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ABSTRACT:
Enterprises are the basis of urban economic development and an essential factor that affects urban structure. It is of great significance
to study the spatiotemporal distribution of enterprises to benefit cities planning and development. Based on the enterprises registration
data of Administrator for Industry and Commerce of Wuhan from 1996 to 2007, in this paper, we analysed the spatiotemporal
distribution of enterprises in Wuhan city. We divided Wuhan into 2,356 square grids with a length of 2 km and counted the number of
enterprises of different industry categories in each grid. Then we calculated the aggregation intensity index of enterprises in each grid.
With the method of global spatial autocorrelation analysis, we discovered the change of the degree of enterprise agglomeration for
different industry categories in different periods. We also used local autocorrelation analysis to find the hotspots of enterprise
distribution areas furtherly and discover the changes of the location of the hotspots during each period. Based on the two analyses and
context information of Wuhan city, we can know the features of spatiotemporal distribution of enterprises. It can be concluded that the
spatial distribution of enterprises could be reflected directly by spatial autocorrelation analysis. Moreover, the enterprises registration
data with fine-grained enterprises spatiotemporal information can support the research of spatial distribution and evolution of
enterprises. This study can show how different industry categories developed and provide reference to urban geography to help cities
plan the distribution of enterprises and help enterprises decide its location.

1. INTRODUCTION
Enterprise, the basis of urban economic development, is an
important area-organising institution. As a branch of economic
geography, enterprise geography focuses on the spatial behaviour
and spatial structure of enterprises. Urban geography also shows
that the spatial distribution of enterprises of different industries
can make huge difference on the usage of urban land and layout
of function. Therefore, it is important to study the spatiotemporal
distribution of enterprises to benefit cities planning and
development. From the existing studies of the enterprises’ spatial
distribution of domestic cities, we found that many researches
have been conducted on the first-tier cities of China, e.g.,
Shanghai and Shenzhen. Using the traditional regional density
model and geo-statistics methods based on the digital city data of
2012, Zhang (2015) found that Shenzhen enterprises distribution
basically showed strong step-down trend from the city center to
the periphery. Besides, using the spatial GINI coefficient and the
Kriging interpolation methods, Chen (2015) found that it has
been formed industry ecological circle led by the financial
industry and there is structural difference in the agglomeration
capacity of enterprises among the different kinds of commercial
buildings in Xiaolujiazui district, Shanghai. These two researches
want to fit the distribution of enterprises by a geography model
to get a current circumstance. But urban planners may care more
about the tendency of development when they want to make
planning and try to improve the industrial structure. Spatial
*

autocorrelation analysis can show the correlation within variables
across georeferenced space. Using spatial autocorrelation
analysis, Cao (2011) found that generally the logistics enterprise
distribution has been in a state of agglomeration in recent twenty
years, but as time goes by, the decline of BPI (BalancedPolarization Index) marks a weakening tendency. It shows that
we can know how enterprise distribution change along with time
by comparing the distribution pattern during each period.
Wuhan locates in the central region of China. It is the
transportation intersection of east-west and north-south traffic
lines. Because of that Wuhan plays an important part in China’s
H-shaped economic development pattern in the coastal areas, the
Yangtze River Economic Belt and the western region have taken
shape （ Government of Wuhan, 2012a ） . Wuhan is also an
important industrial base. It has a solid foundation in both hi-tech
manufacturing industry and traditional manufacturing industry.
In recent years, Wuhan has established a new economic growth
belt featuring the integration of hi-tech and traditional
manufacturing industries, including over 30,000 enterprises such
as iron and steel, automobile, equipment manufacturing,
petroleum and petrochemical, optoelectronic communication,
western and traditional Chinese medicine, biological engineering,
textile, clothes and food （ Government of Wuhan, 2012b ） .
Different industries show distinct spatial features when the
enterprises are increasing. By analysing the spatiotemporal
distribution of different industries in Wuhan City, we can reveal
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and utilize these spatiotemporal patterns to help government
optimize the industrial layout and make urban planning.
2. DATA COLLECTION AND PREPROCESS
2.1 Data collection
The original data is collected by local Administration for Industry
and Commerce and produced after processing by a workflow of
data imputation based on machine learning methods and
geocoding tools that completes the missing values of industry
level and spatial location (Li et al., 2017). Each record in this
dataset includes multiple attribute fields, such as enterprise name,
address, industrial category code, registered capital and
registration time. The industrial category is coded by the rules of
Classification of National Economy (GB/T 4754-2011). We used
the registration time, industrial category code and address to
conduct spatiotemporal analysis. After data cleaning, we got
8,159,640 enterprise records of year 1996 to 2007 which have
relatively complete attribute fields.
With a view to facilitate the research, we choose the example of
three industrial categories which are the closest to daily life and
urban development. They are health and sports facilities and
social welfare industry (Q of GB/T 4754-2011), scientific
research and comprehensive technical services industry (M of
GB/T 4754-2011) and wholesale and retail trade and catering
industry (F&H of GB/T 4754-2011).

III. 2002-2004

IV. 2005-2007

Figure 1. Spatial distribution of enterprises registered in Wuhan
among different time periods
2.3 Dividing grids
In order to analyse spatial interaction of a set of objects in an area,
we need to divide the area into grids. Based on the dividing rule
proposed in previous research (Cao, 2007; Li, 2008; Li, 2010),
we divide Wuhan into 2,356 square grids with a length of 2
kilometers. The grids are shown in Figure 2.

2.2 Data divided by period
As spatiotemporal distribution need to be analysed along with
time, data must be divided into different periods and seek how
distribution changes with time goes by. In consideration of the
data size and industry development process, the 12-years period
is split into four intervals of 3 years each. As a result, the number
entries of the three industrial categories in each period as Table
1, and the spatial distributions of data are illustrated Figure 1.
Time period
Category

Figure 2. The divided square grids of Wuhan City, China
2.4 Calculating the aggregation intensity index
The aggregation intensity index (AII) is a normalized increasing
rate of enterprise number in each grid of each period. It can be
defined by the equation (1) (Cao, 2011):
𝐴𝐼𝐼𝑖 =

𝑛𝑖
𝑁𝑗 ×∆𝑡

×𝑘

(1)

19961998

19992001

20022004

20052007

HSSW

112428

400809

336958

154051

𝑛𝑖 is the number of enterprises in grid 𝑖 of period 𝑗

SRCT

30121

96618

104622

92427

𝑁𝑗 is the total number of enterprises of period 𝑗

WRC

396577

1230666

791303

359622

∆𝑡 is the time span of period 𝑗

Table 1. Enterprise number entries of each 3-years-period
between year 1996 to 2007(where HSSW denotes health and
sports facilities and social welfare; SRCT denotes scientific
research and comprehensive technical services; and WRC
denotes wholesale and retail trade and catering)

Where 𝐴𝐼𝐼𝑖 is the aggregation intensity index of grid 𝑖

𝑘 is a constant
By using aggregation intensity index, we can eliminate the
incomparability because of enterprises’ unequal distribution over
time.
3. METHODOLOGY
Spatial autocorrelation can shows the correlation within variables
across georeferenced space. Given a set geographical units,
spatial autocorrelation refers to the relationship between some
variable observed in each of the geographical units and a measure
of geographical proximity defined for all pairs chosen from all
geographical units (Hubert et al., 1981).

I. 1996-1998

II. 1999-2001

Spatial autocorrelation or spatial dependence can be defined as a
particular relationship between the spatial proximity among
observational units and the numeric similarity among their values.
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Spatial autocorrelation analysis is based on the spatial weight. By
measuring the similarity and difference of enterprises distribution
intensity at the level of neighbouring, spatial autocorrelation
analysis can reveal the layout of enterprise distribution and its
structural characteristics. In our research, we regard the square
cells which are divided in quadrant analysis as evaluation units
and the enterprise aggregation intensity index (AII) as variables.
According to the measurement of Getis-Ord General G (Getis,
1988) and Getis-Ord Gi* (Getis, 1992), we can know the global
and sectional spatial characteristics of enterprises distribution.
The former is used to detect the correlation structure of the whole
study areas, the latter is used to identify the spatial distribution of
high-value clusters and low-value clusters, hot spots and cold
spots in different spatial locations. Furthermore, we can confirm
the general trend and characteristics of enterprise spatial
distribution.
3.1 Global autocorrelation analysis
Global autocorrelation analysis is a kind of tool measures spatial
autocorrelation based on both feature locations and feature values
simultaneously. Given a set of features and an associated attribute,
it evaluates whether the pattern expressed is clustered, dispersed,
or random. There are two most commonly used indices for global
spatial autocorrelation analysis, Moran’s Index and Getis-Ord
General G. Zhang (2007) has found that Getis-Ord general G is
more sensitive to high clusters. To analyzing the spatial
agglomeration of enterprises, we chose the value of Getis-Ord
General G as the judgement of the data in this research.

𝐺𝑖∗ =

̅ 𝑛
∑𝑛
𝑗=1 𝑤𝑖,𝑗 𝑥𝑗 −𝑋 ∑𝐽=1 𝑤𝑖,𝑗
𝑛

𝑆

𝑛
∑𝑛
𝑖=1 ∑𝑗=1 𝑤𝑖,𝑗 𝑥𝑖 𝑥𝑗

, ∀𝑗 ≠ 𝑖

2

𝑛

, ∀𝑗 ≠ 𝑖

(6)

𝑛−1

Where: 𝑥𝑗 is the attribute values for features j
𝑤𝑖,𝑗 is the spatial weight between feature i and j
n is equal to the total number of features
𝑋̅ =
𝑆=√

∑𝑛
𝑗=1 𝑥𝑗

∑𝑛
𝑗=1 𝑥𝑗

(7)

𝑛
2

𝑛

− (𝑋̅)2

(8)

4. DATA ANALYSING
From the enterprises data, we chose three main industries to
analyse how they developed in the period of year 1996-2007. The
three industries are health and sports facilities and social welfare
(HSSW), scientific research and comprehensive technical
services (SRCT), and wholesale and retail trade and catering
industry (WRC).
4.1 Global autocorrelation analysis
For each industry in each time period, we measures the degree of
clustering using the Getis-Ord General G statistic based on
ArcGIS Desktop 10.5. The 𝑍𝐺 -score of Getis-Ord General G
statistic is shown in Table 2.

The General G statistic of overall spatial association is given as
formula 2:
𝐺=

2

√𝑛 ∑𝐽=1 𝑤𝑖,𝑗−(∑𝐽=1 𝑤𝑖,𝑗)

Time period
Category

19961998

19992001

20022004

20052007

Where: 𝑥𝑖 and 𝑥𝑗 are the attribute values for features i and j
𝑤𝑖,𝑗 is the spatial weight between feature i and j.

HSSW

66.08842

61.62084

68.72985

72.12713

The 𝑍𝐺 -score for the statics is computed as formula 3:

SRCT

42.62105

59.79373

65.53019

67.85271

WRC

82.51389

88.39436

80.71793

83.43746

𝑛
∑𝑛
𝑖=1 ∑𝑗=1 𝑥𝑖 𝑥𝑗

𝑍𝐺 =

𝐺−𝐸(𝐺)

(2)

(3)

√𝑉(𝐺)

Where:
𝐸(𝐺) =

𝑛
∑𝑛
𝑖=1 ∑𝑗=1 𝑤𝑖,𝑗

𝑛(𝑛−1)

, ∀𝑗 ≠ 𝑖

𝑉(𝐺) = 𝐸(𝐺 2 ) − 𝐸(𝐺)2

(4)
(5)

3.2 Local autocorrelation analysis
In the 1990s, the idea of spatial autocorrelation was extended to
local conditions. Getis and Ord showed how, by a relatively
simple variation on a basic autocorrelation statistic that they
called G, one could focus on the possible spatial association of
designated observations to a single observation i. They developed
a local statistic called Gi and another called Gi*. The first
considers the ith observation but does not include it in its
calculations, while the second includes the ith observation in the
analysis (Getis, 1992). Getis-Ord Gi* statistic can identify
statistically significant spatial clusters of high values (hot spots)
and low values (cold spots). The local statistics help to
distinguish the more general statistics like General G.
The Getis-Ord statistic is given as:

Table 2. 𝑍𝐺 -score of General G statistic (where HSSW denotes
health and sports facilities and social welfare; SRCT denotes
scientific research and comprehensive technical services; and
WRC denotes wholesale and retail trade and catering)
In the results, all the confidence level is 99 percent, indicating
that the pattern was created by random chance is really small (less
than a 1 percent probability). A positive 𝑍𝐺 -scores indicates
clustering of high values. For the positive value, the higher
the 𝑍𝐺 -score, the stronger the intensity of the clustering. A 𝑍𝐺 score near zero indicates no apparent clustering within the study
area.
Table 2 show that, for all the three industrial categories,
registered enterprises in each time period shows strong intensity
of clustering. For health and sports facilities and social welfare
industry, the clusting value doesn’t grows conspicuously. As for
scientific research and comprehensive technical services industry,
the intensity of clustering became higher and higher as time goes
by. For the wholesale and retail trade and catering industry,
whose intensity of clustering was highest among three industrial
categories, did not show an increasing trend but fluctuated.
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Wholesale, retail and catering industry

Scientific research and comprehensive

Health and sports facilities and

technical services industry

social welfare industry

19961998

19992001

20022004

20052007

Figure 3. Spatial distribution of Industry “Hotspots” in different time periods
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We can find out that wholesale and retail trade and catering
industry shows more obvious industrial agglomeration, because
enterprises of this industry rely on customer flows. As a result,
they densely locate near commercial districts and cause a high
clusting. However, health and sports facilities and social welfare
industry is related to residential areas which continue to expand
from central city to outskirts. So, the clusting value of it grows
unobviously. For the scientific research and comprehensive
technical services industry, it mostly determined by the
government policy. With the growth of Wuhan East Lake HighTech Development Zone, it has been developing well near the
zoon and shows increasing agglomeration.
4.2 Local autocorrelation analysis
Using the Getis-Ord Gi* statistic based on ArcGIS Desktop 10.5,
we can identify statistically significant hot spots. The hotspot
grids for the different periods can be seen in figure 3.

and social welfare industry (Q of GB/T 4754-2011), scientific
research and comprehensive technical services industry (M of
GB/T 4754-2011) and wholesale and retail trade and catering
industry (F&H of GB/T 4754-2011) as example. From the result
of global autocorrelation analysis and local autocorrelation
analysis, we can know how these industrial categories developed
from 1996 to 2007.
Based on the discoveries, we can come to the conclusion that
enterprises registration data with fine-grained enterprises
spatiotemporal information is valuable for the research of spatial
distribution and its evolution of enterprises. The development of
spatial distribution of enterprises could be detected and analysed
by using spatial autocorrelation analysis methods. This study can
provide reference to urban geography by helping us find out how
urban enterprise developed. It may also helpful in urban planning
and location selection of business site selection.
6. ACKONOWLEDGEMENTS

We can learn from figure3 that the hotpots of the three industries
all located in the central part of the city and linked several major
commercial areas, such as Jianghan Road, Jiedaokou area,
Hongshan Square, Tan Hualin, the Optical Valley area and so on.
During the period of 1996-2007, the hotpots have all expended
but show different characteristic with variation in industries and
time periods.
Comparing different industry categories, the development
processes of different industrial enterprises are not the same. The
wholesale, retail and catering industry expanded from the center
of the Jiang Han District and the center of the Wuchang District
to nearly main road and subway lines. There are also some
independent gathering points in the surrounding area in period
2005-2007. Health and sports facilities and social welfare
industry gradually expanded from the affluent city center to the
surrounding areas, especially the Optical Valley area.
As shown in the second column of Figure 3, scientific research
and comprehensive technical service industry gradually
expanded from the central Jiang Han District to the Optical
Valley area along the Wu Luo Road and Luo Yu Road. The
gathering center moved from Jiang Han District to Optical Valley
area. Because of that, the aggregation degree firstly declined but
then increased. There are also some enterprises near the
universities. The enterprises have formed a pattern concentrated
in the Optical Valley area and axially distributed around the main
road.
Comparing different time periods, the hotpots of three industries
did not change a lot in year 1996-2001. Nevertheless, the hotpots
showed that the Qingshan district and the Optical Valley area
have been greatly developed in year 2002-2007. These two areas
became new centers for business and technology.
5. CONCLUSION
In order to analyse the spatiotemporal distribution of enterprises
in Wuhan city, this paper take use of the spatial autocorrelation
analysis to find out the distribution feature of different time
period. Using enterprises registration data of Wuhan
Administrator for Industry and Commerce from 1996 to 2007, we
analysed the spatiotemporal distribution of three industry
categories in Wuhan city, by taking health and sports facilities
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