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Remote sensing data refer to remote sensing data sets with typical big data characteristics obtained by various remote sensing
technologies. Based on this understanding, massive remote sensing datasets are the main method, and auxiliary data from other
sources are integrated. The DN value (digital number) is the brightness value of the remote sensing image pixel and the gray value
of the recorded ground objects. Unitless is an integer value. The value is related to the sensor’s radiation resolution, ground object
emissivity, atmospheric transmittance, and scattering rate. This study aims to study the neural network algorithm for remote
sensing data changes in urban buildings. This study deliberately goes to Tianjin Binhai New Area, taking this as an example to
analyze and study the change of construction land. It uses satellite remote sensing data as a basis to analyze the trend of its building
land. This study proposes which factors lead to the decline of urban construction land in Tianjin Binhai New Area. Finally, through
experimental research and analysis, it is found that from 1996 to 2016, the registered population of Tianjin Binhai New Area has
increased a lot, accounting for 26.49% of the total population. The number of urban employees increased by 956,500. This is also

the leading factor in the direction of the city for the building.

1. Introduction

A city is a complex “natural economy” ecosystem established
by human beings in the process of adapting and trans-
forming the natural environment. It is an irreversible change
in the way of utilization, which has a huge impact on human
activities. Since the reform and opening up, the starting
point of China’s urbanization development is relatively low,
but its development speed is indeed very fast. Urbanization
refers to the process, in which construction land occupies a
large amount of agriculture, forestry, animal husbandry, and
water bodies. It greatly changes the actual land cover
probability in the area. The changes of urban land use
profoundly reflect the changing laws of urbanization process
and spatial structure. The theme of satellite remote sensing
technology is the development trend of cities over the years.
The researcher extracts building information, mainly for the
monitoring of changes in urban construction, urban in-
frastructure planning, 3D urban reconstruction, digital
cities, urban land use and management, and real-time

updates of urban rail and traffic maps. How to achieve high-
efficiency, high-precision, and automatic extraction of
buildings in urban areas is the difficulty and focus of research
in remote sensing image processing.

Urban spatial expansion is the most intuitive physical
manifestation of urbanization, and it is also the most im-
portant feature of land cover change. The expansion of urban
space and the evolution of external form are the inevitable
trends of urban development. Different characteristics of
urban development are presented in different stages and
directions. However, the urban landscape is relatively
unique, with obvious fragmentation and serious damage to
natural ecological functions. This leads to serious ecological
problems such as urban heat islands, reduction of agricul-
tural land, wetland degradation, and air and water pollution
and also leads to a decline in the quality of human settle-
ments and the healthy development of cities. Most remote
sensing images are not ortho-satellite images. Therefore, in
the remote sensing images, the target objects are often in-
clined or blocked by the shadows of other objects such as
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trees and high-rise buildings. Moreover, with the gradual
increase of the observation scale of satellites, there will be
many phenomena of the same spectrum of different objects
and the phenomenon of different spectrums of the same
objects. Under the current environment of strengthening
ecological environment management and optimizing the
development pattern of King’s space, it is of great signifi-
cance to the urban planning of Sugian to study the changes
of King’s land cover and urban expansion in Sugian as a
prefecture-level emerging small city. It is necessary to op-
timize the land cover and industrial layout of the king,
recognizing the future ecological environment construction.

This study mainly studies the trend of urban con-
struction in Tianjin Binhai New Area and analyzes its causes.
It introduces neural network algorithms to ensure thorough
data analysis and more accurate conclusions. The innovation
of this study lies in the continuous improvement of the
neural network algorithm as well as on-the-spot investiga-
tion and research. This is to ensure the accuracy of the data.
It has also been innovating and refining its own team to
make it more efficient.

The second part of the article mainly introduces the
research and development of urbanization construction at
home and abroad and the application of its remote sensing
network data. The third part mainly introduces the neural
network algorithm and its improvement technology. Finally,
the fourth part uses remote sensing network technology in
the experimental part. The urbanization construction land of
Tianjin Binhai New Area is deeply researched and analyzed
and then discussed in Section 5. Finally, the experimental
results in Section 6 show that the main factors affecting the
change of construction land are population growth, eco-
nomic development, and construction of transportation
facilities.

2. Related Work

The rapid development of society has driven rapid economic
growth, population agglomeration, and expansion of con-
struction land. This also leads to resource and environmental
problems to a certain extent, such as farmland loss, soil
pollution, and erosion. The use of remote sensing technology
can quickly and effectively obtain construction land infor-
mation for extraction. It can provide a scientific and timely
data basis for construction and decision-making depart-
ments. Urban architecture is an important part of current
research, and more and more researchers pay special at-
tention to it. Among them, Liu studied the remote sensing
image data and nighttime lighting data of this area [1].
Remote sensing techniques are increasingly used to rapidly
detect and visualize changes caused by catastrophic events.
Sofina and Ehlers proposed a feature-based semiautomatic
method to identify building conditions, especially affected
areas using geographic information system (GIS) and re-
mote sensing information [2]. The growth of world pop-
ulation has triggered the increase of artificial surfaces such as
buildings and roads in urban areas. Atak and Tonyalolu
aimed to analyze the impact of changes in LULC, NDVT, and
LST in Ayton, Turkey between 1990 and 2017 [3]. Over the
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past few decades, many countries and regions have in-
creasingly considered land-use change, sprawl, and its im-
pact on natural lands (gardens, agriculture, and arable land).
However, the analytical knowledge of land-use change and
urban sprawl due to natural land loss remains unclear.
Therefore, Dadashpoor and Salarian aimed to use data in-
cluding remotely sensed satellite images from 1986, 1996,
2006, and 2015 (LandsatTM) to analyze and predict the
trend of urban construction land use change and sprawl
from 1986 to 2040 [4]. However, the methods used for urban
construction are not very efficient and lack innovation.
With the development of remote sensing (RS) and deep
learning (DL) technologies, various forms of data for
detecting land use changes are available. The goal of Ji and
Luo is to promote the coordinated development of land use
[5]. Remote sensing data can be used to improve under-
standing of environmental changes over longer periods of
time. Here, Frankl et al. used aerial photographs and satellite
imagery to explore trends and patterns of woody vegetation
cover in the Lake Tana Basin [6]. In the following work,
Alshehhi et al. proposed a single-patch-based convolutional
neural network (CNN) architecture for extracting roads and
buildings from high-resolution remote sensing data [7]. They
all made good use of remote sensing technology, made a
certain analysis of urban land construction, and obtained
corresponding results, but the analysis was not comprehen-
sive enough, lacked innovation, and was not authoritative.

3. Neural Network Algorithm
3.1. Classification of Neural Network Algorithms

3.1.1. Single Layer Neural Network. Figure 1 shows a
graphical explanation of the perceptron model.

In Figure 1(a), the weight (q;,q,,q5) is added to the
perceptron, and the calculation formula of the output unit is
as follows:

Z,=X,89q9, +%X,8q, + Xx38q;3 (1)

In Figure 1(b), the weight (g4qs,qs) is added to the
perceptron, and the calculation formula of the output unit is
as follows:

Z,=X,9q,+%,8qs + X3 0. (2)

3.1.2. Two-Layer Neural Network. x(Vx® Z is the data
transmitted in the network, qVq® is the weight in the
network, and y(Vy? is the bias term in the network. The
two-layer neural network without bias term is calculated as
follows [8]:

X<1>®q<1> = 52 X<1>®q<1> er<1> = 2 X
@, @ ’ (3)

x“®q” =z x(2)®q(2)+y(2):z

3.1.3. Multilayer Neural Network. Visible units constitute
explicit layers for input training data. Hidden units form
hidden layers for resource detection. When the value of all
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FIGURE 1: Perception model diagram.

explicit elements is given, the value of each implicit element
is irrelevant, for example,

p(g‘d) =[]r(gild). (4)
i=1

When the values of all hidden layers are given, the values
of all explicit elements are also not correlated, as shown in
the following formula:

9 =[1r(d)l9)- (5)

-1

p(d

Among them, d is the visible layer and g'g?g’ is the
hidden layer. This layer is a hidden layer. The goal of its
algorithm is to train hidden layer units and allow them to
extract correlations between higher-order data belonging to
visible layer D. The output calculation of the visual layer is
shown in the following formula:

p(d,gl,gz,...,...gl)
(6)

-2 -1
|

=p(d|gp(g'|g’)--p(d7 719 )p(d™ " 9)-

3.2. Convolutional Neural Networks. It includes convolution
computation and is one of the algorithms of deep learning
[9]. After the feature map is obtained through the convo-
lution operation, the extracted features are used for classi-
fication or segmentation operations. The convolutional
neural network structure includes an input layer and a
hidden layer. The hidden layer includes three common
structures: convolutional layer, pooling layer, and fully
connected layer. In some more modern algorithms, there
may be complex constructions such as inception modules
and residual blocks. In common constructions, convolu-
tional layers and pooling layers are specific to convolutional
neural networks. For example, if each of the 100 features is
convolved with an image, a (256 -32+1) x (256 -32+1) =
50625-dimensional convolution feature will be obtained.
Since there are 100 features, each input will get a
50625 x 100 = 5062500-dimensional feature vector [10]. It is

unwise for a neural network to learn a classifier with more
than five million dimensional features in the input data [11].
Moreover, the phenomenon of overfitting is easy to occur in
the process of network training. The so-called overfitting is a
phenomenon as follows: a hypothesis can obtain a better fit
than other hypotheses on the training data but cannot fit the
data well on the data set other than the training data. At this
point, we call this assumption overfitting. Its max pooling is
shown in Figure 2.

The research on convolutional neural networks can be
traced back to the neocognitron model proposed by Japanese
scholar Kunihiko Fukushima. In his papers published in
1979 and 1980, Fukushima designed a neural network
named “neocognitron” for the visual cortex of a living
creature. Neocognitron is a neural network with deep
structure, and it is one of the earliest proposed deep learning
algorithms. In 2001, scientists observed and studied the
energy consumption process of biological brains. In 2003, it
was estimated that only 1% to 4% of neurons can be activated
by the brain at the same time. This study confirms the
sparsity of how neurons are encoded. From the signal point
of view, the neuron only responds to a small part of the
input. A large number of input signals are ignored by
neurons. But doing so, we can improve the learning effi-
ciency and allow the neural network to extract features more
accurately and quickly. The sparse connections of con-
volutional neural networks have a regularization effect. It
improves the stability and generalization ability of the
network structure and avoids overfitting. At the same time,
sparse connections reduce the total amount of weight pa-
rameters. This facilitates fast learning of neural networks and
reduces memory overhead during computation. After ini-
tializing the weight parameters, the traditional sigmoid
activation function activates nearly half of the neurons. This
violates the way neurons are sparsely encoded. Linear rec-
tification function, also known as modified linear unit, is an
activation function commonly used in artificial neural
networks. It usually refers to nonlinear functions repre-
sented by ramp functions and their variants. Subsequently,
the researchers found that the rectified linear unit (ReLu)
activation function is much better than the sigmoid acti-
vation function [12]. Convolutional neural network has long
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FIGURE 2: Max pooling.

been one of the core algorithms in the field of image rec-
ognition and has a stable performance when the learning
data are sufficient. For general large-scale image classifica-
tion problems, convolutional neural networks can be used to
construct hierarchical classifiers. It can also be used in fine-
grained recognition to extract discriminative features of
images for learning by other classifiers.

The mathematical form of the ReLu activation function
is as follows:

f(a) = max (0,a). (7)

3.3. Overview of the Study Area. Before the emergence of
popular deep learning methods, the research on automatic
extraction of buildings and other objects in remote sensing
images based on traditional feature extraction methods can
achieve high accuracy [13]. But the biggest disadvantage of
the traditional method is the single feature. Generalization
Ability. The functional ability of deep learning methods is
actually determined by the method itself, that is, whether
there is a necessary connection between the feature and the
target [14, 15]. For example, the traditional Hough trans-
form performs feature extraction based on fixed features
such as lines, angles, and surfaces. In increasingly pros-
perous urban areas, there are fewer and fewer regular, simple
building appearances. Therefore, more feature detectors and
feature extractors are needed to accommodate this change.
Obviously, traditional nondepth methods are no longer
competent and instead are replaced by deep algorithms with
strong feature generalization and extraction capabilities [16].
Based on the idea of deep learning, this study proposes a
cascaded fully convolutional neural network structure. It
adopts the methods of resource reuse and resource en-
hancement to realize the automatic and accurate extraction
of urban buildings in satellite images. Its process model
diagram is shown in Figure 3:

This area is near the Tanggu Railway Station in Binhai
New Area, Tianjin. It includes residential areas, hospitals,
schools, roads, railways, vegetation and water bodies, and
other types of features. The buildings are irregularly dis-
tributed and of various types. It exhibits different spectral
and spatial characteristics. The background environment is
complex and contains many disturbing objects, which is
more representative as a research area [17, 18].

This study takes Tianjin Binhai New Area as an example to
analyze the change of construction land. Tianjin is one of the
municipalities directly under the Central Government in
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China, located in the northeastern region of China, between
38°34’-40°15'N, 116°43'-118°04'E. It is the economic center of
the Bohai Rim region. Binhai New Area has a long history, rich
natural resources, and advantageous geographical conditions
[19, 20]. It is one of 16 districts. Binhai New Area is located in
the northern plains of China, east of Tianjin, downstream of the
Haihe River, and adjacent to the Bohai Sea. Binhai New Area
has a large port, Tianjin Port, which is China’s international
transportation and logistics center. Tianjin Binhai New Area is
mainly composed of Dagang District, Hangu District, Tanggu
District, and Tianjin economic and technological development
zone. It is an important area for China’s economic develop-
ment. The development potential is huge, the natural resources
are abundant, and the ecological environment is good. Tianjin
Binhai New Area has 18 towns under its jurisdiction, which can
be divided into nine functional areas, including the central
business district, the airport economic zone, and the Nangang
industrial zone. Since its establishment, Tianjin Binhai New
Area has developed rapidly due to its advantages in geo-
graphical location, natural resources, economic development,
and other aspects. The foreign population is large and the
mobility is high. As of 2016, it includes a resident population of
about 2.9942 million and a registered population of about
1.2818 million. The construction land changes rapidly and has a
certain application value as a research area.

3.4. Data Sources. When comparing construction land ex-
traction methods, a SPOT6 image acquired in April 2014 and
a Landsat8 image acquired in the same month of the same
year were selected. Since the SPOT series satellites were put
into use, they have provided a large number of rich and
reliable global remote sensing satellite data sources for various
application fields. SPOT6 data have high spatial resolution
and strong data acquisition capability. The SPOT6 and SPOT7
double-star constellations enable one-day revisiting of any
location on Earth. The SPOT6 image has a width of
60 x 60km, including one panchromatic band and four
multispectral bands. The specific satellite parameters are listed
in Table 1. The multispectral data and panchromatic data of
SPOT®6 have their own RPM (RigorousPhysicalModel) model
parameter file (Dim. XML metadata file) and RFM (Ration-
alFunctionModel) model parameter file (RPCXML file),
which are used to assist SPOT6 orthorectification.

Taking Tianjin Binhai New Area as the study area, the
Landsat series of satellites are remote sensing satellite sys-
tems used to develop and construct the Earth resources and
environment. Landsat5 was successfully launched in 1984
and Landsat8 was launched successfully in 2013 with a
temporal resolution of 16 days. The data sources used to
analyze the changes of building land are Landsat5 remote
sensing images in 1996, 2001, 2006, and 2011, and Landsat8
remote sensing images in 2016. The specific satellite pa-
rameters are listed in Tables 2 and 3. In addition to infrared
sensors (infrared sensors), it can also carry two remote
sensing infrared satellites. The Landsat5 and Landsat8 re-
mote sensing image data used in this study are from the
United States Geological Survey website [21, 22]. The United
States Geological Survey (USGS) is a scientific research
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FIGURE 3: Model diagram of automatically extracted buildings from remote sensing images.
TaBLE 1: Landsat satellite parameters. TaBLE 2: Convolutional layer parameter setting table.

Band Spectral range Spatle}l Height Revisit period Network layer ID Size

resolution (days) Convl-1 3% 3 %64
B1 0.433-0.453 Convl-2 3x3x64
B2 0.450-0.515 30 Maxpooling 2x2
B3 0.525-0.600 Conv2-1 3x3x128
B4 0.630-0.680 Conv2-2 3x3x128
B5 0.845-0.885 Maxpooling 2x2
B6  1.560-1.660 s 185185 16 Conv3-1 3x3%256
B7 2.100-2.300 Conv3-2 3x3x256
B8 0.500-0.680 Conv3-3 3x3x256
B9 1.360-1.390 30 Maxpooling 2x2
B10  10.600-12.500 100

institution affiliated to the United States Department of the
Interior. It is responsible for scientific research, monitoring,
collection, and analysis of natural disasters, geology, mineral
resources, geography and environment, and wildlife infor-
mation [23, 24]. It conducts nationwide long-term moni-
toring and assessment of natural resources. It provides
broad, high-quality, and timely scientific information to
policymakers and the public [25].

4. Experiment of Remote Sensing Data in Urban
Building Changes

4.1. Improvement of Convolutional Neural Network
Algorithm. The original remote sensing image is defined as
v, as shown in the following formula:

V={V(1)nV(2)n...Vj...ﬂV('”’l)ﬂV(m)}. (8)

Among them, V) is a single multiband high-resolution
satellite remote sensing image.

TaBLE 3: Contribution rate of construction land expansion in
Dagang District, Hangu District, Tanggu District, 1996-2016 (unit:
%).

Year range Tanggu District Hangu District Dagang District
1996-2001 48.90 36.60 14.49
2001-2006 69.71 14.49 15.80
2006-2011 91.26 0.82 7.92
2011-2016 59.64 16.56 23.80
1996-2016 69.60 13.06 17.34

The multichannel pixel-level label image is defined as
viewing k, as shown in the following formula:

K={KYnKk?Pn. K. .nK™ VK™ (9)
Among them, K is a single-label image. The label

image is also known as the ground truth. It is a single-label
image, also known as the ground truth. All received remote



sensing images are treated as a series of w combinations of
image patches. W is represented as follows:

= =
W={<Vj,Kj>,j= 1,2,3,...m}. (10)

=7 . . .
Among them, V/; is an image block of a remote sensing
image in the original remote sensing image V /). ?j is an
image block of a certain tag image in the original tag image
KO,
Now, we predict the label image patch ?j from the

remote sensing image patch 7j. The image block prediction
result is defined as P(\_/') i | ?j), and the overall prediction

result P(\_/)j | ?j) is as follows:
PERIVI=[]P(R)|V,), (11)

F; (12) is defined as the value that the prediction result of the
jth image patch is a building. It is calculated as follows:

F; (K) = Sigmoid(mj (?)>>

(12)
1

Sigmind(a) = —————.
igmind(a) = o)
Among them, m; (?) is the image block of the jth re-
mote sensing image.
The expression for convolution in calculus is as follows:

e(d) = Ja(d - x)B (x)tx. (13)

If it is in discrete form, the formula is as follows:

e(d) = ) a(d-x)B(x). (14)

If it is a two-dimensional convolution, it can be
expressed as follows:

e(j,i) = ZZa(j—n,i—m)ﬁ(n,m). (15)

In convolutional neural networks, although the basic
unit is convolution, it is a little different from the strict
mathematical definition. The convolution calculation in the
neural network is as follows:

e(j,i) = ZZa(j+n,i+m)ﬁ(n,m)+s. (16)

The volume multiplies the elements of the different local
arrays of the output image and the convolution kernel array
and then adds them together, and the output matrixisa2x 3
matrix. Convolutional neural networks need to rotate the
convolution kernel by 180°".

The parameter settings of the convolutional layer in this
study are listed in Table 2.

The loss function is the objective function of neural
network optimization, as follows:
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Cost = zlng[bm) ~x(@). (17)

Among them, b (a) is the expected output and x (a) is the
actual output. For a neuron, the relationship between the
input value x and the corresponding output a is as follows:

{w=q)a+y

x = e(w) (18)

Then the corresponding partial derivatives can be ob-
tained, as follows [17]:

nCost

B (p(w) - b)p (w)a

(19)

1COSE_ (4 (w) - b’ (w)

4.2. Data Processing. For improving the classification ac-
curacy of land use types, the role of image fusion is more
important than atmospheric correction. Therefore, image
fusion is a key step in data preprocessing. There are many
methods of image fusion. In this study, the transform fusion
method is used to fuse multispectral images and panchro-
matic images. Through the statistical analysis, the GS fusion
method performs orthogonal transformation on multidi-
mensional images to eliminate information redundancy and
improve the problem of inconsistent spectral response or
excessive concentration of information in some image
bands. The PC transformation method usually has two cases:
one is to replace the first principal component PC1 of the
multiband image with a high-resolution image. The second
is to perform the principal component transformation on all
the bands of the multiband image. Compared with PC
transformation, GS transformation can better preserve the
spectral information of the image. In this study, the mul-
tispectral images and panchromatic images of SPOT6 and
Landsat8 are fused, respectively, and the GS fusion method
and the PC transformation method are compared. The fused
image is shown in Figure 4. It can be seen from Figure 4 that
the spatial resolution of the fused image has been improved.
In contrast, the image after GS fusion is clearer and better
maintains the texture features of the image.

For remote sensing images with different spatial resolu-
tions, different construction land extraction methods have
different applicability and their own advantages and disad-
vantages. In this study, SPOT6 and Landsat8 data are used to
represent high-resolution images and medium-high-resolu-
tion images, respectively, to compare and improve con-
struction land extraction methods. The extraction methods
used include SVM method, neural network method, CART
decision tree method, building index method, and rule-based
object-oriented classification method.

Neural network method can establish complex rela-
tionship between input and output through self-learning.
Therefore, the remote sensing images can be classified and
processed effectively. Its advantage is that it has the ability to
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Landsat8

raw multispectral image

GS fusion

PC Transform

FiGUre 4: Two data extraction methods for SPOT6 and Landsat8.

carry out strong nonlinear approximation and also has fault
tolerance. The establishment of a decision tree is to classify
and mine unknown data. SVM stands for support vector
machine, which is a supervised learning model. It is com-
monly used for pattern recognition, classification, and re-
gression analysis. The SVM algorithm supports linear
classification and nonlinear classification and can also di-
rectly apply SVM to regression applications. At the same
time, SVM can be applied in the field of multivariate clas-
sification by means of OVR or OVO. When using the CART
decision tree method to extract construction land, this study
uses the original multispectral images, NDVI (normalized
difference vegetation index) calculation results, and ISO-
DATA unsupervised classification results to construct a
multivariate dataset. It uses the target object samples to
automatically obtain expert knowledge rules. The building
index method includes single index method and multi-index
combination method, which is a commonly used method for
rapid extraction of construction land. On the basis of image
segmentation, the rule-based object-oriented classification
method takes the image object with its own spatial char-
acteristics as the basic processing unit, which alleviates the
detailed information in the high-resolution image. It
highlights the impact on the extraction of construction land
and selects feature attributes to formulate rules for image
information extraction. It is a method suitable for high
spatial resolution remote sensing imagery.

5. Results and Discussion
5.1. Results

5.1.1. Area Change and Center of Gravity Shift. In this study,
taking Tianjin Binhai New Area as an example, the remote
sensing data of Landsat5 in 1996, 2001, 2006, and 2011 and
Landsat8 in 2016 are selected for construction land ex-
traction. Based on the comparison results of the extraction
methods, the SVM method was selected to extract the

construction land, and the construction land area of Tianjin
Binhai New Area was obtained (Figure 5). From 1996 to
2016, the construction land area of Tianjin Binhai New Area
increased from 183.88 km? to 294.86 km®. The percentage of
construction land in the total area of Binhai New Area
increased from 9.27% in 1996 to 14.87% in 2016. The in-
creased construction land area in the past 20 years is about
110.98 km?, accounting for 60.36% of the construction land
area in 1996.

From the calculation results of the expansion rate and
expansion intensity of construction land, it can be seen in
Figure 6(a) that from 1996 to 2016, the expansion rate and
expansion intensity of construction land in Tianjin Binhai
New Area showed an increasing trend, as shown in
Figure 6(b). The year interval with the fastest expansion and
the strongest expansion intensity is from 2011 to 2016. The
area with the fastest expansion and the strongest expansion
intensity is Tanggu District, followed by Hangu District.

From the contribution rate of construction land ex-
pansion in Tianjin Binhai New Area from 1996 to 2016
(Table 3), it can be seen that from 1996 to 2001, the ex-
pansion contribution rate of Tanggu District and Hangu
District is not much different. After 2001, the contribution
rate of construction land expansion in Tanggu District began
to be significantly higher than the other two districts. After
2011, the expansion contribution of Dagang District began
to grow significantly.

Figure 7 shows the migration trajectory of the overall
center of gravity of Tanggu District, Hangu District, Dagang
District, and Binhai New District. From 1996 to 2016, the
center of gravity of construction land in Tanggu District
shifted to the northeast as a whole, Hangu District shifted to
the southwest, and Dagang District shifted to the northwest.
Geographically, Hangu District is located in the northeast of
Tanggu, and Dagang District is located in the southwest of
Tanggu District. Therefore, the center of gravity of con-
struction land in the three districts is gradually shifting to the
trend of gathering. The center of gravity of construction land
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FIGURE 5: Changes in construction land in Tianjin Binhai New Area from 1996 to 2016.

in the entire Binhai New Area is regularly shifting to the
north year by year.

5.1.2. Spatial Distribution and Morphological Changes.
From the extraction results of construction land, the spatial
distribution of construction land in Tianjin Binhai New Area
in 1996, 2001, 2006, 2011, and 2016 is shown in Figure 8. It
can be seen from Figure 9 that the construction land in
Binhai New Area is concentrated in Tanggu District, Hangu
District, and Dagang District, among which Tanggu District
has the largest area. From 1996 to 2016, there were signif-
icant changes in construction land, and there is currently no
significant increase in the concentration of construction
land. It is just that there are different degrees of expansion in
the original concentrated distribution area. Among them,
the changes are most obvious in the Dagang urban area and
the development zone.

It can be seen from Figure 8 that the number and density
of construction land patches have become smaller. The
average plaque area becomes larger, the degree of frag-
mentation decreases, and the proximity becomes higher.
This shows that the construction land gradually changed
from small patches with many to large patches with few. A
similar small area of construction land is gradually expanded
to form a larger area of construction land. The average
proximity index and aggregation degree index gradually

increased, indicating that the development trend of con-
struction land from scattered distribution to aggregated
distribution. The fractal dimension becomes larger, indi-
cating that the shape of the construction land patch becomes
more and more complex.

Fitting analysis is a statistical method used in finance and
other fields to make predictions based on the observed
values. In other words, it is a relative prediction that
measures how the actual observed value is simulated.
Through the fitting analysis, it is found that there is a strong
nonlinear correlation between the construction land area
and each shape index. The coefficient of determination R2 of
NP, PD, MPS, MPI, Al FD, and construction land area are
0.788, 0.850, 0.988, 0.956, 0.786, and 0.827, respectively. It
can be seen that there is a strong correlation between
construction land area and MPS. Because the construction
land is not a natural feature, the change of the shape index of
the construction land itself can reflect the influence of
human factors on the shape and distribution of the con-
struction land. Therefore, from a macroscopic point of view,
the change of shape index also has certain regularity and
correlation with the change of construction land.

5.2. Discussion. Construction land is the main material
basis for residents to reside and live. Therefore, the pop-
ulation and human activities have a direct impact on the
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FIGURE 6: Expansion rate and expansion intensity of construction land in Binhai New Area from 1996 to 2016. (a) Expansion rate and
expansion intensity of construction land in Binhai New Area. (b) Expansion rate and expansion intensity of Tanggu District and Hangu

District.

scale and distribution of construction land. From 1996 to
2016, the registered population of Tianjin Binhai New Area
increased by 26.49%, and the number of urban employees
increased by 956,500. The rapid economic development has
promoted the rapid increase of urban employees, and the
nonagriculturalization of the agricultural population has
become increasingly apparent. At the same time, the im-
provement of living standards and the requirements for
housing and commercial places have also played a role in
promoting the expansion of construction land. By fitting
the area of construction land with the registered population
and urban employees respectively in Figure 9, there is a
more significant correlation between the area of con-
struction land and the number of urban employees. It can
be seen that population growth and the increase of urban
employees are the main driving forces for the expansion of
construction land.

5.2.1. Transportation Facilities. The development of trans-
portation facilities has a driving effect on the expansion of
construction land. Since the reform and opening up in
Tianjin Binhai New Area, the construction of transportation
facilities has been accelerated. In 1996, there were 828.67

kilometers of urban roads, 7,912,100 square meters, and 114
urban bridges. By 2011, Tianjin Avenue, Gangcheng Avenue,
Jinbin Expressway, Beijing-Tianjin Expressway, Beijing-
Tianjintang Expressway, and other express lanes were
completed. The expressway network has taken initial shape,
and a comprehensive transportation system with efficient,
smooth, and distinct layers has been gradually formed. By
2016, a large number of new transportation facilities projects
such as Tang-Han Expressway, Jin-Han Expressway, Jin-
Han Link Line, and Jin-Gang Expressway have been com-
pleted. There are 140 bus lines and 2162 bus vehicles in the
whole district. The annual passenger volume of public
transport is about 130 million. A total of 642 rental vehicles
were updated throughout the year, and 1,171 vehicles were
operated by rental companies in the new district. The
construction of transportation facilities and the develop-
ment of transportation capacity not only promote the ex-
pansion process of construction land in Tianjin Binhai New
Area, but also usually the construction land will expand
along the main traffic roads within a certain range. There-
fore, there is a certain relationship between the development
and improvement of transportation facilities and the
quantity and spatial distribution of construction land
changes.
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5.2.2. Policy Orientation. National and regional macro
land policies and urban planning have a significant impact
on the expansion scale and expansion pattern of con-
struction land. On the one hand, it guides the develop-
ment direction of the city, and on the other hand, it has a
certain role in regulating the scale and speed of urban
development. From 1996 to 2016, the urban planning and
construction of Binhai New Area achieved fruitful results.
In March 1994, the development and construction of
Binhai New Area kicked oft. The overall planning concept
in the initial stage of development and construction of
Binhai New Area is to take Tianjin Port, development
zone, and free trade zone as the skeleton and modern
industry as the foundation to build a modern economic
new zone with supporting infrastructure, complete service
functions, and common development of finance, com-
merce, and tourism. It can be seen that Tianjin Port,
development zone, and free trade zone are the key de-
velopment areas of Tianjin Binhai New Area. Therefore,
the launch of the Sino-Singapore Eco-city project is also
one of the driving factors for the rapid change of con-
struction land in Tianjin Binhai New Area after 2006.
Therefore, it is inseparable from the support and regu-
lation of policy factors whether the construction land has
great changes in a short period of time. According to the
spatial distribution of changes in construction land from
1996 to 2016, it can be seen that the changes in

construction land in Tianjin Port, development zone,
bonded zone, and nearby areas are more significant than
other areas. These areas are mainly located in the
northeastern part of Binhai New Area. Therefore, the
center of gravity of construction land is also shifting to the
northeast year by year. It can be seen that the main de-
velopment areas of construction land are closely related to
policy factors.

In summary, this study takes the comparison and im-
provement of construction land extraction methods as the
main goal. It uses support vector machine method, neural
network method, tram decision tree method, construction
index method, and rule-based object-oriented classification
method to extract construction land from SPOT6 and Landsat8
data. This section presents the basics of building datasets using
high-resolution satellite imagery. The software and hardware
components and construction steps of the building automatic
extraction system are introduced. The realization of the main
functions inside the automatic extraction system is introduced.
The results of automatically extracting buildings are shown.
The data evaluation index commonly used in the field of
machine learning is used to analyze the accuracy of building
extraction, and it is compared with other two neural network
methods. On this basis, taking Tianjin Binhai New Area as an
example, LandsatTM/OLI data is used. The SVM method was
used to extract the construction land information for five years
in 1996, 2001, 2006, 2011, and 2016.
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6. Conclusions

The main conclusions of this study include the following
points:

(1) It constructs construction land extraction rules for
SPOT6 data and Landsat8 data respectively and
proposes a construction land extraction index SBEI
for SPOT6 data. Rule-based object-oriented methods

)

3)

can utilize the spatial and texture features of objects.
To a certain extent, it can improve the influence of
the phenomenon of homogeneity and heterogeneity
on the extraction of ground objects. For SPOT6
images, the extraction accuracy of rule-based object-
oriented method and SBEI index method is higher
than that of SVM method, neural network method,
and CART decision tree method. For Landsat8 im-
ages, SVM method and CART decision tree method
have higher extraction accuracy.

From 1996 to 2016, the area of construction land in
Tianjin Binhai New Area continued to increase, and
the expansion rate and expansion intensity in-
creased. The largest contributor to expansion is
Tanggu District. The center of gravity of construction
land is gradually shifting to the northeast, and the
center of gravity of construction land in Tanggu,
Hangu, and Dagang is gradually converging. The
patch density of construction land becomes smaller,
and the average patch area becomes larger. In terms
of spatial distribution, the degree of aggregation
becomes higher and the morphology becomes more
complex.

The main factors affecting the change of construction
land are population growth, economic development,
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the construction of transportation facilities, and the
drive of macro policies. Among them, the correlation
between the construction land area and the urban
employment population is higher than that of the
registered population, and the correlation with the
GDP of the secondary and tertiary industries is
higher than that of the GDP of the primary industry.
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