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Abstract: At present, big data and mining technology has
been more and more applied to urban planning practice.
Based on data mining technology and geographic informa-
tion visualization, this article puts forward a study on the
optimization of territorial spatial planning. This article
selects the clustering algorithm and decision tree in data
mining technology, combines them organically, and puts
forward spatial data mining. Cluster analysis is used to
conduct spatial cluster analysis of comprehensive spatial
data to explore whether there is spatial correlation and
large-scale contiguous data in the data; if so, it can realize
the purpose of national territorial space division. According
to the analysis of the relevant data of land use planning and
the characteristics of the business process, the overall design
of the land use planning decision support system was car-
ried out. The preliminary effects of land use planning clus-
tering were generated through the usage of the K-central
factor clustering algorithm, and the consequences with
excessive classification accuracy have been chosen as
coaching samples mixed with the baseline of time series.
Finally, the K nearest neighbor classification algorithm pri-
marily based on dynamic time warping is used to classify
and perceive the city's practical place again. With the useful
resource of point of interest data, the remaining city char-
acteristic identification result is obtained. Finally, the simu-
lation analysis shows that the area under curve (AUC) value
of seven types of land use is 0.9376 for cultivated land,
0.85442 for forested land, 0.81747 for grassland, 0.8708 for
water area, and 0.86672 for rural residential area. The AUC
value of other construction land is 0.80346, and the AUC value
of urban construction land is 0.9376. In the urban expansion
planning project, multi-source data such as land use status

data, population distribution data, and economic develop-
ment data are integrated, and the spatial agglomeration
pattern of land use types is found by using the method
proposed in this article, so as to provide a reference for
rational planning of urban expansion direction.

Keywords: data mining, clustering algorithm, decision tree,
time series, national space planning

1 Introduction

Land is an important basis for human beings to engage in
various productive activities. Overall land use planning is
a strategic plan that coordinates the allocation of land
resources among various departments and the develop-
ment, utilization, renovation, and protection of land in a
relatively long planning period according to the needs of
national economic development and the adaptability of
land itself [1]. The overall land use plan is the “leader”
of the entire land management work. The preparation
and implementation of the overall land use plan plays a
key role in strictly controlling all types of construction
land, effectively protecting cultivated land, and realizing
the dynamic balance of the total cultivated land [2]. The
overall planning of land use has the function of “con-
necting the preceding and the following,” involving the
fields of social national economy, population development,
ecological environment, urban construction, and so on.

Since the 1990s, with the establishment of the geo-
graphic information industry and the popularization and
application of earth digital products, the development of
Geographic Information System (GIS) has entered the user
era. During this period, the society’s awareness of GIS has
generally improved, and the demand has increased signif-
icantly, and GIS has become a necessary working system
for many organizations (especially government decision-
making departments) [3]. National and even global GIS
has become a matter of public concern, and GIS has been
included in the “information Superhighway” plan [4],
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which is also an important part of the “digital Earth” strategy
proposed by the United States. Dong focuses on ten basic
relationship issues [5]. Among them, the relationship between
planning and market, spatial planning, and development
planning is the basic relationship of territorial spatial plan-
ning. Only by dealing with these two relations can we reason-
ably determine the functional positioning and responsibility
boundary of territorial spatial planning and ensure the cor-
rect direction of the reform of multi-planning. Lin et al.
believed that the original intention of establishing the spatial
planning system was based on the institutional reform of
ecological civilization and improve the supervision system
of natural resources, and the implementation of territorial
space use control was a connecting point [6].

Traditional spatial planning methods may have limita-
tions in data processing, analysis, and decision support. For
example, in the face of massive, multi-temporal, and multi-
form land use planning data, it may be difficult for tradi-
tional methods to fully explore the hidden laws therein. By
introducing data mining technology and improving geo-
graphic information visualization, we can make up for
these deficits and improve the scientific and rational of
territorial spatial planning. This article is based on data
mining and geographic information visualization to carry
out the research on territorial spatial planning. This article
summarizes clustering algorithms and decision tree classi-
fication algorithms in spatial data mining, including spatial
clustering mining, decision tree classification steps, limitations,
and improvement measures. Land planning based on spatial
data mining covers the design of the planning decision system,
which includes data, organization, mining, and decision four
layers, and multi-source data mining urban planning identifi-
cation, involving data standardization, training sample acquisi-
tion, function identification, and so on. Finally, the land plan-
ning simulation analysis is carried out, and the influencing
factors are analyzed by the heterogeneity model, and the simu-
lation results are given. The design of a land use planning
decision support system is proposed by using a cluster algo-
rithm for datamining, and the simulation results show that the
simulation accuracy of the model is high.

2 Spatial data mining based on
clustering algorithm

2.1 Spatial cluster mining

At present, the research work of spatial data mining has
been carried out in China. For example, the Chinese

Academy of Sciences has begun the research of the innova-
tive project “spatial data mining and knowledge discovery.”
The State Key Laboratory of Visual and Auditory Information
Processing open project Fund supports research on spatial
data online analysis and spatial data mining. This project
focuses on the spatial data online analysis and spatial data
mining and the underlying spatial data warehouse tech-
nology for basic theoretical research and has made good
progress in spatial data mining methods. With the increasing
spatial characteristics of the amount of stored data, existing
data analysis methods are faced with challenges of efficiency
and scalability [7]. For example, many data analysis methods
in computer science, statistics, machine learning, spatial
databases, and other disciplines need to be re-studied.

In order to comprehend spatial data, find spatial rela-
tions and non-spatial relations, build a spatial knowledge
base, rearrange spatial databases, and optimize queries,
spatial data mining technology must integrate data mining
technology and spatial database technology [8]. Spatial dis-
tribution rules, spatial association rules, spatial clustering
rules, and other methods of spatial data mining have been
widely used in GIS-based land planning and have achieved
certain results.

The basic knowledge types that can be mined from
spatial data include spatial clustering rules, general geo-
metry knowledge, spatial distribution laws, etc. Among
them, spatial cluster analysis refers to clustering spatial tar-
gets with similar features into a class, aiming to find the
spatial connection, adjacency, and symbiosis of targets [9].
It can be used for spatial generalization and synthesis of GIS,
for example, to group spatially similar lands into one group.

The grid-based approach quantizes the object house
into a finite wide variety of devices to shape a grid struc-
ture. All clustering operations take location on this grid
structure. The essential benefit of this technique is that it
is very quick, and its processing time is impartial to the
quantity of recorded objects and solely associated with the
range of devices in every dimension of the quantization
space. We recommend a spatial adjacency clustering algo-
rithm with the use of a grid-based algorithm.

In the program, the function MS is the main function,
which scans the simulated grid from top to bottom, from
left to right, searches for GIS with value 1, and adds it to the
dynamic array decision tree. The GIS is zeroed out, and the
F function is called. The function of the function detection
(FD) is to scan the eight positions adjacent to the grid. The
grid coordinates of all adjacent points assigned 1 are
pressed into a stack (ST), and the assignment of these adja-
cent points is changed to 0. Finally, with the stack ST being
empty as the loop condition, the loop is repeated until all
the grids are scanned.
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2.2 Decision tree classification algorithm

Using a choice tree to classify two steps. The first step is to
use the coaching set to construct a choice tree and con-
struct a choice tree model. This technique is surely a pro-
cedure of obtaining expertise from facts and doing laptop
learning. The 2d step is to use the generated choice tree
mannequin to classify the unknown facts samples [10]. For
an unknown facts sample, the attribute values of the pat-
tern are examined successively from the root node till a
leaf node is reached, so as to discover the type in which the
statistics pattern resides.

At present, there are a number of algorithms for clas-
sification troubles in unique fields, such as statistics, com-
puting device learning, neural networks, and hard-set
theory. The choice tree technique derived from laptop get-
ting to know is an extra frequent and deeply studied clas-
sification characteristic approximation method.

Entropy is a metric widely used in information theory.
The entropy of the relative Boolean classification is defined as

≡ − ⊕ ⊕ −S P P P PEntropy, log log ,
2 2

(1)

where P⊕ represents the proportion of positive examples
in S.

If the target property has c different values, then
entropy is defined as
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Values (A) is the set of all possible values of attribute A,
and Sv is the subset of attribute A in S whose value is v.

As shown in Figure 1, when the first item of the attri-
bute table is scanned, and the test condition is a ≤ 15, the
sample distribution that meets the condition in the H2
histogram is recorded in line L, and the sample distribu-
tion that does not meet the condition is recorded in line R.

Decision tree algorithm has some limitations in scal-
ability when dealing with large or complex data sets. When
constructing the decision tree, the whole data set needs to
be scanned several times to calculate the information gain
and other indicators to select the best-split attribute. As the

Figure 1: Sample decision tree diagram.
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size of the data increases, the time to build the decision
tree increases significantly.

In terms of computing resources, decision tree algo-
rithms require memory to store data sets, intermediate com-
putation results (such as the information gain value of each
node), and to build a good decision tree structure. For large
data sets, memory requirements are large. In the process of
building decision trees, operations such as calculating infor-
mation gain require CPU resources, especially when
working with high-dimensional data (i.e., data sets with
many attributes), a lot of CPU computing power is required
to evaluate the extent to which each attribute contributes to
the classification.

2.3 Implementation of spatial clustering
data mining

K-Means clustering method is a typical spatial clustering
method based on partition. The method based on partition
is an ancient clustering method and one of the most popular
methods at present [11]. The connotation of the method is as
follows: the spatial database contains n spatial objects, and
for the specified number of clusters k (k ≤ n), the whole data
set is divided into k spatial clusters by adjusting the
optimal partition criteria, and each partition is regarded
as a classification.

The K-Means clustering method has a simple and easy-
to-understand algorithm flow and relatively few para-
meter settings, which makes it easy to implement and
operate in practical applications. Because the K-Means
algorithm adopts iterative optimization and only needs to
calculate the distance from the data point to the center of
mass and redistribute the clusters in each iteration, its
computational efficiency is relatively high. This is of great
significance in large-scale data processing and real-time
analysis. Density clustering algorithms such as DBSCAN
have high requirements for the density distribution of
data points, while the K-Means algorithm has no strict
requirements for the density distribution of data. This
makes the K-Means algorithm more adaptable when dealing
with data sets with uneven density.

In territorial spatial planning, the clustering algorithm
and decision tree method are complementary. The clus-
tering algorithm can conduct preliminary grouping and
exploratory analysis of the territorial spatial data, find
the potential patterns and structures in the data, and pro-
vide the basis for the classification of decision trees. After
the territorial space is divided into different regional
groups by clustering algorithm, the decision tree can

further classify and label these groups and determine
the functional type of each region. This combination can
give full play to the advantages of clustering algorithms in
unsupervised data exploration and decision trees in clas-
sification and interpretation. Compared with other methods
alone, it can analyze and process territorial spatial planning
data in a more comprehensive and in-depth way, thus pro-
viding more effective decision support for territorial spatial
planning.

The core content material of K-Means lies in its itera-
tive optimization process. Through non-stop optimization
of the rectangular error criterion, K house clusters are
sooner or later obtained. The simple manner is as follows
(as proven in Figure 2):
(1) k seed points are randomly selected, and each seed

point is regarded as the center of mass of k spatial
collection clusters.

(2) Calculate the distance between each spatial object and
the seed point, and assign the unclustered spatial
objects to the nearest seed point according to the prin-
ciple of the closest distance.

(3) Move the seed point to the center belonging to the
“point group” of the point.

(4) The above (2) and (3) steps are repeated until the
square error criterion (the sum of squares of the dis-
tance from each four objects in the spatial set cluster to
the seed point) converges, and the clustering pro-
cess ends

The above square error criteria are defined as follows:

∣ ∣∑ ∑= −
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where E represents the square error criterion. p stands for
spatial object.mi represents the center of mass of the space
set c.

3 Land planning based on spatial
data mining

3.1 Design of planning decision system

Since land use planning data come from various sectors of
social and economic life, such as land, surveying and map-
ping, agriculture, and municipal affairs, it has the charac-
teristics of mass, multi-time, and multi-form and is very
suitable for spatial data warehouse organization and man-
agement [12]. On this basis, using spatial online analytical
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processing (OLAP), data mining, and other technologies,
land use planning data mining and analysis can be carried
out according to different themes, and the laws hidden
behind the massive historical data of land use planning
can be explored. Based on the characteristics of land use
planning data and for specific services such as land adapt-
ability analysis, the architecture of the auxiliary decision
support system for taxi land use planning with spatial
data warehouse as the data management platform, data
mining as the knowledge acquisition method, and meta-
data management as the management means is designed
and established and explained [13].

The decision support architecture of land use planning
is shown in Figure 3. The four layers are data layer, orga-
nization layer, mining layer, and decision layer. From a
macro perspective, these four layers are respectively respon-
sible for different stages of land use planning information
decision support, including data storage, data processing,
data mining, and knowledge expression, forming a complete
system [14]. Among them, the data layer is the foundation of

the system, the organization layer organizes the data according
to different needs, themining layer completes the data analysis
and information mining, which is the core part of the entire
system, and the decision layer presents the mined information
to the decision-makers.

The data layer includes the data set for land use planning
data analysis and mining, which is a land use planning data
warehouse composed of various thematic land planning data-
bases, land planning achievement databases, attribute data-
bases, and so on. It includes not only planning historical data
and land use status data (including attribute tables, planning
maps, etc.), but also information sets for different topics estab-
lished on the basis of land use data warehouse by means of
screening, classification, and synthesis [15,16].

Based on SOLAP technology, the organization layer
synthesizes all kinds of land use planning data and other
related data and establishes multiple multidimensional
data cubes for different topics to support data mining
and online analysis. In these data cubes, there should be
both macroscopic coarse-grained data and fine-grained

Figure 2: Schematic diagram of the clustering method principle.
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data reflecting local details [17]. Organization-level data is
managed through metadata.

As the core of the whole architecture, the mining layer
mainly includes OLAP and spatial data mining. OLAP gen-
erally aims at data preprocessing and advanced applica-
tion query, while data mining aims at knowledge dis-
covery. In the entire land use planning choice aid system,
different applied sciences serve for land use data mining,
which can discover hidden and before unknown expertise
in a massive range of land use planning facts and asso-
ciated facts sets so as to be used for choice support.

The most basic metadata is the data of data, which is
referred to as the data dictionary in a database system. In
contrast, metadata in a data warehouse far exceeds the
role of data dictionary. It not only defines the data in the
warehouse, describes the data content, its location, and
environment, but also specifies the rules of data extraction
and conversion [18]. Metadata plays an important role in
the whole process of data warehouse construction and
operation. It can be divided into metadata about data
source, metadata about data model, metadata about data
warehouse mapping, and metadata about data warehouse
usage.

Figure 3: Architecture diagram.
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The auxiliary decision support system of land use plan-
ning is very complex; it involves a lot of data, algorithms,
and applications, so it is necessary to use metadata to
organize data effectively. Here, metadata is not only used
to describe the data of basic information, but also a method
of data organization [19]. Among them, metadata manage-
ment mainly includes data management, algorithm man-
agement, and model management, which provides standar-
dized description and management for the distributed, multi-
level, and multi-model data information in the whole system
and also sets up a bridge to connect various operations and
analysis between the data, so as to systematically and effec-
tively identify, process, and analyze various data to assist
decision support.

3.2 Urban planning identification of multi-
source data mining

In order to achieve the coaching pattern of semi-super-
vised learning, the pre-processed time sequence facts are
clustered with the use of the K-Means algorithm. The data
is standardized, and the data of different dimensions are
converted into values with the same scale. In the land
spatial planning data, different types of data may be
involved, such as land area (square meters), population
number, economic indicators (such as GDP), etc., and these
data have different dimensions. Through standardization
processing, such as converting the data into a value with a

mean of 0 and a standard deviation of 1, different types of
data are comparable in the clustering algorithm.

First, the reliability of cluster numbers will be evalu-
ated by using repeated clustering operations. The profile
coefficient Silhouette will differ with the range of clusters
K, as proven in Figure 4. The larger the Silhouette price is,
the higher the clustering impact will be. Considering the
version of the Silhouette price with K and the dimension of
the facts volume, the remaining clustering wide variety is 6.
At this stage, urban land is divided into six clusters (C1–C6);
however, the precise feature of every cluster is no longer
clear, however it can be considered from the discern that
the practical distribution sample of the learn about location
is essentially round [20].

The K-central factor clustering algorithm is a clus-
tering algorithm whose purpose is to divide the objects
in a data set into K clusters (K is a pre-specified number
of clusters). Similar to the K-Means algorithm, the K-central
factor clustering algorithm uses the actual points in the data
set (called central objects or medoids) as representatives of
the cluster, rather than the mean vector of the cluster as
K-Means does. In dynamic time warping (DTW)-based classi-
fication, the DTW distance between the test sample and the
time series of the known class (the training sample) is usually
calculated first. These distances are then used to determine
which category the test sample is most likely to fall into. For
example, you can assign a test sample to a category that
belongs to the training sample with the smallest distance
from its DTW.

Figure 4: Identification results of spatial data mining.
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The classification results of functional areas presented
in the figure were obtained. Direct clustering is an unsu-
pervised learning method and there may be inaccurate
classification of some regions. In order to make the out-
comes greater credible, this article selects 20% of the facts
with correct classification impact from the above clus-
tering consequences as coaching samples primarily based
on the baseline of every cluster time sequence after classi-
fication [21]. Then, K-nearest neighbor supervised classifi-
cation was used to be carried out in accordance to the
coaching pattern and the closing end result of practical
location classification used to be obtained. At the equal
time, the use of the baselines of the time collection of every
cluster of classification results, the unit area, visitors quan-
tity, and influx per unit time of every classification in
working days and relaxation days can be statistically
obtained, so as to locate the journey regulations of resi-
dents in a number plots.

When selecting point of interest (POI) data, it is neces-
sary to filter according to the specific needs of the study. For
example, if the research focuses on commercial functional
areas of the city, then the main selection of business-related
POI data, such as shopping malls, supermarkets, commercial
streets, etc. At the same time, the accuracy and integrity of
the data should be considered, and the data sources with
high data quality and timely updates should be preferen-
tially selected. For POI data from different data sources, data
cleansing and consolidation may be required to remove
duplicates and erroneous information.

In order to discover the unique purposeful kinds of
exclusive classes, the frequency density and kind ratio of
POI information of every cluster (C1–C6) after clustering
have been counted in this article (as proven in Table 1
below). The unique features of the neighborhood instruc-
tions can be described by means of the residents’ tour
traits and POI distribution traits after clustering.

C1 is disbursed in the side place of the find-out-about
area, and the frequency density of POI is the lowest, so the
rule has to be observed from the course of residents’ tour
characteristics. As shown in the figure, the characteristics
of population flow in this area are not obvious on working
days [22]. However, on relaxation days, the populace flows
in the morning, and there is a greater populace outflow in
the afternoon and evening, respectively, which is constant
with the regulation of humans enjoying and touring spouse
and children in the suburbs on weekends. Therefore, C1 is
judged to be a suburban traveler area. It is named ‘suburban’
because it can be distinguished frommajor tourist attractions
outside the study area.

C2 and C3 are allotted in the transition vicinity between
the suburbs and the city center. From the viewpoint of the
share of POI types, both C2 and C3 have essential provider
services such as shopping, science and education, and clinical
care for residents, and C3 has especially extra residential POI.
In phrases of journey characteristics, the top of populace out-
flow and influx in C2 working days is 8:00 and 24:00, respec-
tively, and that in C3 working days is 8:00 and 19:00, respec-
tively. Compared with C3 working days, C3 has greater
apparent commuting guidelines in residential areas. C2
belongs to the transition location of C1 and C3, so C3 is
judged to be the city residential area, and C2 is the residen-
tial/tourist blended area.

C4 and C5 workplace POI (including science and edu-
cation, medical, company enterprises, authorities agencies,
etc.) have a greater percentage of kinds in contrast with
different regions. In phrases of tour regularity, C4 has a
populace outflow in the sunlight hours of working days
(7:00–19:00), the boundary factor of populace inflow/out-
flow happens at 13:00 on relaxation days, the populace
outflow height is at 8:00 on relaxation days, and the popu-
lace outflow top is at 8:00 on working days. The quantity of
site visitors in C5 fluctuates greater regularly for the day

Table 1: Proportion of land planning data types

POI type C1 C2 C3

FD FDnor CR FD FDnor CR FD FDnor CR

Catering planning 25.42 0 — 75.84 0.12 9.99% 139.47 0.28 %
Shopping planning 21.78 0 — 54.69 0.25 % 64.27 0.35 %
Leisure planning 20.76 0 — 56.51 0.11 % 109.21 0.31 %
Accommodation planning 3.86 0 — 15.26 0.05 % 26.42 0.14 %
Cultural planning 8.29 0 — 26.41 0.16 % 59.76 0.38 %
Medical planning 9.78 0 — 25.01 0.18 % 56.46 0.48 %
Housing planning 6.41 0 — 20.34 0.08 % 59.91 0.34 %
Corporate planning 27.41 0 — 64.81 0.15 % 98.44 0.21 %
Government organization planning 6.08 0 — 14.17 0.08 % 33.45 0.34 %
Scenic spot 0.74 0 — 1.52 0.09 % 3.24 0.28 %
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and produces many extremes, with the influx step by step
starting after 8:00 on weekdays and the outflow peaking at
18:00. Compared with C4, C5 has extra apparent com-
muting time characteristics, so it is judged that C5 is a
workplace area. The traits of populace influx on working
days in C4 are comparable to those in residential areas,
and the fashion of populace influx on relaxation days is
identical to that on working days [23]. However, the mag-
nitude of change is small, which is due to the fact people’s
buying things to do on relaxation days offset the unique
fashion to a positive extent, so in summary, C4 is judged to
be a blended residential/commercial area.

C6 is solely dispensed in the central region of the city, and
from the point of view of tour characteristics, the populace
influx peaks at around 10:00 on each weekend andweekdays.
However, the outflow begins at 11:00 on relaxation days and
at 16:00 on working days. The visitors' quantity on relaxation
days and working days peaks at 10:00 and 18:00, respectively,
which is extraordinarily comparable to people’s purchasing
time. Judging from the distribution traits of POI, there are
many kinds and portions of POI in this area, and all sorts
of services are perfect; this vicinity is judged to be a mature
commercial enterprise district.

Themethod of this article accurately divides different types
of land use areas, predicts the changing trend of land use, and
provides a basis for the rational allocation of land resources in
national spatial planning. This article realizes the visualization
of geographic information and presents all kinds of data in
territorial space planning in an intuitive graphical way, which
is convenient for decision-makers and related personnel to
understand the status quo and planning direction of territorial
space. This article also has some shortcomings. It fails to visua-
lize complex territorial spatial data in a concise, easy-to-under-
stand, and accurate way and fails to consider the timeliness of
visualization, that is, how to update the visual content in time to
reflect the dynamic changes of territorial space.

4 Simulation analysis of territorial
planning

4.1 Heterogeneity model of spatial data
mining

From the standpoint of eye-catching territory space, this
study uses two typesof issue detectors and interactive
detectors to analyze the influencing elements of territory
spatial distribution. Based on the clear evaluation of spa-
tial heterogeneity of geographical phenomena, the thing

detector makes use of q fee to quantify the explanatory
capability of each independent variable's degree of
impact on the dependent variable, and detects the expla-
natory capability of the component to the established
variable by calculating the intra-layer variance and the
relationship with the sum of whole variance, which abso-
lutely describes the similarity of spatial modifications
amongst geographical data. Its calculation method is as
follows:

∑
= − =

q

N σ

Nσ
1 .

h

L

h h1

2

2

(5)

The interactive detector is used to quantify the inter-
play of two explanatory variables on precise goal vari-
ables. In this study, the superposition of two influencing
factors is used to notice the joint impact of each on the
stratification and heterogeneity of territorial space.
Determining whether the interaction is enhanced, wea-
kened, or independent can overcome the limitations of
traditional regression models, and no longer simply ana-
lyze its interaction by the multiplication of two factors.
This study mainly conducts comparative analysis under
different territorial spatial clustering (or regional divi-
sion) by detecting the difference in the influence and
interaction of various factors.

In order to measure the spatial feature gap on dif-
ferent spatial scales, this study calculated the Gini coeffi-
cient and decomposed measure based on the regression
model Shapley value, and specifically reflected the contri-
bution degree of different influencing factors to the Gini
coefficient inequality. Data acquisition & signal processing
extension package is a commonly used tool for inequality
analysis, including a variety of inequality indices and their
decomposition, and the Gini coefficient is a commonly used
index to measure the degree of inequality; the higher the
value of the Gini coefficient, the higher the degree of
inequality. The Gini coefficient is calculated as follows:

∑
=

− = P P

N
Gini

ln

log
,

i

N

i i1

2

(6)

= −C 1 Gini. (7)

Based on the inequality index, an inequality decompo-
sition method based on a regression equation is produced.
The regression equation decomposition method of the Gini
coefficient was first proposed by Western economist Oaxaca.
On this basis, Chinese scholar Wan Guanghua combined
the regression equation with the decomposition principle of
Shaply value [24]. The Shaply value decomposition method
has a number of advantages, such as there are no restrictions
on the use of inequality indicators and the preset regression
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mode, and the measure of indicators can be analyzed with
the help of the estimated regression equation. This method
can overcome the limitations of simple regression analysis
and conventional exponential decomposition and obtain the
contribution degree and ranking of explanatory variables to
the explained variables. The calculation result of inequality
decomposition is the correlation coefficient between the
influencing factor and the level of inequality. The larger the
coefficient, the greater the contribution of this factor to
inequality. It can be expressed as

= +C βX εln .j j j (8)

4.2 Simulation analysis

The factor detection results obtained through Geodetector
are shown in Table 2. According to the impact factor detec-
tion results of national territory planning divided into
traditional eastern and western regions, the principal
influencing elements in the first column consist of the
common elevation of distance from the coastline, the
complete populace between 15 and 64 years ancient of
GDP per capita, and the percentage of non-agricultural
output value. In the 2d column, the object of detection is
the land planning with a clustering depth of 65%. The
fundamental influencing elements consist of the percen-
tage of nearby residents, the whole populace aged 15–64,
the complete population, and per capita GDP. Taking the
clustering depth equal to 55% as the clustering standard,
the most important elements detected through the ele-
ments in the 1/3 column are roughly steady with the

effects of 65%. Set the clustering depth to 45%, the funda-
mental influencing elements bought in the fourth column
are roughly regular with the effects of 65 and 55%; in
addition, the issue of non-agricultural populace share
additionally performs a position of 10%. In general, the
four most necessary elements affecting the distribution of
land planning are per capita GDP, whole populace aged
15–64, whole population, distance to the coastline, etc.
These elements essentially consist of the predominant
aiding elements of city construction, that is, herbal geo-
graphical advantages, prosperous labor sources, and sub-
sequent monetary aid strength. The above consequences
are essentially in line with the standard development
notion of “time, geography and people,” indicating that
trendy land planning and building ought to additionally
begin from the true scenario of the land, while accom-
plishing nearby conditions, blessings of development, so
that the land planning and herbal landscape, the current
texture of higher integration.

Area under curve (AUC) refers to the area under the
receiver operating characteristic (ROC) curve (receiver
operating characteristic curve). The ROC curve is drawn
with the false positive rate as the horizontal coordinate
and the true positive rate as the vertical coordinate.

The clustering algorithm and decision tree were used
to simulate seven types of land use in a city in 2020. The
results showed that the simulation accuracy of the algorithm
reached 76%, and the Kappa coefficient was 0.66. Among
them, the prediction accuracy of urban land is 76.41%, the
prediction accuracy of other construction land is 46.43%, and
the prediction accuracy of rural residential areas is 72.23%.
The prediction accuracy of grassland was 54.19%, forest land
64.83%, water city 64.71%, and cultivated land 85.07%. It can
be seen that the clustering algorithm has strong forecasting
ability for land planning in this study, but relatively low
forecasting accuracy for other construction land. Figure 5
describes the ROC curve simulated by the clustering algo-
rithm. The AUC value of seven types of land use was obtained
by calculating the area under the ROC curve. The AUC fee for
cultivated land used to be 0.9376, that of woodland land was
once 0.85442, and that of grassland was once 0.81747. The
AUC price of the water location is 0.8708, and that of the
rural residential vicinity is 0.86672. The AUC fee for different
development land is 0.80346, and the AUC price of city devel-
opment land is 0.9376. The AUC values of cultivated land and
city development land are increased to 0.9. The AUC values
of different land made use of have been all increased
than 0.8.

In land spatial planning, the land use types with high
AUC value, such as cultivated land and urban construction
land, can rely more on the prediction results of the model

Table 2: Cluster analysis results

Sort

Influencing
factor

Region
(×10−2)

Clustering
depth
65% (×10−2)

Clustering
depth
55% (×10−2)

Clustering
depth
45% (×10−2)

K-POP 9.1 34.1 11.4 15.5
K-POPY 12 42 15.4 20.4
K-PLR 9 46 26.9 32.4
K-GDPPC 15.1 30.8 11.5 15.2
K-PNP 6.5 17.5 7.9 11
K-PNV 10.9 16.4 2.5 4.9
K-DisPC 2.6 1.2 1.5 1.1
K-DisLMC 8.3 11.4 5.3 8.6
K-DisC 44.7 8.5 4.9 2.4
K-DEM 43.8 10.8 7.8 6.1
K-Slope 1.6 2.4 5.5 3.2
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in the planning decision. For example, in the development
of urban construction land expansion planning, due to the
high accuracy of the model’s prediction of urban construc-
tion land, a reasonable layout can be carried out according
to the suitable construction area predicted by the model.
For other construction land with low AUC value, it is neces-
sary to be more cautious in planning decisions, and it may
be necessary to combine more field research, expert opi-
nions, and other information sources to ensure the ration-
ality of planning.

From the outcomes of the evolution of territorial
space, the future city ecological house region will be barely
reduced; however, in the context of non-stop populace
growth, it is quintessential to enhance its current useful
resource and environmental carrying capacity. First of all,
in the future, we should rely on the existing ecological
resources, integrate with the humanistic resources in the
city, and build urban green space systems through various
forms such as roof greening, wetland parks, forest parks,
etc., to strengthen the service supply capacity of ecological
resources. Attention should be paid to the improvement of
the ecological environment and the construction of green
landscapes in rural areas, the temporal and spatial corre-
lation of ecological areas that open the way for biological
migration should be strengthened, and the carrying capa-
city and risk resistance of ecological networks should be
enhanced. Second, in view of the problem of insufficient
greening in urban areas, it is suggested to strengthen the
construction of urban endogenous green network in var-
ious forms such as small parks, streetscape green Spaces

and walkway protection green Spaces. According to the
existing diversity of ecological resources, differentiated
classification and management should be carried out to
strengthen the strict protection of ecological resources on
one side of the mountain.

In the simulation analysis, the simulation results of the
clustering algorithm and decision tree for seven types of
land use, such as the simulation accuracy of 76%, the
Kappa coefficient of 0.66, and the prediction accuracy
and AUC value of different types of land use, indicate
that the application of data mining technology in national
land spatial planning is effective. This is consistent with the
purpose of the paper’s research on the optimization of
territorial spatial planning based on data mining tech-
nology, indicating that data mining technology can play a
positive role in territorial spatial planning.

In the actual territorial spatial planning project, atten-
tion should be paid to the integration of multi-source data
(such as data from land, surveying and mapping, agricul-
ture, municipal, and other departments) as described in
the article. These data have characteristics such as massive
volume, multiple time frames, and various forms, spatial
data warehouse can be used to organize and manage, and
then data mining technology (such as clustering algorithm
and decision tree, etc.) can be used to excavate the hidden
rules and provide a basis for planning decisions. In the
urban expansion planning project, multi-source data
such as land use status data, population distribution
data, and economic development data are integrated to
find out the spatial aggregation pattern of land use types

Figure 5: Prediction results of territorial planning based on K-Means clustering algorithm.
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through cluster analysis, which provides a reference for
rational planning of urban expansion direction.

5 Conclusion

Based on the statistics mining science and the visualization
of geographic information, this article places ahead the
optimization look-up of territorial spatial planning. On the
groundwork of in-depth look-up and dialogue of spatial infor-
mation mining technological know-how and its utility in GIS,
this article researches and analyzes the spatial cluster evalua-
tion approach in spatial statistics mining in detail. Combining
with the traits of GIS spatial information, in accordance with
the spatial cluster evaluation technique primarily based on
the grid, the K-Means clustering algorithm primarily based on
GIS is proposed. The effects are as follows:
1. This article uses a clustering algorithm to carry out data

mining and puts forward a system design for a land use
planning decision support system. The solution of land
use planning data warehouse construction is elaborated
in detail, including the overall design of spatial data
warehouse, logical modeling, data cube construction, and
metadata management. It realizes multi-dimensional orga-
nization management and application of massive multi-
source heterogeneous data.

2. The simulation results indicate that the simulation accu-
racy of the algorithm reaches 76%, and the Kappa coef-
ficient is 0.66. Among them, the prediction accuracy of
urban land is 76.41%, the prediction accuracy of other
construction land is 46.43%, and the prediction accuracy
of rural residential areas is 72.23%. The AUC value of
cultivated land was 0.9376, that of forest land was
0.85442, that of grassland was 0.81747, that of water
area was 0.8708, and that of rural residential area was
0.86672. The predicted results in this article are in good
agreement with the real situation, and the result indi-
cates that the simulation precision of the model con-
structed in article is highly reliable.

Although this article has improved the clustering algo-
rithm, it can study the clustering algorithm that is more
suitable for the characteristics of territorial spatial plan-
ning data or improve the existing clustering algorithm. For
example, consider how to better deal with the impact of
noise points and outliers in territorial spatial data on clus-
tering results to improve the accuracy and stability of
clustering.
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