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ABSTRACT: Traditional spatial data are generally high
dimensional features, and in the clustering of high
dimensional data can be directly applied to data processing
because of Dimension effect and the data sparseness
problem. For CLIQUE algorithm, which usually have the
problem such as prone to non-axis direction of over-
clustering, boundary judgment of fuzzy clustering and
smoothing clustering. In this paper, a fuzzy clustering
algorithm based on fuzzy extension of the high-
dimensional spatial data is proposed. This algorithm not
only considers effect of adjacent grid of data points in the
sparse grid, but also extending the sparse grid region to
avoid smoothing clustering phenomenon occurs. What’s
more, it can alleviate the problem of over-clustering and
clustering fuzzy boundaries. Firstly, this passage gives a
brief introduction to the characteristics of high dimensional
spatial data as well as the Clustering methods. Based on
the fuzzy extension a high-dimensional space data
clustering analysis algorithms is put forward. The impact
of the data samples around the point on the data points
within the investigated grid is considered, sparse grid fuzzy
extension, and at last, the problems of clustering fuzzy
boundaries and to avoid excessive clustering produce
meaningless clustering are solved.
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1. Introduction

Since the beginning of the 21st century, all walks of life
have been widely used a large number of spatial database
along with the rapid development of the information age.
As a result, the field of spatial data mining rise rapidly[1-2].
For Spatial clustering methods have great advantages in
solving and analyzing complex problems lack of
background information, the method of spatial clustering
spatial data has been one of the most active and most
widely used technology in mining field.

Now widely used clustering algorithm can be divided into
the following types: Level-based approach, based on the
partitioning method, grid-based methods, model-based
approach and density-based method. However, for a
particular clustering method, it is generally a variety of
clustering integration together, and from the type Point of
view, it can’t simply be attributed to a single category.
General, different clustering algorithms can be combined
with each other, which will become more efficient and more
reliable. In recent years, with more in-depth technology
found on the clustering of knowledge, more and more new
clustering algorithm emerges, which usually combine the
idea of a variety of clustering methods.

Accompanied by the continuous expansion of application
areas and more in-depth of clustering analysis, in recent
years high-dimensional clustering problem has gradually
become the focus of the study of cluster analysis. With
the rapid development of a variety of detectors and sensor
technology, the number of spatial data properties also
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increased by a few dozens or even hundreds for spatial
data. To discover knowledge from dozens up to hundreds-
dimensional spatial data clustering has become a
challenge direction and difficult in the current course of
the study. There are three types of algorithms for clustering
of high dimensional data: Collaborative clustering,
subspace clustering and attribute conversion. Collaborative
clustering is widely used in Web and text mining, cluster
analysis, however, Subspace clustering and attribute
conversion method are mostly used in cluster analysis of
high dimensional space. With the wide application of a
variety of complex special database, the actual demand
asks for newer and higher requirements on the spatial
clustering task, which has brought new challenges for
spatial clustering methods and technology.

2. High dimensional space clustering algorithm

2.1 Cluster analysis and high-dimensional data
features
Clustring is an important data mining method. The so-
called clustering is a data object to group making more
than one cluster or class, After generated the cluster is a
collection of a set of data objects In the same cluster
objects with each other have high similarity, but objects
in different clusters are different.

High dimensional spatial data are usually able to show
the following characteristics [3]:

2.1.1 Data are sparse
The characteristics of high-dimensional data is different
from the low-dimensional data, whose data distribution is
relatively sparse. As a result, the distance between the
scale and regional density in the data no longer has the
intuitive meaning in high-dimensional space, Therefore,
the detection and the discovery of outliers are different
from the traditional one in high-dimensional space.

2.1.2 Dimension effect
Nowadays, the clustering algorithms are basically for low-
dimensional space designed. For the characteristics of
the effect of high-dimensional space, the data will show
the dimension and sparse data characteristics. Most of
the clustering algorithm fails because of the cluster centers
can’t be determined, the similarity function can’t be
calculated and other factors. It may not be accepted due
to the algorithm time and space complexity increases
exponentially. Thus, we need research and develop a high
dimensional space clustering algorithm suitable according
to the characteristics of high dimensional spatial data.
The essential difference between spatial data and other
types of data is its spatial properties. Space property
contains the contents of the spatial distance, location,
geometry and size. What’s more, it can be looked as
individual relationship between space, such as: Orientation
relations, topological relations and metric relations, which
make spatial data more complex than other types of data
[4].
2.2 The difficulty of high dimensional data clustering
The difficulty is of high dimensional data clustering are as

follows:

(1) Definition of the distance function is too difficult. Based
on the similarity measure between the data objects for
clustering operation, and ultimately the high similarity of
the object is classified as a class. The equidistance
function of the Euclidean distance is commonly used to
measure the similarity in the low-dimensional space. In
high-dimensional case, we need to re-design and similarity
of guidelines and standards for the establishment of a
new measure of data objects for distance function failure.

(2) In the case of the high-dimensional space, to the cluster
mean will be very close calculated by distance formula
and appear gap between the increasingly zero
phenomenon. That is to say, Data dot pitch distance
between the farthest and the nearest data points gradually
tends to zero along with the increase in dimension. This
will result in the clustering operation can’t be done without
a clear distinction between the center of the cluster.

(3) Dimension of the space is too high will lead to increased
computational complexity of traditional clustering
algorithms, which will make inefficient and unacceptable
limiting to its range of applications.
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Figure 2. Run time with the changes
in the number of sample points

Apparently, the category number that people are able to
perceive is related to scale of the observational data: When
the scale of observation is very rough, It can be said that
the entire data set is a category; But when the scale of
observation is in a very fine condition, all data points can
be seen as the same category. This Also brings a new
way to determine the most reasonable method of the class
number [5]. That is to say, the number of category with the
number of selected fixed number within a maximum range
of the scale of change is the longest-scale survival of the
categories. When the scale conditions are different, multi-
dimensional spatial data often have different spatial forms
of performance, but at the same time it also generates
different clustering results. So scale problems has been
gradually attracted more and more attention in many areas,
especially in the field of space science. But for multi-
scale spatial, data mining research is still in its infancy
on the current situation. Currently, Most of the spatial
scale under the conditions of spatial clustering algorithm
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is focused on expansion in the scale based on the
hierarchical clustering algorithm. Including by breaking
the inconsistent side clustering or minimum spanning tree
method to introduce the scale clustering [6-7]. However,
these methods require human input parameters, such as
the resulting class and other parameters, which has a
great influence on the ultimate scale of clustering results.
It can be said that these algorithms have severe
dependence parameters.

2.3 The key issues of high dimensional spatial data
clustering analysis
Obviously, the most critical issue of the clustering of high
dimensional spatial data analysis is how to choose the
high-dimensional into low-dimensional approach. And
clustering results can also get feedback and clustering
methods applied to the entire high-dimensional space.
For an easy-to-use way to reduce the dimension, Although
the method of attribute reduction and attribute conversion
clustering analysis of high dimensional data. But through
the dimension reduction the difference between the normal
data and noise data will be reduced and the quality of
clustering can’t be guarantee.

In addition, although the application of dimensionality
reduction techniques reduces the data dimension of the
space, a lot of important clustering information get lost.
Its comprehensibility and interpretability is poor and there
exist certain degree of difficulty to clearly express the
results. This shows there are significant limitations in
dimensionality reduction based on attribute conversion of
high-dimensional data processing applications, and it is
not able to meet the development needs of the current
applications of high-dimensional clustering.

The subject according to the characteristics of space noise
data is large and complex and a high degree of noise
under the space. Using the set of points D in the after-
dimensional space is a class, and using high-dimensional
space, subspace clustering method to Clustering. Through
this method to find the largest collection of spatial data
centrally connected dense units is the spatial data of the
cluster. For the problems such as cluster boundary
judgment clear and clustering is not smooth, finally
proposed an extended high-dimensional space based on
fuzzy clustering algorithm through an important role in
determining the cluster boundary grid fuzzy extended.

3. Spatial data mining and spatial clustering

Spacial Data Mining belongs to a branch of Data Mining.
Spatial data mining is different from the general data
mining and the conventional transaction database. Spatial
cluster analysis is not only an important part of spatial
data mining, but also widely used in spatial data mining
and in-depth study of one of the elements.

3.1 Spatial Data Mining
Compared with traditional data mining, the main different
point performance of spatial data mining is in the following
areas:

(1) In traditional data mining processing, the processing
content is the numbers and types. But in spatial data
handling, processing is more complex data types, such
as: points, lines and polygons and other objects.

(2) Traditional data mining is usually explicit input, but it
Is often implicit in the spatial data mining data input.

(3) Assumptions in the traditional data mining: The data
sample is generated independently. However, this
assumption is not established in the spatial data mining.
In fact, there is a high degree of correlation between the
spatial data, for example: People with similar occupational
characteristics and background are usually easy to gather
in the same region.

Spatial clustering analysis of the requirements of the
clustering algorithm is more stringent than the traditional
clustering, its clustering algorithm, typical requirements
are as follows:

3.1.1 Scalability
Because of the spatial database contains extremely rich
data, the structure is more complex, we must seek a
more rapid and effective clustering algorithm. Its running
time must be acceptable, predictable, so the time
complexity of the algorithm of polynomial or exponential
no practical value.

3.1.2 Ability to handle different data types
The spatial database contains data not only have complex
spatial properties, but also contains the non-spatial
attributes. Generally contain a variety of different data
types, a good algorithm should be able to handle different
data types.

3.1.3 Able to identify all type of spatial clustering of
arbitrary shape
The specific features of spatial clustering is not known
prior to analysis. Spatial clustering contains a variety of
complex shapes, so a good algorithm should be able to
identify clusters of arbitrary shape.

3.1.4 The ability to deal with noise
Often the database contains vacancies, outliers, bad data
and unknown data in reality. If the clustering algorithm is
sensitive to such data, it will lead to poor clustering results.

3.1.5 High dimensional spatial data
Spatial data will generally contain a higher dimension.
How to clustering spatial data mining is special
requirements on clustering in the high-dimensional space.

3.1.6 Usability and understandability
Results of clustering should be understandable and
available for the user.

3.2 High dimensional space clustering method
Spatial Clustering is that the data set in a large multi-
dimensional space, and using the distance metric in order
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to identify the clustering. This will make object has a high
similarity in the same cluster, while the objects in different
clusters are different from each other [8-9].

Because of the existence of Dimension effect and the
data sparseness problem in high dimensional data, most
of the existing clustering algorithm is in a state of failure
at present. The characteristics of high dimensional spatial
data in the high-dimensional clustering process are in the
following areas:

(1) Difficult to define the distance function (similarity
function).

Due to the similarity between the conditions low-
dimensional Euclidean distance function equidistant
measure data in high-dimensional space can’t be passed.
This lead to clustering operating on the basis of
measurement can’t be completed, and the new measure
of high-dimensional spatial data similar to the standards
and guidelines should be re-considered;

(2) Clustering operations generally need to calculate the
cluster mean, or to find the value of the neighbors.

In high-dimensional case, the mean calculated by the
distance function will be very close to each other. In many
cases, a data point and it recently and the furthest data
point is almost equidistant, which makes the cluster center
can’t determine the cause of the clustering operation that
can’t be;

(3) Because of the increased dimensions, the calculation
of the clustering algorithm is to become a huge overhead,
which result in reduced efficiency of the algorithm.

In recent years, a large number of scholars are committed
to data clustering algorithm suitable for high-dimensional
space. The findings can mainly be divided into two types,
namely the subspace clustering method and attribute
reduction method.

3.3 Attribute Reduction Method
Attribute Reduction Method refers to not lose the original
data the main features they put a high-dimensional data
to low-dimensional space and method of operation.
Generally speaking, attribute reduction is usually by the
characteristic transformation (Feaure Transformation) and
feature selection (Feature Selection) two ways.

3.3.1 Feature Selection
From the original high-dimensional space, select the
number of dimension to form a new coordinate system,
and related clustering operation in the new coordinate
system is called feature selection. Feature selection
process to search, search strategy to search,
combinations, the weighted method and random search
to evaluate the dimensions. This dimension that has
nothing to do with the desired characteristics can be
removed in order to achieve the dimension reduction

purpose. Feature selection method, however, ignored the
relevance of the spatial data, and simply abandoned often
lead to spatial clustering, independent of the dimension
one-sided results.

3.3.2 Feaure Transformation
The original high-dimensional data set dimensions merged
to construct low-dimensional mapping that could ensure
that maintaining the characteristics of the same conditions
to reduce the number of dimensions, and ultimately enable
the algorithm to reflect the high-dimensional data set
characteristics of the new low-dimensional space effective
clustering method is called the feature transform.

The basic idea is as follows: Guarantee the basic loss of
real data, information, and retain only a small part of the
correlation dimension, but also so that the data is a
considerable degree of approximation. Usually
characterized by a transformation dimension reduction
method is the use of statistics or linear algebra methods,
this technology can also be extended in certain aspects
of data performance analysis and has the ability to
effectively remove the noise in the data. Feature transform
techniques can be divided into two kinds of nonlinear and
linear methods. Among them, the linear method of
projection pursuit and principal component analysis
applies to the handling of linear structure, which has feature
of convenient calculation; Nonlinear includes neural
network method, the main surface / master curve method
to handle the highly nonlinear structure, whose
computational is complexity.

3.4 Subspace clustering methods
The basic idea of subspace clustering algorithm is as
follows: to find out clusters directly in high-dimensional
space is more difficult, considering the original data space
is divided into different sub-space from the corresponding
sub-space to examine the presence of clustering. For
subspace of the high-dimensional data space, it is difficult
to understand the relatively abstract visual description
high-dimensional space since the space.

Subspace clustering and feature selection is similar to
the attempt to found clustering in the same data set to
select a different subspace, expanding the feature selection
task. Subspace clustering need to use appropriate search
strategy and evaluation criteria to select the found
subspace clustering search strategy and evaluation
criteria, which has a significant impact on the clustering
results.

At present, depending on the search direction the
subspace clustering methods can be devided into two
categories: from the bottom-up search and top-down
search method [10].

3.4.1 Search method from the bottom
This approach narrows the search space by clustering
the monotony of the dimension, or is the a priori nature of
association rules: If a d-dimensional unit is dense, then
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its projection on the d-1 dimensional space should also
be intensive, which is the space of closed; In contrast, d-
1 dimensional space given data unit is not intensive, it is
in an arbitrary d-dimensional space is not dense. Such
algorithms are that each dimension is divided into a
number of grids by using subspace clustering algorithm
based on density clustering and grid-based method of
combining cluster analysis. In this strategy the most
prominent problem is easy to produce overlapping clusters,
that is, certain points are more than one cluster, or do not
belong to any one cluster. What’s more based on the
density and the density of the grid method the problem
threshold step size and grid parameters dependent still
exists.

3.4.2 Top-down search method
First the entire data set is divided into k parts, and the
same set of weights given to each cluster; Then, you want
to repeat some strategy for continuous improvement of
these initial clusters, and to update the cluster weights.
This strategy have been established for each part of the
data clusters, and so to avoid the cluster due to repeated,
and then to ensure that a data point exists and exists
only in a cluster. However, for large databases, repeat the
process of computing the required computational cost is
quite high, so most of these algorithms use some
strategies to improve the performance of the algorithm on
a small part of the inspection data as a data sample.
Similarly, in this search strategy the same or similar cluster
size, cluster number of parameters will produce heavily
dependent. The number of samples is also an important
parameter, using the algorithm of the sampling strategy,
the values of these parameters on the final clustering
results have a significant impact.

4. High dimensional space clustering algorithm
based on fuzzy extension

For the problem of non-axis direction of the grid density-
based spatial clustering method prone to over-clustering,
not smooth, fuzzy clustering and cluster boundary
judgment, the authors propose a high-dimensional spatial
data subspace clustering algorithm in the literature [11].
This algorithm by extending the adjacent cluster space,
the traditional grid clustering method does not consider
the data points within the adjacent grid study the influence
of the grid caused problems to improve. However, this
method does fuzzy extension for all grid cells, and if the
number of spatial data dimension is higher, the efficiency
of this algorithm is too low.

Through in-depth analysis of the problem, the traditional
high-dimensional sub-space grid clustering algorithm
showed the boundary is not clear and the problem of
clustering is not smooth. The sample point distribution
within the cluster boundary region of the grid need to focus
on visits, and to them the exact division of clustering, a
clustering within the data sample points with emphasis
on the significance. Therefore, this paper extended high-
dimensional space based on fuzzy clustering method.
This method in high-dimensional spatial data subspace

clustering analysis method to improve on the basis of the
density - the grid method. Through the dense grid density
threshold to determine the spatial clustering process,
which must be included in the clustering results in the
internal.

4.1 Fuzzy set theory
First, fuzzy set theory is proposed by Zadeh in 1965. The
different of this theory with the traditional set theory is
that in fuzzy set theory, each element in the collection
are part of a collection to a certain extent, but to varying
degrees included in a number of collections. With this
feature, this fuzzy set theory is a lot of meaning to
determine but contain inaccurate to provide a mathematical
solution.

4.2 Grid fuzzy regions extension and the degree of
membership to determine program
The clustering algorithm proposed here is based on the
fuzzy extension of the high dimensional space-data space,
which is actually a grid - the density-based spatial
clustering method. This method inherits the advantages
of the grid - density clustering algorithm to identify arbitrary
shape clusters. Compared with traditional clustering
methods, the biggest difference of this method is the ability
to use fuzzy sets in the cluster at the same time also
increased the inspection grid space by adjacent grid. Only
records the number of data points within the data grid
when the grid - the traditional density-based spatial
clustering algorithm in Wang Geji number. However, the
distribution of the data sample points with those of adjacent
grid examined the impact of the data sample points within
the grid is negligible, especially in multi-dimensional spatial
data with each other a strong relationship between the
spatial data correlation.

During the cluster analysis of spatial data, if the interaction
between the data is negligible, the accuracy of the
clustering results will have a very big impact. After the
analysis of fuzzy set theory, fuzzy sets of the relevant
grid fuzzy extension and inspection grid of sample points
within the grid count is extended to the basic region and
fuzzy sample point count range expansion within the
region. This method is able to examine the grid to consider
the impact of data points within the adjacent grid, to
improve the clustering boundary judgment is unclear, and
ultimately more accurate results of the subspace
clustering of high dimensional spatial data is got.

Fuzzy extension of the grid is extended a certain length
of each side of the grid region, and finally the expansion
area of the grid is formed. Through repeated experiments,
agreed the extended area of the grid for 1/2 grid. Grid on
all sides were extended 1/2 side length. It is shown in
Figure 1.

4.3 High dimensional space clustering algorithm
based on fuzzy extension
High dimensional space clustering algorithm based on
fuzzy extensions is described below:
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Figure 1. Grid expansion region schematic
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If each grid are an independent index (i1, i2 ...... in.) grids.
Since the data in each dimension has the same division
of the scale, so you can assume that the number of
sample points in each grid can represent the density of
data points. In this way, through the formal division of K-
order spatial data sets D division of the grid to the same
scale.

Step 2: The space within the grid sample count
Space grid sample point count, generally in the grid-based
equidistant division of the formation of the grid cell size
the same premise, first determine the value of the mesh
density, and then to determine the sparse grid and dense
grid Classification of the process. During the phase space
grid sample count, complete the following two parts:

(1) According to the previous definition, the basic grid area
to calculate the number of data points in each grid, and
determine the grid according to the density threshold for
dense grids or sparse grid.

(2) Sparse grid obtained for all (1) fuzzy extended, taking
into account and the grid region and expansion region.
The grid sample of fuzzy extension is counted to arrive at
the new grid density. Then make a judgment according to
the density threshold. Upon completion of the above two

steps, you can examine the adjacent grid of sample points
within the grid of sample points on the cluster boundary
grid. Strong support for the final clustering results clearly
identified boundaries, the accuracy of the algorithm
significantly improved; At the same time, only for the sparse
grid to solve the problem in a most helpful way to examine
that all grid fuzzy extension lead to high-dimensional data
processing efficiency is not high.

Step 3: Clustering
According to the sparse grid and dense grid of results
obtained in Step 2, the adjacent dense grid density
connected to the operation. Dense grid merge the
corresponding clusters, and the finally the clustering
process is completed. In the traditional clustering process,
the general shared a side of the grid as is the adjacent
grid. Clustering is done only within the adjacent grid, that
is clustering direction up, down, left and right. According
to this definition of adjacent grid, over-clustering
phenomenon of chunking will appear in the non-X-, Y-axis
direction. This will allow the original class grid divided into
some small cluster affect the clustering results. The
algorithm redefine the grid adjacent to solve this problem.
Under adjacent grid definition, the clustering process can
accord to the nature of the connected to the grid density
in the direction of tilt. To the cluster is divided into a number
of small clusters is solved at the same time to make up
for the shortcomings of traditional clustering methods.

Step 4: Outlier detection and clustering border data
points judgement
The high dimensional spatial data is easy to generate a
large number of isolated points due to the increased
dimension. Therefore, in order to ensure more accurate
and reliable clustering results after the end of the clustering
process may choose to conduct the necessary outlier
detection and cluster boundary point judgment steps.The
process is not proposed in this paper the main process of
the algorithm, specific practices can be found in the
literature [12].

Step 5: The algorithm ends
Output data sample space D dimensional subspace
clustering results.

5. Conclusion

Clustering results based on the grid - the density of spatial
clustering algorithm do not consider the data points within
the adjacent grid currently examining the grid, there is
not smooth, the cluster boundary is not clear enough.
Therefore, the high-dimensional subspace clustering
algorithm based on fuzzy sets, the traditional grid-based
density clustering algorithm has been improved:
Expansion of the basic grid, the use of fuzzy set
membership function on the grid regional and fuzzy
extension of data points within the region, counting, taking
into account the spatial data correlation, taking into
account the influence of adjacent data points within the
grid on the current grid, so clustering is not smooth, the
boundary is not clear phenomenon is improved; At the
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same time, re-adjacent grid defined, to some extent, to
avoid excessive clustering in the non-coordinate direction.
The experimental results show that the method overcomes
the deficiencies of the traditional clustering methods. This
approach allows the clustering of high dimensional spatial
data quality has been improved. Meanwhile, the algorithm
execution time overhead than the other improvements in
the algorithms have been improved.
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