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Abstract: Accurately identifying and delineating urban boundaries are the premise for and foundation
of the control of disorderly urban sprawl, which is helpful for us to accurately grasp the scale and
form of cities, optimize the internal spatial structure and pattern of cities, and guide the expansion
of urban spaces in the future. At present, the concept and delineation of urban boundaries do not
follow a unified method or standard. However, many scholars have made use of multi-source remote
sensing images of various scales and social auxiliary data such as point of interest (POI) data to
achieve large-scale, high-resolution, and high-precision land cover mapping and impermeable water
surface mapping. The accuracy of small- and medium-scale urban boundary mapping has not been
improved to an obvious extent. This study uses multi-temporal Sentinel-2 high-resolution images
and POI data that can reflect detailed features of human activities to extract multi-dimensional
features and use random forests and mathematical morphology to map the urban boundaries of
the city of Zhengzhou. The research results show that: (1) the urban construction land extraction
model established with multi-dimensional features has a great improvement in accuracy; (2) when
the training sample accounts for 65% of the sample data set, the urban construction land extraction
model has the highest accuracy, reaching 96.25%, and the Kappa coefficient is 0.93; (3) the optimized
boundary of structural elements with a size of 13 × 13 is selected, which is in good agreement in terms
of scope and location with the boundary of FROM-GLC10 (Zhengzhou) and visual interpretations.
The results from the urban boundary delineation in this paper can be used as an important database
for detailed basic land use mapping within cities. Moreover, the method in this paper has some
reference value for other cities in terms of delineating urban boundaries.

Keywords: urban boundaries; multi-temporal data; random forest; mathematical morphology;
Zhengzhou City

1. Introduction

Following reform and opening up, China’s urbanization development level has been
improving, and its progress of urbanization is remarkable. According to the statistics of China
City Statistical Yearbook [1] and China Statistical Yearbook [2], from reform and opening up to 2018,
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China’s urbanization rate increased from 17.92% to 59.58%. The urbanization rate of Zhengzhou
increased from 13.6% to 50.16%. Urban development and expansion have promoted regional economic
development, population mobility, and changes in regional land-use patterns and modes. The city is an
important carrier of the new urbanization development, and the development quality of urban spaces
is directly related to the development of China’s new urbanization. In the accelerating process of
urbanization, urban sprawl and the construction of chaotic urban boundaries can occur [3]. Low-quality
urbanization development and unreasonable land-use planning are not only detrimental to the healthy
development of cities but also to China’s social and economic development. The phenomenon in the
development of low quality urbanization has urbanization inconsistent with its economic development,
low utilization rate of urban, urban sprawl and unreasonable land use, etc. Some scholars prove that the
community with reasonable planning and high-density development has higher utilization efficiency
of private investment and public infrastructure investment than that of low-density community [4,5].
To this end, China has managed urban sprawls by requiring the delineation of urban boundaries.
The National New Urbanization Plan (2014–2020), released in 2014, clearly states China’s urbanization
development goals; namely, to optimize the structure of national urban spatial structures and patterns,
to further optimize the pattern of urbanization, to steadily promote the level and quality of national
urbanization improvement, and to realize sustainable urban development. Therefore, the quick,
accurate mapping of urban boundaries can accurately grasp the spatial scale and form of urban
development and understand the urbanization process [6]. Only by accurately understanding the
current urban development situation can targeted and reasonable development planning schemes
be formulated, and overall planning be improved. Controlling the urbanization process is of great
significance to promoting intensive and compact urban development and to further improving land
use efficiency.

With the deepening of people’s understanding of urban space and the development of technology,
a major focus of urban future spatial planning and development is to establish a kind of spatial
strategic standard with maneuverability and different research scope in order to delineate actual
urban boundaries, which facilitates the quantitative calculation and analysis of other urban data
indicators. However, the concept and delineation of urban boundaries do not follow a unified standard.
Both domestic and overseas scholars have long been proposing the urban administrative boundary,
urban development boundary, urban growth boundary, and urban built-up area boundary, all of which
are similar to the urban boundary, in order to study urban scale and form [7,8]. These concepts of
"boundaries" are very similar; therefore, it is necessary to distinguish these concepts so as to avoid
confusion. An urban boundary is the boundary that separates urban and rural areas. It is a constantly
changing region during urban expansion [9]. The boundary of an administrative division is the legal
boundary of a city and has legal significance. It is inappropriate to discuss the actual boundary of a city
based only on a boundary of an administrative division. In the actual development process, the city
plays an important role in national or regional development. In fact, in the urban-rural boundary zone,
there is a kind of fuzzy, mixed and transitional unique space. This space has the typical characteristics
of urban mixed land use, and is the pilot area of urban development, reflecting the interaction between
urban and rural areas and the complex human-land relationship [10]. An urban boundary is the
boundary that separates urban and rural areas. It is a constantly changing region during urban
expansion [9]. As a functional area, a city is mainly embodied by human beings, and human activities
are of great significance to the delineation of urban boundaries.

When it comes to solving urban problems, the remote sensing image has the characteristics of
a high resolution, accurate ground information, and fast acquisition. It is a common method for
identifying urban boundaries [11]. Many researchers have tried to extract urban construction land at
the resolution of images. Medium and high spatial data from sources such as Landsat, the Moderate
Resolution Imaging Spectroradiometer (MODIS), Defense Meteorological Satellite Program-Operational
Linescan System (DMSP-OLS) nighttime light data, National Polar-orbiting Operational Environmental
Satellite System Preparatory Project-Visible Infrared Imaging Radiometer (NPP-VIIRS) nighttime
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light data, Sentinel-1/2, and so on, have achieved good results [12–20]. The above research methods
use remote sensing technology and have achieved good results in the study of extracting urban
boundaries, but ignore the important role of human microscopic behaviors in the formation of urban
boundaries. Other researchers have added POI data. An urban boundary can be effectively identified
through the density distribution of POI, which proves the possibility of POI data identification in
urban-scale urban boundaries [21,22]. Although POI data have been recognized by many scholars for
their significance in the study of urban development and have effectively improved the accuracy of
boundary recognition results, problems still arise when using POI data such as excessively smoothing
boundaries, abstracting boundaries, and lacking in details when the kernel density is estimated [23–25].

Obtaining data nowadays is no longer a difficult problem. The current research focuses on
how to make good use of the existing data in order to carry out data mining much more effectively
and deeply. Through the combination of data from multiple sources, many scholars have actively
explored the realization of the large-scale, high-resolution, and high-precision mapping of urban areas.
At present, the latest 30 m global land cover products that have been announced are FROM-GLC [26],
FROM-GlC-seg [27], improved FROM-GlC-agg [28], GlobalLand30 [29], the Global Urban Land
Data Product [30], and GAIA [31]. With the continuous improvement of the spatial resolution of
remote sensing images, the spatial resolution of FROM-GLC10 [32] has been raised to 10 m, and the
classification accuracy is also constantly improving. Although Gong et al. [32] explored global land
cover based on random forest (RF) models by using multi-source remote sensing data and social
media data, the FROM-GLC10 product has had very big promotion of mapping global land cover in
resolution. However, in some small areas, the accuracy of the FROM-GLC10 [32] product and other
products [26–32] fail to meet application requirements, and the coverage is slightly inconsistent with
the actual situation. Urbanization expansion monitoring and land space governance have a demand
for high-precision urban boundary mapping products. Also, there is no high-precision urban boundary
mapping product and comparison products that can be used exclusively for small-scale regional
applications. Therefore, we hope to find a method that not only accurately and quickly realizes urban
boundaries mapping on small- and medium-sized scales by utilizing remote sensing images and social
auxiliary data reflecting human activities, but also provides a reference for urban mapping at a certain
scale under the objective and quantitative analysis of urban functional spatial structures. This study
aims to improve the accuracy of small-scale urban boundary mapping products and provide a similar
product for comparison to enhance the richness of small-scale urban boundary mapping products
quantity, thereby providing a decision support tool for the reasonable land use classification mapping
within the city, and for the healthy development of the city in the future, which meets the actual need
of solving the problem of urbanization expansion monitoring and land space governance in China.

We take Zhengzhou as a case study and present a more accurate small-scale urban boundaries
product that has been developed by extracting multi-dimensional features from multi-temporal
Sentinel-2 images in a year and the indexes of the images, and combining with the POI data to describe
the urban spatial structure in detail. In the method, the RF algorithm and mathematical morphology
are adopted to realize the accurate urban boundary mapping of Zhengzhou with a resolution of 10 m.
We attempt random sampling and group training using the RF algorithm in order to obtain the most
accurate results. Then, its urban boundary morphology is further optimized using mathematical
morphology. By comparing the precision of the products, we improve the small-scale urban boundary
mapping process and produce a high-precision urban boundary product that can meet the needs of
small- and medium-scale applications.

2. Study Area and Data Sources

2.1. Study Area

Zhengzhou, located in the hinterland of the central plains, is an important, central city in
central China, and is the center for the politics, economy, culture, transportation, communication,
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and technology in Henan Province. Zhengzhou is located between east longitude 112◦42′−114◦13′ and
north latitude 34◦16′−34◦58′ (see Figure 1). It is 137.132 km wide from east to west and 80.792 km long
from north to south. The administrative area of Zhengzhou covers a total area of 7446 km2, and the
urban area is 1010 km2. Zhengzhou is divided into one main urban area, five county-level cities,
and one county. The main urban area includes six municipal districts: Jinshui District, Erqi District,
Huiji District, Zhongyuan District, Guancheng District, and Shangjie District. The five county-level
cities include Dengfeng, Gongyi, Xinmi, Xingyang, and Xinzheng, and there is one county in Zhongmu
County. From 2010 to 2017, Zhengzhou’s urbanization construction land increased from 315.7 km2 to
549.33 km2. Compared with 2010, the area of urban construction land in the main urban area increased
by 54.1 percent in 2017.
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Figure 1. Location of study area in Zhengzhou, Henan, China.

2.2. Data Sources and Pretreatment

2.2.1. Sentinel-2 data

Sentinel-2 high-resolution multi-spectral images are characterized by their high resolution,
real-time, fast updating speed, and abundance of feature information about ground objects. They are
widely used in the urban construction land extraction. The shape and texture information of urban
construction land contained within a high-resolution remote sensing image is very prominent, and it
provides a great advantage in urban construction land extraction.

All preprocessed Sentinel-2 data on Zhengzhou in 2018 were downloaded from the USGS
(https://earthexplorer.usgs.gov/) as the primary data source. Due to the influence of cloud cover,
there may not be images suitable for research and analysis in some months, so we choose images from
nearby months to replace them, and try our best to shorten the photo-taking time between two images
to be synthesized into one image. Eight Sentinel-2 images of Zhengzhou were selected to produce four
high-resolution multi-spectral remote sensing images in February, June, September, and November
2018. The selected image data are shown in Table 1. The remote sensing image of Zhengzhou is shown
in the Figure 2.

https://earthexplorer.usgs.gov/
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Table 1. Sentinel-2 data.

Name Phase Resolution

S2A_MSIL1C_20180222T030731_N0206_R075_T49SFU_20180222T082850.SAFE 22 February 2018 10 m
S2A_MSIL1C_20180222T030731_N0206_R075_T49SGU_20180222T082850.SAFE 22 February 2018 10 m
S2A_MSIL1C_20180513T030541_N0206_R075_T49SFU_20180513T055623.SAFE 13 May 2018 10 m
S2B_MSIL1C_20180607T030539_N0206_R075_T49SGU_20180607T064334.SAFE 7 June 2018 10 m
S2A_MSIL1C_20180930T030541_N0206_R075_T49SGU_20180930T060706.SAFE 30 September 2018 10 m
S2B_MSIL1C_20181005T030549_N0206_R075_T49SFU_20181005T055242.SAFE 5 October 2018 10 m
S2A_MSIL1C_20181109T030931_N0207_R075_T49SFU_20181109T060447.SAFE 9 November 2018 10 m
S2A_MSIL1C_20181119T031011_N0207_R075_T49SGU_20181119T061056.SAFE 9 November 2018 10 m
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Figure 2. The Sentinel-2 image with scene coverage of the study area.

2.2.2. POI Features

Point of Interest (POI) data are a type of data that contain basic information about cities with
specific geographic space identification characteristics such as name, category, attribute, latitude,
and longitude. POI big data contain accurate location information and rich attribute information,
which directly reflect the intensity range of human activities.

We used the POI data on Zhengzhou city in 2018 provided by Baidu Map, which contained 72,061
pieces of data. After the POI data are screened, eliminated, and merged, the POI data are classified
by attributes considering the research requirements of this paper. POI data are divided into five
representative categories, including administrative centers, residential communities, public services,
commercial centers, and transportation.

3. Method

The Sentinel-2 and POI data were used to extract multi-dimensional features, and the RF algorithm
and mathematical morphology method were combined to realize the mapping of the Zhengzhou city
boundaries. The specific process (Figure 3) is shown below, and consists of (1) extracting the texture
features, spectrum features, and human activity features of construction land in Zhengzhou from
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Sentinel-2 and POI data, and combining multiple features; (2) establishing the sample data set through a
visual interpretation of Google Earth high-resolution images; (3) setting different sampling proportions
of training samples and verification samples and setting different control groups; (4) establishing an
urban construction land extraction model based on the RF algorithm to realize the classification of
urban construction land. Based on the verification samples, a confusion matrix was established and the
Kappa coefficient was calculated to evaluate the accuracy of the model; (5) selecting the training results
from the training group model with the highest accuracy, and using the mathematical morphology to
optimize the boundary so as to realize the research on urban boundary mapping in Zhengzhou City.
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3.1. Feature Analysis and Extraction

High-resolution multi-spectral images can provide abundant spectral information because different
types of objects have different spectral reflectance. Based on the research content of this paper, the main
land use type in the research area is divided into an urban area, non-urban area, and water. Eight bands
are selected for each image, including band 2, band 3, band 4, band 5, band 6, band 7, band 8,
and band 8A. We extracted the spectral reflectance of the different types of sample data from Sentinel-2
multi-temporal images and then calculated the mean reflectance of each type (Figure 4). It can be seen
from Figure 3 that there is a significant difference in the reflectance of water. However, in different
seasons, the two land use types of urban area and non-urban area have different degrees of confusion
in the blue (B2), green (B3), red (B4), and red-edge (B5) bands. Therefore, texture features, the NDVI
mean, and the NDBI mean should be used to improve recognition accuracy.

POI data contain accurate location information and rich attribute information, which directly
reflect the intensity and scope of human activities. In some areas outside the urban fringe, there are also
a large number of population activities, where economic and social activities are closely related to the
city, but they are still rural in spatial form and structure, which are difficult to identify by remote sensing
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interpretation. Including POI data contributes to the precision of urban boundary delineation. In this
study, we estimate the kernel density of administrative centers, residential communities, public services,
and commercial centers, and process the Euclidean distance to analyze transportation. A total of five
POI feature input variables are obtained.

In summary, a total of 4 × 4 × 8 + 2 + 5 = 263 impact factors were preliminarily selected as the
model input variables to establish the model feature library (see Table 2).
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Figure 4. Spectral curves of the three types in the study area on (a) 22 February 2018, (b) 7 June 2018,
(c) 30 September 2017, and (d) 19 November 2018.

Table 2. Feature parameters extracted from the four Sentinel-2 images and POI features.

Feature Type Feature Phase Feature Name Feature Variable Count

Texture Features

February 2018,
June 2018,

September 2018,
November 2018

Mean Mean_b2,3,4,5,6,7,8,8a 4 × 8
Variance Variance_b2,3,4,5,6,7,8,8a 4 × 8
Contrast Contrast_b2,3,4,5,6,7,8,8a 4 × 8

Homogeneity Homogeneity_b2,3,4,5,6,7,8,8a 4 × 8
Dissimilarity Dissimilarity_b2,3,4,5,6,7,8,8a 4 × 8
Correlation Correlation_b2,3,4,5,6,7,8,8a 4 × 8

Entropy Entropy_b2,3,4,5,6,7,8,8a 4 × 8
Second Moment SecondMoment_b2,3,4,5,6,7,8,8a 4 × 8

Vegetation Index 2018 NDVI mean NDVI mean 1
Build-Up Index 2018 NDBI mean NDBI mean 1

Baidu-Based POI 2018

Administrative centers Kernel_xzzx 1
Residential communities Kernel_zzxq 1

Public services Kernel_ggfw 1
Commercial centers Kernel_sfyl 1

Transportation EucDistance_jtdl 1
Sum 263
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3.2. Model Building

3.2.1. Random Forest Model

Random Forest (RF) algorithm is a new integrated learning method and it was first proposed
by Leo Breiman and Adele Cutler in 2001 [33,34]. As a decision classifier integrated into multiple
decision trees, the RF algorithm introduces randomness and then obtains a better effect than general
decision trees. Compared with other decision trees, it is more robust and has better generalization
performance. Based on the randomness of the RF algorithm and the independence of the decision tree,
the RF algorithm is also very effective in the case of multi-dimensional features, the parallel efficiency is
also very high, and the over-fitting phenomenon does not occur easily. The specific learning process of
RF is as follows. First, n samples are randomly selected from the training sample N and are put back as
input samples of the decision tree. The unselected data are called out-of-bag (OOB) data. Since all the
samples obtained from each tree will not be drawn during each training, the over-fitting phenomenon
is avoided. Then, m (m =

√
M) features are randomly selected from M sample features as each input

sample feature, and then the optimal splitting of the m sample features is taken as the splitting rule of
this node. Finally, each decision tree grows to its maximum without pruning. The RF algorithm is
expressed as {h(X, θk), k = 1,2, . . . ,K}, where K represents the number of the decision tree in the RF
algorithm. The sample set N is expressed as {(xi, yi), xi∈X, yi∈Y, i = 1,2, . . . ,M}, where M is the sample
size, the element in X is the attribute feature vector, and Y is the sample category. In training the model,
we select 500 decision trees for the parameter N.

3.2.2. Samples for Training and Validation

In order to accurately obtain the information on urban construction land, an appropriate sample
database was established. According to the research requirements of this paper, Google Earth images
are used in order to sample the urban construction land and non-urban construction land in the
study area. Through visual interpretation, a total of 200 samples were collected within the study
area of Zhengzhou, including 100 samples of urban construction land and 100 samples of non-urban
construction land.

In order to select an appropriate number of training samples, we conducted a set of experiments
to set different numbers of training samples and verification samples, and set up 19 different groups,
respectively. The number of training samples in each group was increased randomly by 10, including five
urban construction land samples and five non-urban construction land samples, and gradually increased
to 190. The number of verification samples is randomly reduced by 10, including five construction area
samples and five non-construction area samples, and successively reduced to 10 (see Table 3).

3.3. Urban Boundary Delineation Based on Mathematical Morphology

Mathematical Morphology

The basic operations of mathematical morphology include dilation, erosion, opening, and closing [35].
It is a commonly used boundary structuring method. Its main purpose is to eliminate the noise, void,
and other factors that affect the image structure by selecting appropriate structural elements to carry out
dilation, erosion, and other operations on the target image [36].

(1) Erosion. After erosion, the image shrinks in comparison with the original image. Erosion is
defined as:

X	 B =
{
x
∣∣∣(B + x) ⊆ X

}
, (1)

where X is the original image and B is the structural element. This formula represents the set of X that
is still in X after eroding B.
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(2) Dilation. Dilation can be thought of as an erosion duality. After dilating, the is expanded
compared with the original image. Dilation is defined as:

X⊕ B =
{
x
∣∣∣∣[(B̂)

x

]
∩X ⊆ X

}
, (2)

In the equation, X is the original image and B is a structural element. Set B translated by x is
represented by (B)x, (B)x={y|y = b + x, b∈B}. B̂ is B’s reflection of the origin, B̂= {y|y = −b, b∈B},
which namely image of each point in B take the result. The dilation formula expressed that X dilates
with the structural element B. B will do reflection about the origin first to get B̂. Then, set B̂ translates x
to obtain (B̂)x. Also, (B̂)x and the intersection of X is not null.

(3) Opening and Closing. Opening and closing are quadratic operations of erosion and dilation,
and they are also a pair of dual operations. In opening, the original image X is first eroded and then
dilated, which is represented by the symbol:

X◦B = (X	 B) ⊕ B, (3)

‘Closing’ is first dilated and then erodes the original image X, which is represented by the symbol:

X•B = (X⊕ B) 	 B, (4)

Table 3. Sample data set with different numbers of samples.

Group
Training Sample Validation sample

Sum1/(Sum1 + Sum2) ∗ 100%
Urban Non-urban Sum1 Urban Non-urban Sum1

1 5 5 10 95 95 190 5%
2 10 10 20 90 90 180 10%
3 15 15 30 85 85 170 15%
4 20 20 40 80 80 160 20%
5 25 25 50 75 75 150 25%
6 30 30 60 70 70 140 30%
7 35 35 70 65 65 130 35%
8 40 40 80 60 60 120 40%
9 45 45 90 55 55 110 45%

10 50 50 100 50 50 100 50%
11 55 55 110 45 45 90 55%
12 60 60 120 40 40 80 60%
13 65 65 130 35 35 70 65%
14 70 70 140 30 30 60 70%
15 75 75 150 25 25 50 75%
16 80 80 160 20 20 40 80%
17 85 85 170 15 15 30 85%
18 90 90 180 10 10 20 90%
19 95 95 190 5 5 10 95%

3.4. Tests to Determine the Validity of the Results

In order to verify our results, we compared the extraction results of this paper with both the visual
interpretation results in 2018 and the FROM-GLC10(Zhengzhou) product published by Gong et al. [32].
This needs to be verified not only from the delimited urban boundary range but also from the location
of the delimited urban boundary. The matching value (P) is the percentage of the area in our results
(S1) divided by the area of other urban boundary products (S2). To calculate the accuracy of boundary
location (R), it can be obtained by calculating the ratio of overlapping grids. First, we calculate the
intersection of the total number of grid sets in our results (A1) and the total number of grid sets of
other products (A2), and then the union of set A1 and set A2 is calculated. The intersection of set A1
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and set A2 is divided by the union of set A1 and set A2, and multiplied by 100 percent to obtain the
ratio of overlapping grids. The specific formula is as follows:

P =
S1

S2
× 100%, (5)

B =
A1 ∩A2

A1 ∪A2
× 100%, (6)

4. Results

4.1. Classification Results Based on Different Samples for Training

The training results from each group are shown in Figure 5. The results of the urban construction
land extracted are in line with the actual situation, and the main urban areas and the patches of urban
construction land in county-level cities are relatively clear. Due to the different numbers of training
samples in each group, the training results from the model were slightly different, with no significant
difference inside the plaque and a significant difference at the main plaque boundary. There is also
some noise inside the patch. Some areas within the urban boundary that belong to the urban area
are classified as non-urban areas by the model, which may be related to the selection of training
samples. The edges of the urban patches in the main urban areas and county-level cities are very messy
and fragmented.Remote Sens. 2019, 11, x FOR PEER REVIEW 11 of 20 
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4.2. Comparison Results of Classification Accuracy of Different Training Samples

By establishing a confusion matrix and calculating the Kappa coefficient to evaluate the accuracy
of the urban construction land extraction results of each group, different results are obtained (Figure 5).
Figure 6 shows the comparison of the overall accuracy (OA) and the Kappa coefficients of the training
samples and verification samples with different sampling ratios. We found the following: (1) the OA
increases with the increase in the number of samples; (2) when the number of training samples is
increased to 130, which includes 65 training samples and 65 verification samples, and the training
samples account for 65% of the sample data set, the model has the highest accuracy, reaching 96.25%,
and the Kappa coefficient is 0.93; (3) when the number of training samples exceeds 130 and continues
to increase, the OA begins to decline significantly.Remote Sens. 2019, 11, x FOR PEER REVIEW 12 of 20 
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Figure 6. Overall accuracy and kappa coefficient of the random forest (RF) model based on samples
with different purities.

4.3. Importance of Multi-Dimensional Features for Urban Areas

In order to further explore the influence of each characteristic variable on classification accuracy,
the importance of 263 characteristic variables is calculated, all of which differ greatly. In view of the
large number of features, features with an importance greater than 0.5 were selected for analysis
(see Figure 7).
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Figure 7. Feature importance ranking for the optimal feature combination.



Remote Sens. 2020, 12, 4103 12 of 19

In general, there are 31 features that contribute more than 0.5, including 28 texture features,
one build-up index feature, and two POI features. The significance of Mean_06b8a, NDBI mean,
Mean_09b8, and Mean_06b7 are the greatest, indicating that the mean value of band 8a in June,
the NDBI mean, the mean value of band 8 in September, and the mean value of band 7 in June make
the greatest contribution to the extraction of urban construction land. The visible light band, red edge
band, and near-infrared band have a significant effect on land cover classification. The mean of the
GLMC reflects the mean value of the gray scale of the image elements, which is the brightness feature
of the images, and makes a significant contribution. It can be seen that there is a significant difference
in the brightness of the remote sensing images of urban construction land and non-urban construction
land, which is conducive to distinguishing between them. Dissimilarity_09b2, Correlation_09b2,
Entropy_09b2, and SecondMoment_09b2 contribute significantly and equally to the extraction of urban
construction land.

All texture features of the four time-phase images contribute to the identification of urban
construction land. Multi-temporal images play an important role in the classification of urban
construction land, which reflects the importance of texture features in increasing the classification
accuracy, and are suitable for the urban land use classification of high-resolution image. Among the
28 texture features whose contribution is greater than 0.5, there are nine mean values, five entropies,
five variances, four correlations, three second moments, one dissimilarity, and one homogeneity
(see Figure 7). The texture features of September contributed the most in the first 31 features,
followed by February, June, and November (see Figure 8). Also, the mean value contributed the
most among 28 texture features in the first 31 features, followed by variance, entropy, correlation,
second moment, dissimilarity, and homogeneity (see Figure 9).
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Compared with the texture features of Sentinel-2 image data, POI features have little influence
on the extraction of urban construction land. Among the POI features, different types of POIs have
significant differences in the importance of features. The two types of POI; namely, residential
communities and public services, contribute the most to the classification of urban construction land,
while the other three types (administrative centers, commercial centers, and transportation) contribute
less than 0.5, and are thus, less important, relatively speaking.

4.4. Comparison Results of Different Structural Element Sizes of Urban Boundary Delineation

Although the accuracy of the model extraction is relatively high, it can be seen from Figure 4
that the extracted raster image of the urban construction land tends to one or more closed areas.
However, lakes, grasslands, and other unrecognized “holes” within the urban boundary need to
be filled, and the edges of patches of major urban construction land are disordered and highly
fragmented. In order to obtain a complete urban boundary, we present a mathematical morphology
algorithm to optimize the boundary according to the regional connectivity characteristics of urban
construction land [37].

In this paper, we attempt to combine open and close. First, ‘close’ is used to fill the internal cavity
of the image. Then, ‘open’ is used to eliminate some noise around the image and smooth the patch
boundary of the major urban construction land. Finally, the urban boundary is delineated to realize
the mapping of the urban boundary. We set 10 different structural element size tests for selection for
the experimental comparison of urban boundary delineations. The structural element sizes 3 × 3, 5 × 5,
7 × 7, 9 × 9, 11 × 11, 13 × 13, 15 × 15, 17 × 17, 19 × 19, and 21 × 21 were respectively used to process
close and open on each grid on the detection image. The experimental results are shown in Figure 10:
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Figure 10. Different structural element size tests.

Through experiments, we choose the 13× 13 size of the structural elements, which can better realize
the boundary delineation of Zhengzhou city. It can not only fill in some empty internal boundaries that
belong to the urban construction land in the city but can also eliminate a lot of noise outside of the main
urban construction land patches, make better connectivity between county and city areas, and make
the edges of urban construction land patches smooth and strongly continuous. It could make urban
boundaries clear and better reflect the multi-core urban regional outline of Zhengzhou. According to
the method in this paper, we finally obtain the urban boundary of Zhengzhou (see Figure 11).
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From Figure 11, it can be seen that there is a difference between our results and other products.
A visual interpretation is the result of complex analysis by the human brain. Our result is based on
machine learning and does not learn urban structure as deeply as the human brain. On the whole,
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the boundary we have delineated is larger than the results of the visual interpretation product and is
slightly different from FROM-GLC10 products.

By calculating the area matching value, the number of overlapping grids, the proportion of
overlapping grids, the delimited boundary range, and location of Zhengzhou were all evaluated
(Table 4).

Table 4. Comparison of some products in scope over Zhengzhou.

Place
This Study

(km2)

FROM-GLC10 (Zhengzhou) Visual Interpretation

Area (km2) P1 (%) Area (km2) P2 (%)

Main urban area of
Zhengzhou (include Zhongmu

and Xingyang)
1154 969 119.09% 1015 113.69%

Gongyi 65 73 89.04% 30 216.67%
Dengfeng 44 25 176% 19 231.58%

Xinmi 57 56 101.79% 25 228%
Xinzheng 65 55 118.18% 45 144.4%

Sum 1385 1178 117.57% 1134 122.13%

The closer the P is to 100%, the better the delineation. From Table 4, on the whole, P1 and P2 are
117.57% and 122.13%, respectively. The city boundaries drawn in this paper are consistent in scope.
By calculating the number and proportion of overlapping grids, the position accuracy of the delineation
results is analyzed. Compared with the boundary results from the FROM-GLC10(Zhengzhou) product
and visual interpretation result, the number of overlapping grids is 1,178,665 and 1,142,217, respectively,
and the proportions of positions that overlap are 89.98% and 90.66%, respectively, indicating that the
city boundary defined in this paper has good consistency in terms of position (see Table 5).

Table 5. Comparison of some products in position over Zhengzhou.

Comparison of FROM-GLC10
(Zhengzhou) Product

Comparison of Visual
Interpretation Result

Number of overlapping grids 1,178,665 1,142,217
The ratio of overlapping grids (%) 89.98% 90.66%

In conclusion, we discuss and analyze the influence of different sample size on boundary
delimitation results and precision, the importance of each features for urban areas and the reasons,
also the result and influence of different element sizes on the optimizing boundary, so as to extract
small-scale urban boundary with the highest accuracy and most suitable for Zhengzhou.

5. Discussion

In this study, we apply multi-dimensional features formed by multi-temporal Sentinel-2 data and
POI data. We achieve highly precise small-scale urban boundary mapping through the RF algorithm
and mathematical morphology. Many scholars have made use of multi-source remote sensing
images of various scales and social auxiliary data such as POI to achieve large-scale, high-resolution,
high-precision land cover mapping and impermeable water surface mapping [12–22]. The accuracy
of small- and medium-scale urban boundary mapping has not been improved to any obvious extent.
As a matter of fact, there is no high-precision urban boundary mapping product that can be used
exclusively for small-scale regional applications. Compared with the previous products, we proposed
a process of urban boundary mapping for small and medium scales. Furthermore, the resolution and
accuracy of the products that we have produced have been improved greatly [26–32].

In addition, the data sources used in this method are easy to obtain. If the boundary products of
the current year are to be produced, only the data from February, June, September, November, or the
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nearest month in the current year of Sentinel-2 need to be collected. Although there is a time distinction
in the data collection, it is not an absolute requirement. It is selected flexibly according to the quality of
the data collection. Meanwhile, POI data from the current year are also easy to obtain. Using these
data, the urban spatial structure could be described in detail.

After different training sampling experiments, the highest result accuracy reaches 96.25% and the
Kappa coefficient is 0.93, with training samples accounting for 65%. Taking the regional connectivity
of the urban boundary into consideration, we adopt the mathematical morphology method to deal
with some small holes and sporadic edges in the calculation results. After different structural element
size tests, the best result was finally obtained, which was processed using the 13 × 13 size of structural
elements. Compared with the current highest-resolution FROM-GLC10(Zhengzhou) data product and
visual interpretations, our product has a higher accuracy.

There are also some shortcomings in this method. For instance, we selected 263 dimensional
features. Although this may improve the accuracy of the RF algorithm, it is indeed a dimensional
disaster that takes a great deal of time to calculate and affects the application and extension of
this method to large-scale high-precision mapping. We discussed the influence of each feature
on the above classification accuracy and preliminarily obtained the importance of each feature.
Therefore, high-precision urban boundary mapping with simplified multi-dimensional features is a
future goal for our research.

In addition, the process of adopting a mathematical morphology to optimize the urban boundary
is in fact a kind of artificial contrast. In this process, we need to rely on the expert’s subjective experience
in order to select the better structural element, and it still lacks an objective standard and an automatic
judgment method. Thus, we will continue to complete the production of high-precision samples,
which is absolutely necessary, and further improve automatic boundary extraction based on samples.
It is of great significance for us to extend to large-scale urban boundary mapping in the future.

6. Conclusions

In this paper, we attempt to take Zhengzhou as an example to provide an urban boundary product,
which enriches the similar products for comparison and also provides a method and a reference for
the small- and medium-scale city. In addition, our product provides a scientific reference and basis
for urban management and development to solve the problems we had in urban expansion and land
space governance in China, so as to meet the needs of determining the direction of urban development
and formulating urban growth strategies. We further showed that it could be used to as a decision
support tool for the reasonable land use classification mapping within the city, and for the healthy
development of the city in the future.

Based on previous research, we improve the method of extracting urban construction land.
Multi-spectral Sentinel-2 images were used to extract the multi-temporal texture features of B2, B3,
B4, B5, B6, B7, B8, and B8a. Meanwhile, the vegetation index (NDVI mean) and build-up index
(NDBI mean) were calculated, and the POI features that could reflect the details of human activities
were combined. On this basis, the RF algorithm is used to construct the urban construction land
extraction model for training. This study found that the combination of remote sensing data and POI
data to obtain multi-dimensional feature information for the RF urban construction land extraction
model is conducive to improving the classification effect, with the overall classification accuracy
reaching 96.25%. It proves that the traditional machine learning method has great potential to improve
overall classification accuracy.

The experimental control group with different numbers of training samples and verification
samples were set for training, respectively. The results show that the model accuracy is related to
the number of training samples. As the number of samples increases, the OA of the model improves.
When the number of training samples is 130, accounting for 65% of the total number of samples,
the model training has the best effect and the highest OA. As the number of training samples increases,



Remote Sens. 2020, 12, 4103 17 of 19

the accuracy of the model decreases. This may be caused by the excessive number of training samples
and the over-simulation of the model.

The importance of different features to classification is quite different. In our result, both the texture
features of multi-temporal Sentinel-2 image data and POI features contribute to the identification
of urban construction land. Among the 31 features whose contribution was greater than 0.5,
the contributions of the texture features in February and September were the largest. In the texture
features, the mean value of the GLCM contribution is obvious. Compared with Sentinel-2 image
data, POI features have little influence on the extraction of urban construction land. Among the
POI features, different types of POI have significant differences on importance. The two types of
POI; namely, residential communities and public services, contribute the most to the classification of
urban construction land, while the other three types (the administrative center, commercial centers,
and transportation) contribute less than 0.5, and so are relatively less important.

The method of mathematical morphology was used to optimize the urban construction land
extracted from the RF model, and it finally realized the mapping of the urban boundaries of Zhengzhou
city. By setting different structural element sizes, the most suitable size processing boundary is
selected. After several close and open operations, a clear and definite urban boundary of Zhengzhou is
finally obtained. By calculating the matching value, the number of overlapping grids, and the ratio
of overlapping grids to be compared with the FROM-GLC10(Zhengzhou) product and the visual
interpretation results in terms of range and location, the consistency of the urban boundary delineation
in this paper is verified. We obtained a matching value of 117.57% with FROM-GLC10(Zhengzhou) and
122.13% with visual interpretation, respectively. The accuracy of the locations in our results are 89.98%
with FROM-GLC10(Zhengzhou) and 90.66% with visual interpretation, respectively. This proves the
advantages of this research in terms of the method, precision, and reliability.

Although multi-temporal Sentinel-2 images and POI data are used for feature extraction in this
paper, and the RF algorithm is adopted to obtain a high degree of precision in the extraction results of
urban construction land in Zhengzhou, the feature selection can still be further discussed. In addition
to retaining features with a high contribution, a further study can be conducted on features of other
data such as population data and building height data in order to explore the room for improvement
in terms of accuracy. At the same time, for future large-scale urban boundary mapping, in addition to
a study on feature selection, the methods adopted need to be further improved.
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