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Abstract

Mastering the evolution of urban land cover is important for urban management and plan-
ning. In this paper, a method for analyzing land cover evolution within urban built-up areas
based on nighttime light data and Landsat data is proposed. The method solves the problem
of inaccurate descriptions of urban built-up area boundaries from the use of single-source
diurnal or nocturnal remote sensing data and was able to achieve an effective analysis of
land cover evolution within built-up areas. Four main procedures are involved: (1) The neigh-
borhood extremum method and maximum likelihood method are used to extract nighttime
light data and the urban built-up area boundaries from the Landsat data, respectively; (2)
multisource urban boundaries are obtained using boundary pixel fusion of the nighttime light
data and Landsat urban built-up area boundaries; (3) the maximum likelihood method is
used to classify Landsat data within multisource urban boundaries into land cover classes,
such as impervious surface, vegetation and water, and to calculate landscape indexes,
such as overall landscape trends, degree of fragmentation and degree of aggregation; (4)
the changes in the multisource urban boundaries and landscape indexes were obtained
using the abovementioned methods, which were supported by multitemporal nighttime light
data and Landsat data, to model the urban land cover evolution. Using the cities of Shen-
yang, Changchun and Harbin in northeastern China as experimental areas, the multitem-
poral landscape index showed that the integration and aggregation of land cover in the
urban areas had an increasing trend, the natural environment of Shenyang and Harbin was
improving, while Changchun laid more emphasis on the construction of artificial facilities. At
the same time, the method proposed in this paper to extract built-up areas from multi-source
city data showed that the user accuracy, production accuracy, overall accuracy and Kappa
coefficient are at least 3%, 1%, 1% and 0.04 higher than the single-source data method.
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Introduction

Urbanization is a complex phenomenon that has a profound relationship with land cover evo-
lution (LCE) and social dynamics [1, 2]. As the urbanization process has progressed, it has
changed from continuous expansion to compression within compact areas. Compact urbani-
zation mainly reflects land cover evolution within urban built-up areas (UBAs), which is mani-
fested by changes in surface landscape patterns, such as impervious ground, vegetation and
water [3-5]. LCE can directly reflect the trend of urban master planning in a specific period,
which has important practical significance for urban planning and management.

LCE is a description of the changing characteristics and patterns of land surface morphol-
ogy, not only to analyze the shifts between land cover classes, but also to identify the evolution-
ary patterns implicit [6]. Land cover change detection and evolution pattern analysis are the
main research components of LCE [7]. Along with the development of satellite technology and
remote sensing image processing technology, remote sensing has played an important role in
the analysis of LCE [8]. The main methods for detecting land cover change are the post-classi-
fication comparison method and the direct comparison method [9]. Subject to current auto-
matic image change detection techniques, post-classification comparison is still the dominant
technical approach, and supervised classification methods are mostly used [10]. Land cover
evolution models are used to describe, interpret, predict, optimize, and support decision mak-
ing on land cover change. The land cover evolution model analysis model mainly includes
quantitative analysis model, ecological quality analysis model, land use degree model, spatial
transfer change analysis model and change prediction model [11, 12]. Most of the above mod-
els use a single or composite index to express land change indicators and pay less attention to
the evolution of the spatial distribution pattern.

The urban landscape pattern has a strong correlation with the spatial distribution pattern of
impervious ground, vegetation and water, which can be applied to the study of the urban heat
island effect, green space optimization, the mechanism of water logging disaster formation,
and other issues [13, 14]. For the study of compact urbanization, researchers have analyzed the
trends of urban construction by analyzing changes in landscape patterns within built-up areas
to quantitatively reflect LCE [15, 16]. The landscape index provides morphological informa-
tion about highly condensed landscapes that reflects the structural composition and spatial
configuration of the landscape elements. Fragstats software is one of the landscape index analy-
sis platforms that is widely used by researchers [17, 18].

Through sprawling urbanization, the rate of urbanization in the post-World War II devel-
oping world has been remarkable. However, the sprawling urbanization has resulted in the
decay of the original urban areas, and the central urban area at night has become an empty city
[19]. This has resulted in a huge waste of land and energy resources, and has caused ecological
damage around the city. As a result, there is a trend towards developing compact urbanization
and an urgent need to assess the land cover evolution within built-up [20] areas. Using remote
sensing image data to determine urban built-up area boundaries (UBAB) is an important pro-
cess for analysis of LCE and compact urbanization. Depending on the number of data sources
used, the methods for extracting UBA can be divided into single-source data and multisource
data methods. The single-source data method generally uses nighttime light data or Landsat
data separately. In recent years, due to the strong stability of nighttime light data and the high
integrity of UBA extraction results, many studies have been conducted, such as those on the
neighborhood extreme value method, statistical data reference method and gradient spatial
constraint method [21-23]. However, nighttime light data can only capture the spatial extent
of urban areas with obvious light at night, which does not include factories, development
zones and other areas at the edges of cities that are not lit at night [24, 25]. Landsat data are
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also widely used to extract UBA, but the complexity of spectral features has resulted in the mis-
classification of some land cover types [26]. In addition, the completeness of the extraction
results is insufficient, and the gap areas formed by the vegetation and water need to be filled
manually [27]. The combination of nighttime light data and Landsat data can improve the
accuracy of UBA extraction, and researchers have proposed methods, such as the fusion vari-
able method, weighted pixel averaging method, and feature fusion method [28-30].

China is the second-largest economy in the world and is urbanizing at a remarkable speed.
Northeastern China, which is an old industrial base, plays an important role in China’s eco-
nomic structure. Since the implementation of the policy of revitalizing the old industrial base
in northeastern China in 2003, the urbanization rate in this area has been the highest in the
country. Due to the rapid expansion of urban areas, the quality of urbanization in northeastern
China is poor [31, 32]. To develop a compact urbanization, it is of great practical significance
to ascertain the landscape pattern changes in the capital cities of northeastern China and to
gain insight into the LCE [33].

In this paper, we propose a method for analyzing the land cover evolution within built-up
areas that can obtain the tendency of urban land construction and allow a deeper understand-
ing of compact urbanization. First, the neighborhood extreme method and maximum likeli-
hood method are used to extract the UBAB. Second, the single-source UBAB data described
above is integrated with the weighted boundary pixel fusion algorithm to build the multisource
UBAB. Then, Landsat data within the UBAB are classified into classes, such as impervious
ground, vegetation and water, by the maximum likelihood method, and the corresponding
landscape pattern indexes are calculated. Finally, the multitemporal landscape pattern indexes
are used to obtain the landscape pattern changes and to analyze the land cover evolution
trends. To verify the effectiveness of the method, Shenyang, Changchun and Harbin, capital
cities in northeastern China, were used as experimental areas and compared with other meth-
ods. At the end of this paper, the main advantages and disadvantages of this method are
described. The technical flowchart of this paper is shown in Fig 1.

Materials and methods
Study areas

This study selected three capital cities in northeastern China as the research areas: Shenyang
city, Liaoning Province; Changchun city, Jilin Province; and Harbin city, Heilongjiang Prov-
ince. As China’s first heavy industrial and agricultural bases, the capital cities of these three
northeastern provinces had earlier economic development and once had the highest level of
urbanization in China. In addition, these cities are the political, economic, cultural, educa-
tional and transportation centers of the region. Shenyang is the largest city in northeastern
China, with a total area of 13,000 square kilometers and a resident population of 8,316,000 in
2019 [34]; Changchun is located in the geographical center of northeastern China, with a total
area of 20,500 square kilometers and a resident population of 7,667,000 in 2019 [35]; and Har-
bin is the northernmost provincial capital city in China, with a total area of 53,100 square kilo-
meters and a resident population of 9,515,000 in 2019 [36].

Data

Nighttime light data. The nighttime light data used in this paper were the DMSP/OLS
(Defense Meteorological Satellite Program/Operational Linescan System) published by
NOAA. These data have the advantages of long time series and high stability and are widely
used to extract urban built-up areas [37-39]. The DMSP/OLS data range from 1992 to 2013
and have a spatial resolution of 1000 m. In this study, the DMSP/OLS stable nighttime light
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Fig 1. Analysis of land cover evolution within built-up areas based on nighttime light data and Landsat data.

https://doi.org/10.1371/journal.pone.0239371.9001

data from 2000 to 2012 were selected, and the effects of oversaturation and discontinuity were

reduced by relative radiometric correction.
Landsat data. Landsat imagery courtesy of NASA Goddard Space Flight Center and U.S.
Geological Survey, downloaded from USGS (https://earthexplorer.usgs.gov/). Landsat data
are image data published by NASA and are widely used to analyze urbanization due to their
high spatial resolution. In this paper, Landsat TM data from 2000 to 2012 were selected for the
extraction of built-up areas; data with interference from the sensors or the atmosphere were
excluded. In addition, the reference built-up areas that were consistent with the experimental

time period were identified by artificial interpretation [40].

Methodology

Data preprocessing

Nighttime light data. The DMSP/OLS data were set to a Lambert isometric cone projec-
tion with a resampling accuracy of 1 km. To address the grayscale saturation of DMSP/OLS,
we selected the 2017 F16 data as the baseline data and applied the following one-dimensional
quadratic regression model to the other data for saturation correction [39]:

p* DN? + g DN + m, DN.,DN. < 63
DN, = ; (1)
63, DN, > 63
where DN and DN, represent the grayscale values of the image before and after correction,
respectively; p and g are regression coefficients, and m is a constant.
PLOS ONE | https://doi.org/10.1371/journal.pone.0239371 October 1, 2020 4/20
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To address the problem of fluctuating gray values in multitemporal nighttime light data,
formula (2) was used to perform a relative radiation correction for the image.

{ DN, 14, DN, 15 > DN,
DN, = , (2)
DN,,,, otherwise
where DN(,,_; ; and DNy, ; represent the gray values of pixel i in years n—1 and n, respectively.
Landsat data. Landsat imagery courtesy of NASA Goddard Space Flight Center and U.S.
Geological Survey, downloaded from USGS (http://landsat.visibleearth.nasa.gov/). To elim-
inate the effects of atmospheric water vapor, oxygen and methane on the radiation from the
features [41], the FLAASH model was used for atmospheric correction of the images. Subse-
quently, the multitemporal remote sensing images were calibrated using a polynomial
algorithm.

Urban built-up area extraction based on single source data

Urban built-up area extraction based on the neighborhood extremum method using
DMSP/OLS data. The neighborhood extremum method uses the change in grayscale of the
nighttime light data from the built-up to the non-built-up areas as the basis, using the locations
of gray mutation point as boundary points. The closed curve formed by combining all bound-
ary points is the UBAB. First, the linear filtering method is used to construct the neighborhood
difference image. The gray values of the DMSP/OLS data gradually decrease from built-up to
non-built-up areas and show a gradient of changes. To enhance the grayscale gradient varia-
tion, an 8-neighborhood extremum template was constructed. The template calculates the
absolute difference in the gray values between the central image and the rest of the images; the
maximum difference is used as the grayscale value of the central image. The template calculates
the absolute difference in the gray values between the central pixel and the rest of the pixels,
taking the maximum difference as the gray value of the central pixel. The entire image is fil-
tered using the 8-neighborhood extreme template, and a neighborhood difference image
reflecting the grayscale variation feature was obtained, as shown in Fig 2. The black and
white areas in the figure correspond to areas with small and large changes in gray values,
respectively.

Then, the UBABs were extracted using an extreme value search method. The neighborhood
difference pixels at the junction of the built-up and non-built-up areas have the greatest
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Fig 2. Neighborhood difference image. (a)Shenyang;(b) Changchun;(c) Harbin.
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variation in gray values, which can be expressed as follows:

DN,

(i1 (3)

| < DN,

i) < DN

ij+1)?

where DN(; ;) is the target pixel and represents the gray value of the pixel in row i, column j.
We extracted the pixels that satisfy the above formula, set the remaining pixels to 0, and con-
structed the boundary extreme image, as shown in Fig 3(A), 3(B) and 3(C). The gray values of
the cross section of boundary extreme images are extracted, and they are shown in Fig 3(A), 3
(E) and 3(F). The collection of pixels with gray values greater than or equal to the lowest peak
point was used as the boundary, resulting in the boundary image. Finally, object-oriented clas-
sification was used to extract the built-up areas of the boundary image, and the UBAB extrac-
tion from the DMSP/OLS data was achieved.

Urban built-up area extraction based on the maximum likelihood method using landsat
data. Remote sensing image classification methods are divided into supervised classification
and unsupervised classification. Unsupervised classification only depends on the distribution
of pixel gray value in spectral feature space, which makes it difficult to achieve accurate match-
ing between pixel clusters and ground classes. Because of its simple calculation and strong sta-
bility, maximum likelihood method is still widely used in supervised classification algorithm
[42]. The maximum likelihood method is an image classification method that combines the
distances of samples to the centers of known classes and spectral distribution features. This
method is widely used to extract urban built-up area from Landsat data [43]. The image classes
were impervious surface, vegetation and water, and 100 training samples were selected for
each category through artificial interpretation. The mean vector and covariance matrix of the
training samples were calculated to obtain the corresponding probability discriminant
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function and Bayesian discriminant rule. Finally, the image data were classified, and the classi-
fication results were postprocessed with clumping, sieving, removal of outliers, etc. The pixels
belonging to the impervious surface class were used as built-up areas, while the water and veg-
etation (urban green spaces) located within the construction land were also used as built-up
areas and the rest as non-built-up areas, thus enabling the UBAB extraction.

Urban built-up areas extraction based on the multisource boundary pixels
fusion method

Advantages and disadvantages of urban built-up area extraction using single-source
data. The results of the urban built-up area boundary extraction with DMSP/OLS data and
Landsat data are shown in Fig 4, and the advantages and disadvantages of the above results
were assessed as follows:

1. The extraction of the urban built-up area boundaries using DMSP/OLS data had the advan-
tage of stability and high integrity. The light sensitivity of the DMSP/OLS data may be
missed in areas with weak lighting, as shown in Fig 4(B). In addition, the light spillover
nature of DMSP/OLS data has led to a wide range of UBABs.

2. The high spatial resolution of the Landsat data makes it possible to better reflect details.
Landsat data have difficulty obtaining high-quality time series due to clouds and sensor
errors. The spectral complexity of the data also affects the completeness and correctness of
the results, as shown in Fig 4(A).

Based on the above analysis, to solve the problem of omission detection in built-up areas
extracted from single source data, this paper proposes a multisource boundary pixel fusion
method. The method combines the advantages of multisource data to optimize UBAB.
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Fig 4. Advantages and disadvantages of the urban built-up area boundary extraction based on single source data. (a)

Built-up area extraction results of Shenyang in 2000 based on single source data; (b) Schematic of omissions in the

extraction results with Landsat data; (c) Schematic of omissions in the extraction results with the DMSP/OLS data. (USGS/
NASA Landsat).

https://doi.org/10.1371/journal.pone.0239371.9004
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Multisource boundary pixel fusion method. Landsat data and DMSP/OLS built-up area
boundaries were used as reference boundaries and target boundaries, as shown in Fig 5.

First, the tangent L is constructed for each pixel O(xo,y,) in the reference boundary. Next,
the normal distribution of point O is constructed; the intersection with the target boundary is
points A and B, and the nearest intersection A(x;,y;) is chosen. Finally, the fusion of points O
and A is calculated using Eq (4) to obtain the fusion point C(x,y). Multisource data fusion
boundaries are formed by the fusion points as follows:

{x:axo—&—bxl
y=ay,+by,

where a and b are the fusion weights, a+b = 1 and in general a = b = 0.5.

Analysis of land cover evolution within built-up areas based on landscape
index

The urban built-up area boundaries were obtained using the multisource boundary pixel
fusion method, and land cover classes, such as impervious surface, water and vegetation, were
obtained by classifying the Landsat data within the boundaries by the maximum likelihood
method. We calculated the landscape index to reflect land cover evolution. The principle of
selecting landscape indexes is that they can represent the characteristics of ecological state and
landscape pattern, and have low redundancy [44]. Landscape index can be divided into three
categories: overall trend index, fragmentation index and aggregation index [45]. In combina-
tion with the research focus of compact urbanization in this paper, Class area (CA), Percent of
landscape (PL), Patch density (PD), Aggregation index (AI) were selected from above catego-
ries respectively.

Legend

Normal Line
Tangent Line
O Target Boundary
Reference Boundary
C Fusion Boundary

Fig 5. Schematic of the multisource data boundary fusion method.

https://doi.org/10.1371/journal.pone.0239371.g005
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(1) Overall trend index
@ Class area (CA): CA is the size of the land cover and reflects the overall level of develop-
ment of the land cover within UBA; it can be expressed as follows:

CA =a, (5)

where a; is the area of class i.
® Percent of landscape (PL): PL is a measure of the landscape composition that can be
used to assess the tendency of land cover change within an UBA. The formula is as follows:

n
§ :aij
j=1

PLAND = 7 (6)
A

where a;; is the area of patch j that belongs to class i. A denotes the total landscape area and
0<PLAND<1.

(2) Fragmentation index

Patch density (PD): PD is the class number of land cover in a unit area, judging the frag-
mentation degree of land cover within UBA. The formula is as follows:

PD=-" 7
23 @
where b,, is the number of patch n, and A is the total area of all patches.

(3) Aggregation index

Aggregation index (AI): Al reflects the aggregation degree of the patches belonging to the
same class and the spatial configuration of the land cover. The formula is as follows:

AL = (—5 ) x 100, (8)
max — g,

where g; is the number of adjacent patches belonging to class i and max—g; is the largest num-
ber of adjacent patches.

Results

Urban built-up area extraction

The DMSP/OLS data and Landsat data from 2000, 2004, 2008 and 2012 were used as experi-
mental data. The extraction results of neighborhood extremum method and maximum likeli-
hood method are shown in Figs 6 and 7.

The UBABs of Shenyang, Changchun and Harbin were extracted with the multisource
boundary pixel fusion method, and the results are shown in Fig 8 and Table 1. The results
showed that the UBA in all three cities had shown a clear growth trend. Shenyang, Changchun
and Harbin had the fastest growth in the urban built-up areas from 2008 to 2012, 2008 to 2012
and 2000 to 2004, respectively.

Analysis of land cover evolution within urban built-up areas

Land cover classification. The Landsat data were clipped using the urban built-up area
boundaries and classified into impervious surfaces, water and vegetation using the maximum
likelihood method, and the classification results are shown in Fig 7 and Table 2. As shown in
Fig 9, the land cover classes within the three UBAs showed trends of expansion, with a higher
degree of expansion in impervious surfaces and vegetation. The average growth rates of the
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Fig 6. Extraction results of the urban built-up areas by the neighborhood extremum method.

https://doi.org/10.1371/journal.pone.0239371.g006

Shenyang land cover classes were above 20%, with the highest growth in vegetation from 2000
to 2004 and in water and impervious surfaces from 2004 to 2008. The average growth rate of
the impervious surfaces in Changchun was approximately 50%, with the fastest growth period
from 2000 to 2004. The growth rate of land cover in Harbin was approximately 30%, with the
fastest growth in vegetation and impervious surfaces occurring from 2000 to 2004 and in water
from 2004 to 2008.

Land cover evolution analysis based on landscape pattern index. The landscape indexes
of the impervious surfaces, vegetation and water were calculated separately, including the CA,
PL, PD and Al and the statistical results are shown in Table 3. The specific analysis was as
follows:

1. Shenyang: Landscape index trend chart for Shenyang is shown in Fig 10. CA: all land cover
classes showed an increasing trend, with the fastest growth in impervious surfaces, which
reflected the expansion of the built-up areas; PL: the impervious surfaces covered the largest
percentage of the built-up areas and showed a decreasing trend, while vegetation and water
occupancy showed increasing trends; PD: all land cover classes showed downward trends,
with the largest rate of decline in vegetation, which reflected reduced fragmentation and
increased homogeneity of the land cover; Al: all land cover classes showed downward
trends, with the highest rate of decline in vegetation, which reflected the increased agglom-
eration of land cover classes. In general, impervious surface indexes had the highest values,
but the occupancy, aggregation and integrity of vegetation increased, and the ecological
environment of Shenyang tended to be optimized.
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Fig 7. Extraction results of the urban built-up areas by the maximum likelihood method. (USGS/NASA Landsat).
https://doi.org/10.1371/journal.pone.0239371.9007

2.

Changchun: Landscape index trend chart for Shenyang is shown in Fig 11. CA: all land
cover classes showed increasing trends, with the highest rate of growth in impervious sur-
faces, which reflected the expansion of built-up areas. PL: the impervious surface showed
an upward trend, while vegetation and water showed downward trends, reflecting the fact
that the area occupied by impervious surfaces was still increasing; PD: all land cover classes
showed a downward trend, with the highest rate of decline in vegetation, reflecting the
reduced fragmentation of the land cover; Al: the impervious surface and vegetation show a
downward trend and the water showed an upward trend, reflecting increasing aggregation
in the former classes and decreasing aggregation in the latter. Overall, the impervious sur-
face of Changchun is being further strengthened, with greater emphasis on the construction
of artificial features.

Harbin: Landscape index trend chart for Shenyang is shown in Fig 12. CA: all land cover
classes showed growing trends, with impervious surfaces showing the highest growth

rate, which reflected their greater contribution to urban expansion. PL: the proportion of
impervious surface was the highest, but the proportion of vegetation was increasing, reflect-
ing the improving natural environment of the city; PD: the fragmentation of all land cover
classes showed a decreasing trend, with vegetation fragmentation decreasing the fastest,
reflecting the increasing homogeneity of land cover; Al the areas of all land cover classes
increased, but the trend towards impervious surfaces was more pronounced. Overall, eco-
logical construction in Harbin was increasing, while the land cover was in an aggregated
state.
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Fig 8. Extraction results of the urban built-up areas by the multisource boundary pixel fusion method. (USGS/NASA

Landsat).

https://doi.org/10.1371/journal.pone.0239371.9008

In summary, the spatial extent of the land cover classes in Shenyang, Changchun and Har-
bin all showed growing trends, with increases in both integration and aggregation. In addition,
the areas occupied by vegetation in Shenyang and Harbin were increasing, indicating that the
natural environment was improving, while Changchun was focused on the construction of

artificial facilities.

Discussion

Urban built-up area extraction accuracy

To verify the validity of this paper’s method, the built-up areas of Shenyang, Changchun and
Harbin were extracted using the artificial interpretation method. The built-up areas of the
DMSP/OLS and Landsat data were extracted with the neighborhood extreme value method
and the maximum likelihood method, respectively, and compared with the multisource
boundary pixel fusion method.

Table 1. Statistics of urban built-up areas (km?).

2004 2008 2012 2000-2004 2004-2008 2008-2012 MAX
Shenyang 464 495 740 13.70% 6.60% 49.40% 2008-2012
Changchun 382 555 848 32.60% 45.20% 52.70% 2008-2012
Harbin 427 530 619 60.50% 24.10% 16.70% 2000-2004
https://doi.org/10.1371/journal.pone.0239371.t001
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Table 2. Statistics of land cover classification from 2000 to 2012 (km?).

Year 2000 2004 2008 2012 2000-2004 2004-2008 2008-2012 Average Max
\% 112 161 186 198 43.70% 15.50% 6.40% 21.87% 2000-2004
S w 10 12 20 21 20.00% 66.60% 0.50% 29.09% 2004-2008
I 271 310 391 470 14.30% 26.10% 20.20% 20.20% 2004-2008
\4 113 110 197 295 -2.60% 79.00% 49.70% 40.03% 2004-2008
C w 10 11 12 21 10.00% 9.00% 75.00% 31.33% 2008-2012
I 161 259 344 530 60.80% 32.80% 54.00% 49.20% 2000-2004
\4 94 154 212 214 63.80% 37.00% 0.90% 33.90% 2000-2004
H w 9 12 17 23 33.30% 41.60% 35.20% 36.70% 2004-2008
I 161 259 298 320 60.80% 15.00% 7.30% 27.70% 2000-2004

S, Shenyang; Changchun; H, Harbin; V, Vegetation; W, Water; I, Impervious Surface.

https://doi.org/10.1371/journal.pone.0239371.t002

As seen from Table 4 the user accuracy, production accuracy, overall accuracy and kappa coef-
ficients of the boundary image fusion method were 88%, 90%, 99% and 0.88, respectively, which
were at least 3%, 1%, 1% and 0.04 better than the other two methods. The method in this paper
had higher accuracy than the built-up area extraction method based on single source data.

Land cover classification accuracy

To assess the accuracy of the land cover classification, the classification results of water, vegeta-
tion and impervious surfaces were assessed for accuracy. The 100 validation samples were
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Fig 9. Land cover class results. (USGS/NASA Landsat).
https://doi.org/10.1371/journal.pone.0239371.g009
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Table 3. Landscape index within urban build-up areas from 2000 to 2012.

Y C Shenyang Changchun Harbin
CA PL PD Al CA PL PD Al CA PL PD Al
2000 1 27089.64 0.69 0.63 85.41 15509.79 0.54 1.12 82.02 16241.51 0.61 0.99 85.60
\ 11331.90 0.29 2.25 64.19 11806.10 0.41 2.13 74.80 9403.49 0.35 2.17 74.44
w 1047.33 0.03 0.38 63.21 1192.46 0.04 1.75 43.04 947.93 0.04 0.12 77.77
2004 1 28956.00 0.60 0.92 81.19 25879.19 0.68 0.54 87.82 25928.64 0.61 0.57 85.35
\4 18015.00 0.37 1.86 69.74 11094.43 0.29 1.53 69.38 15528.96 0.36 0.83 74.26
w 1374.00 0.03 0.37 62.44 1159.71 0.03 1.15 37.03 1249.92 0.03 0.31 58.14
2008 1 39120.12 0.65 0.38 87.17 28828.80 0.52 0.69 79.21 29808.22 0.56 0.53 83.50
\4 18576.48 0.31 0.69 71.32 25053.12 0.45 0.92 73.63 21321.04 0.40 0.69 75.36
w 2077.01 0.03 0.55 50.19 1954.08 0.04 0.55 48.41 1747.46 0.03 0.10 73.54
2012 1 44662.52 0.65 0.34 80.93 52717.86 0.62 0.40 83.53 32146.56 0.57 0.60 82.15
\ 22342.04 0.32 1.31 60.64 29852.16 0.35 0.89 70.59 21458.88 0.38 1.06 72.81
w 1926.68 0.03 0.27 57.17 2240.94 0.03 0.40 46.06 2381.76 0.04 0.16 72.54

Y, Year; C, Class; V, Vegetation; W, Water; I, Impervious Surface.

https://doi.org/10.1371/journal.pone.0239371.t003

randomly generated for each class, and their classes were interpreted visually. The interpreta-
tion results were compared with the computer classification results, and the average accuracy
is shown in Table 5. As shown in Table 5, the overall accuracy and Kappa coefficient of the
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Fig 10. Landscape index trend chart for Shenyang.
https://doi.org/10.1371/journal.pone.0239371.9010
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Fig 11. Landscape index trend chart for Changchun.

https://doi.org/10.1371/journal.pone.0239371.g011

method used in this paper were above 95% and 0.90, respectively, which meets the accuracy
requirements.

Boundary pixel fusion weight analysis

Different combinations of weights for the multisource boundary pixel fusion algorithm can
affect the accuracy of built-up area extraction. We set a and b to different values and calculated
the Kappa coefficients of the extraction results, which are shown in Fig 13. As seen from Fig
13, setting the weights to a = b = 0.5 give the highest accuracy.

Conclusions

Through analyses of provincial capitals in northeastern China, the validity of the proposed
method for analyzing land cover evolution within urban built-up areas was demonstrated. We
extracted urban built-up areas using DMSP/OLS data and Landsat data and analyzed land
cover evolution within built-up areas using landscape indexes. To improve the extraction accu-
racy of the built-up areas based on single-source remote sensing data, the multisource bound-
ary pixel fusion method was proposed, which effectively integrates the information advantages
of multisource data. Using the urban built-up areas as the spatial extent, the land cover evolu-
tions of Shenyang, Changchun and Harbin from 2000 to 2012 were analyzed through the land-
scape indexes, and the following results were obtained: the built-up areas exhibited clear
expansion trends, with increased integration and agglomeration of land cover classes, such as
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Fig 12. Landscape index trend chart for Harbin.
https://doi.org/10.1371/journal.pone.0239371.9012
Table 4. Confusion matrix for the extraction of built-up areas.
C Y Neighborhood extremum method Maximum likelihood method Multi-source Boundary pixel fusion method
2000 2004 2008 2012 Me 2000 2004 2008 2012 Me 2000 2004 2008 2012 Me
N U 74% 71% 67% 90% 76% 96% 90% 96% 88% 93% 88% 91% 92% 92% 91%
M 95% 84% 98% 88% 91% 84% 88% 80% 76% 82% 95% 89% 96% 81% 90%
(€] 96% 94% 93% 94% 94% 97% 97% 95% 91% 95% 97% 97% 96% 93% 96%
K 0.82 0.74 0.77 0.85 0.80 0.88 0.87 0.85 0.77 0.84 0.90 0.88 0.86 0.83 0.87
C U 84% 83% 83% 64% 79% 86% 89% 93% 97% 91% 86% 88% 91% 90% 89%
M 86% 90% 90% 99% 91% 84% 94% 93% 85% 89% 88% 94% 86% 93% 90%
(€] 97% 97% 95% 85% 94% 97% 99% 97% 97% 98% 100% 100% 99% 99% 100%
K 0.83 0.85 0.83 0.68 0.80 0.85 0.91 0.88 0.91 0.89 0.87 0.91 0.88 0.91 0.89
H U 88% 88% 87% 87% 88% 83% 72% 62% 57% 69% 89% 85% 80% 83% 84%
M 84% 81% 81% 75% 80% 93% 98% 98% 97% 97% 91% 89% 90% 90% 90%
(6] 99% 99% 99% 99% 99% 99% 99% 99% 99% 99% 99% 99% 99% 99% 99%
K 0.86 0.85 0.84 0.80 0.84 0.88 0.83 0.76 0.72 0.80 0.90 0.87 0.85 0.86 0.87
MU 81% 84% 88%
MM 88% 89% 90%
MO 96% 97% 98%
MK 0.81 0.84 0.88

C, City; Y, Year; Me, Mean; S, Shenyang; C, Changchun; H, Harbin; U, user accuracy; M, Mapping accuracy; O, overall accuracy; K, Kappa coefficients; MU, Mean of

user accuracies; MM, Mean of mapping accuracies; MO, Mean of overall accuracies; MK, Mean of Kappa coefficients.

https://doi.org/10.1371/journal.pone.0239371.t004
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Table 5. Confusion matrix for the land cover classification.

City 2000
o
Shenyang 97%
Changchun 97%
Harbin 97%
Mean 97%

O, Overall accuracy; K, Kappa coefficients.

https://doi.org/10.1371/journal.pone.0239371.t005

2004 2008 2012
K (6] K (6] K (6] K
0.94 95% 0.92 96% 0.95 94% 0.90
0.96 96% 0.90 92% 0.84 95% 0.91
0.94 97% 0.95 97% 0.96 94% 0.88
0.95 96% 0.92 95% 0.91 95% 0.90

vegetation, water and impervious surfaces; the construction of the ecological environments in
Shenyang and Harbin were being strengthened, while Changchun was still focused on the con-
struction of artificial facilities. The pillar industry of provincial capitals in northeastern China
is industry. Compact urbanization needs to transfer the industrial facilities in the city center to
the periphery, so as to improve the land use efficiency in the main urban area. The paper had
shown that the land use efficiency in the main urban areas is improving, and Shenyang and
Harbin have advantages in ecological environment. It has been said that further improvement
of land use efficiency is very beneficial to the economic development of northeastern China.
Although the method in this paper improves the accuracy of the extraction of urban built-
up areas based on remote sensing data, there are still some shortcomings to be studied. First,
the analysis of compact urbanization in this paper is limited to the land cover evolution within
built-up areas, without considering the impact of other socio-economic factors, and the pro-
posals for the development of compact cities are less well covered. Second, this paper adopted

Kappa coefficients
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Fig 13. Boundary pixel fusion weight analysis.
https://doi.org/10.1371/journal.pone.0239371.g013
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the DMSP/OLS data as a nighttime light data source; these data are subject to certain con-
straints due to the acquisition time and spatial resolution, and the subsequent consideration
would be to select VIIRS/NPP data, which have a higher spatial resolution. Third, the spatial
resolution of the Landsat data still poses a disadvantage, and the selection of GF-2, WordView-
2 or other high-resolution remote sensing images could improve the extraction accuracy, but
the amount of data operations would increase; reasonable classification methods need further
study. In addition, this paper only used landscape indexes to describe the land cover evolution
and did not predict evolution trends; in future research, integration with cellular automata
(CA), Markov, and other predictive models will be the focus of our approach.
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