urbanization rate, per
capital disposable income of urban residents and annual sunshine hours of the three urban
agglomerations in the YREB in 2006 is similar to that in 1999. On the whole, the regression
coefficient decreases from YRDUA to UAMRYR and CCUA. This also directly reflects that
YRDUA is the most affected by these five influencing factors, followed by UAMRYR and
CCUA. Specifically, the high-value areas of the regression coefficient of urbanization rate
and the proportion of secondary industry in GDP are concentrated in the YRDUA. This is
because the YRDUA is the most developed city in the YREB, and the values of urbanization
rate and the proportion of secondary industry in GDP are the highest within the three major
urban agglomerations in the YREB. Therefore, these two factors have the most obvious
impact on EPC.

The high values of regression coefficient of per capita disposable income of urban
residents and regression coefficient of GDP per capita are not only distributed in the
YRDUA, but also in the CCUA in the west. This is because the Chinese government imple-
mented the “Western Development Plan” in 2006, focused on promoting the development
of Chongqing and Chengdu, including the CCUA in the west. Therefore, the residents’
income and GDP per capita of the CCUA have been significantly developed, and there-
fore have become the main factors affecting EPC. The high-value areas of the regression
coefficient of annual sunshine hours are mainly concentrated in the YRDUA, because the
YRDUA is the urban agglomeration with the highest degree of urbanization among the
three major urban agglomerations in the YREB. At the same time, it is located in coastal
areas and has obvious urban heat island effects. Therefore, annual sunshine hours is the
main factor influencing EPC.

Figure 21. Cont.
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Figure 21. The spatial distribution map of the regression coefficients of the GWR model in fluencing factors of EPC in the
three major urban agglomerations of the YREB in 2013.

It can be found from Figure 21 that the spatial distribution characteristics of the re-
gression coefficients of the proportion of secondary industry in GDP, GDP per capital,
urbanization rate, per capital disposable income of urban residents and annual sunshine
hours of the three major urban agglomerations in the YREB in 2013 have changed com-
pared with those in 1999 and 2006. Specifically, regression coefficient of urbanization rate,
regression coefficient of the proportion of secondary industry in GDP, regression coefficient
of per capita disposable income of urban residents, The high values of regression coefficient
of GDP per capita are obviously concentrated in the UAMRYR and CCUA in the western
part. It clearly reflects that in 2013, the urbanization rate, the proportion of secondary
industry in GDP, per capita disposable income of urban residents, and GDP per capita in
the CCUA and UAMRYR have increased significantly. Therefore, the influence of these
four values on the EPC of the CCUA and UAMRYR is more obvious within the three urban
agglomerations in the YREB. The cities with high values of regression coefficient of annual
sunshine hours have increased from the YRDUA to the eastern cities in the UAMRYR. It
directly reflects the increase in annual sunshine hours in these cities, leading to an increase
in temperature. Eventually, the appearance of annual sunshine hours in these cities has a
significant impact on EPC.

4.8. Analysis of the Importance of Factors Affecting EPC in the Three Major Urban
Agglomerations in the YREB Based on Random Forest Algorithm

Based on the random forest algorithm, the statistics of the importance scores of the
three major urban agglomerations in the YREB in 1999, 2006, and 2013 are shown in Table 4.
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According to the importance scores of different influencing factors, we can clearly find that
in 1999, the main influencing factors of EPC in the three major urban agglomerations in the
YREB were the proportion of secondary industry in GDP, GDP per capita, and urbanization
rate. In 2006, the main influencing factors of EPC in the three major urban agglomerations
in the YREB were per capita disposable income of urban residents, the proportion of
secondary industry in GDP, and urbanization rate. In 2013, the main influencing factors of
EPC in the three major urban agglomerations in the YREB were the proportion of secondary
industry in GDP, per capita disposable income of urban residents, and average annual
temperature. Through a comprehensive analysis of the three years of 1999, 2006, and 2013,
we found that the main influencing factors of EPC in the three major urban agglomerations
in the YREB are the proportion of secondary industry in GDP, per capita disposable income
of urban residents, and urbanization rate.

Table 4. Statistical table of the importance scores of the influencing factors of EPC of the three major city clusters in the
YREB in 1999, 2006, and 2013.

Sort
1999 2006 2013

Influencing Factors Importance
Score Influencing Factors Importance

Score Influencing Factors Importance
Score

1 The proportion of secondary
industry in GDP 0.364 Per capita disposable

income of urban residents 0.378 The proportion of secondary
industry in GDP 0.419

2 GDP per capita 0.175 The proportion of secondary
industry in GDP 0.230 Per capita disposable

income of urban residents 0.139

3 Urbanization rate 0.136 Urbanization rate 0.196 Average annual temperature 0.120

4 Per capita disposable
income of urban residents 0.083 Average annual temperature 0.054 Urban built-up area 0.101

5 Annual sunshine hours 0.077 Annual sunshine hours 0.044 Urbanization rate 0.095

6 Average annual
precipitation 0.075 GDP per capita 0.041 Annual sunshine hours 0.044

7 Urban built-up area 0.045 Urban built-up area 0.022 GDP per capita 0.041

8 Average annual temperature 0.033 The proportion of tertiary
industry in GDP 0.022 The proportion of tertiary

industry in GDP 0.016

9 The proportion of primary
industry in GDP 0.006 Average annual

precipitation 0.018 Average annual
precipitation 0.011

10 The total retail sales of social
consumer goods 0.003 Total social investment in

fixed assets 0.008 The proportion of primary
industry in GDP 0.008

11 The proportion of tertiary
industry in GDP 0.002 The total retail sales of social

consumer goods 0.004 The total retail sales of social
consumer goods 0.005

12 Total social investment in
fixed assets 0.002 The proportion of primary

industry in GDP 0.004 Total social investment in
fixed assets 0.003

In order to make the importance scores of the influencing factors of EPC in 1999,
2006 and 2013 based on the random forest algorithm of the YREB more intuitive and
specific, we draw a histogram, and the specific content is shown in Figure 22. At the overall
level, the importance scores of the 12 factors influencing the EPC of the three major urban
agglomerations in the YREB selected in this paper are roughly similar in the three years of
1999, 2006, and 2013. The top three influencing factors with the highest total score in the
three years are the proportion of secondary industry in GDP, per capita disposable income
of urban residents, and urbanization rate, in order of the highest score. It directly reflects
that these three influencing factors have the most obvious impact on EPC in the YREB.
This is because the secondary industry is mainly based on heavy industry. Therefore, it
will inevitably produce a large EPC. Therefore, the proportion of secondary industry in
GDP is directly correlated with EPC. Per capita disposable income of urban residents and
urbanization rate directly represents the income that residents spend on consumption and
the number of urban population, so they also have a close positive correlation with EPC.
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Figure 22. Statistics of the importance scores of EPC influencing factors of the three major urban
agglomerations in the YREB in 1999, 2006, and 2013.

Specifically, in 1999, the main influencing factors of EPC in the three major urban
agglomerations in the YREB were the proportion of secondary industry in GDP, GDP per
capita, and Urbanization rate. This is because the development of the secondary industry
is still one of the main industries, which leads to the most obvious EPC. In 2006, the main
influencing factors of EPC in the three major urban agglomerations in the YREB were
per capita disposable income of urban residents, the proportion of secondary industry
in GDP, and urbanization rate. This is because with the continuous development of the
three major urban agglomerations in the YREB, per capita disposable income of urban
residents has increased significantly, which means that residents have enough income to
use electricity resources. In 2013, the main influencing factors of EPC in the three major
urban agglomerations in the YREB were the proportion of secondary industry in GDP,
per capita disposable income of urban residents, and average annual temperature. This
is because with the industrial transfer of the exhibition held by the Chinese government,
some heavy industries and labor-intensive industries included in the secondary industry
began to transfer from coastal areas to the vast urban agglomerations in the UAMRYR and
CCUA. Then these industries became the main force for the development of the UAMRYR
and CCUA.

5. Discussions and Conclusions
5.1. Discussions

YREB spans the three major regions of China’s east, middle and west, and is one of
the “three national strategies” implemented by the Chinese government. It includes three
national-level urban agglomerations, YRDUA, UAMRYR and CCUA, which is the key
to the development of YREB, especially YRDUA is the key to YREB development, but
these three urban agglomerations still have obvious differences in all aspects. Electricity,
as a very important element in the development of modern human society, is one of the
important basic elements for the continuous development of modern human civilization.
Therefore, this paper conducts a comparative analysis of the Spatio-temporal Dynamic
Evolution Characteristics and Influencing factors of the EPC of YREB’s three major urban
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agglomerations from 1992 to 2013. The research work of this paper has certain significance
and value for realizing the sustainable development of YREB three urban agglomerations
and the optimal allocation of electricity resources.

Compared with previous studies, this paper selects the three major urban agglomer-
ations of YREB as the research object. The research methods used in this paper are also
more comprehensive and richer, and the findings from comparative analysis are more
meaningful. However, due to the relatively low resolution of DMSP/OLS night light data,
the EPC estimation effect for small villages and towns needs to be improved. Therefore, in
our follow-up research, DMSP/OLS night light data will be merged with higher resolution
NPP-VIIRS night light data and Luojia01 night light data (or using NPP-VIIRS night light
data and Luojia01 night light data alone) to further clarify our results.

5.2. Conclusions

In this paper, based on the EPC data extracted from DMSP/OLS night light data,
we select the three major urban agglomerations of YREB as the research object. Next, we
used coefficient of variation, kernel density analysis, cold hot spot analysis, trend analysis,
standard deviation ellipse and Moran’s I Index method to analyze and compare the EPC
spatiotemporal evolution dynamic characteristics of the three major urban agglomerations
of YREB. In addition, we also use the geographically weighted regression (GWR) model
and Random forest algorithm to analyze the influencing factors of the EPC of the three
major urban agglomerations in the YREB.

The conclusions we got are as follows: (1) From 1992 to 2013, the overall CV of EPC
of YREB’s three urban agglomerations has been in a downward trend. The coefficient of
variation (CV) dropped from 8.08 in 1992 to 2.98 in 2013, with an average annual decrease of
−2.87%, reflecting that the EPC differences within the three major urban agglomerations of
YREB are gradually decreasing. (2) During the study period, the EPC of YREB’s three major
urban agglomerations is in an increasing trend, and the distribution of EPC values also
decreases from YRDUA in the east to UAMRYR in the middle and CCUA in the west. (3)
With the increase of time, the accumulation of hot and cold EPCs in the three major urban
agglomerations of YREB has become more and more obvious, and the distribution of high-
value areas of EPC hotspots also obviously shows a decreasing characteristic from RDUA
to UAMRYR and CCUA. (4) From 1992 to 2013, the overall EPC growth rate of YREB’s
three major urban agglomerations has decreased from YRDUA in the east to UAMRYR
in the middle and CCUA in the west. The rapid growth of EPC is located in YRDUA. (5)
The standard deviation ellipses of the EPC of YREB’s three major urban agglomerations
clearly show the “east-west” spatial distribution characteristics, and the spatial directivity
of YRDUA is very obvious. In terms of the center of gravity migration, the center of gravity
of YREB’s EPC as a whole shows the characteristics of moving from west to east, and
then from east to west. (6) During the study period, the EPC of the three major urban
agglomerations of YREB is statistically significant and has obvious correlation. And with
the increase of time, the relevance of the EPC of YREB’s three major urban agglomerations
becomes more and more significant. With the change of time, the agglomeration of EPC in
the three major cities of YREB has become more and more obvious. (7) By using the GWR
model, we found that the five influencing factors we selected basically have a positive
impact on the EPC of the YREB through the use of the GWR model. In addition, we
also found that the numerical value of the regression coefficients of these five influencing
factors also basically showed the characteristics of decreasing from the YRDUA to the
UAMRYR and CCUA. (8) By using the random forest algorithm, we found that the three
main influencing factors of EPC in the three major urban agglomerations in the YREB
are the proportion of secondary industry in GDP, per capita disposable income of urban
residents, and urbanization rate.
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