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ABSTRACT Accurate estimations of impervious surface areas are essential for urban planning development.
Linear spectral mixture analysis (LSMA) is commonly adopted to extract the impervious surface (IS) fraction
in a mixed pixel at the subpixel scale. However, owing to errors in the spectra of pure pixels selected from
remote sensing images, incorrect fractions of different land cover types often emerge after unmixing. In this
study, two Landsat 8 Operational Land Imager (OLI) images—acquired on 20 September 2019 (Path/Row:
121/44) and 14 November 2019 (Path/Row: 122/44)—of Guangzhou and Shenzhen were unmixed by LSMA
using spectral indices in endmember selection. A post-processing model using the Dry Bare-soil Index
(DBSI) and Normalized Difference Vegetation Index (NDVI) as thresholds was established to improve the
IS fraction of the LSMA result. Comparative analysis reveals that LSMA with the post-processing model
achieves better performance for IS fraction extraction (R2

= 0.910 and 0.926 and root mean square error
[RMSE] = 10.08% and 10.83% for Guangzhou and Shenzhen, respectively), and the distribution of IS
is basically consistent with the IS of the actual areas. The post-processing model solves the problem of
overestimation of pervious surface and underestimation of impervious surface.

INDEX TERMS Impervious surface, post-processing model, DBSI, linear spectral mixture analysis.

I. INTRODUCTION
Urban development is accompanied by the generation of
impervious surfaces (IS) [1]–[3], which replace permeable
surfaces such as vegetation or soil and represent symbolic
and typical products of urbanization [4], [5]. An IS is defined
as any surface of artificial material (or a combination of
materials) that cannot be infiltrated (e.g., buildings and roads
constructed using cement and asphalt) [6]; major increases
in such surfaces directly impact the environment [7]. For
example, the expansion of urban surface creates an urban heat
island [8], [9] and changes surface runoff, important contribu-
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tors to urban waterlogging [10] and rainstorms [3], [10], [11].
Therefore, it is of great significance to study IS, especially in
urban areas.

In recent years, many studies on urban IS [12]–[15] and
its environmental effect [16] have been conducted. In order
to calculate the area of IS, the subpixel linear spectral mix-
ture analysis (LSMA) based on the V-I-S model [17]–[20]
is commonly employed. Owing to spatial resolution, some
pixels from remote sensing images (e.g., Landsat imagery
with 30 m spatial resolution) contain different land cover
types, termed mixed pixels. In calculating the IS, the LSMA
considers the fraction of each land cover type in a mixed
pixel. It is assumed that the spectral signal of a mixed pixel
is a linear combination of the endmember spectral signals
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of each component [21], and the mixed pixel comprises
vegetation, soil, and the high- and low-albedo IS. In LSMA
unmixing results, IS is considered as a blend of high- and low-
albedo [22]. During endmember selection, as mixed pixels
and the interrelationships of different spectra, the IS fraction
from LSMA can be overrated in some areas where the IS
coverage is lower than 20% [23], and underestimated where
it is close to 100% [24].

During LSMA, the pure endmember selection is a signifi-
cant step [19], [25] since the spectral information of different
endmembers represent the corresponding land cover types in
a mixed pixel for unmixing [26]. This implies that, the closer
the spectral curve of a mixed pixel is to that of a pure end-
member, the higher the coverage of such land cover type in
the mixed pixel [27]. The two sources of pure endmembers
are the spectral library and actual remote sensing images.
However, for multispectral imagery, the endmember selection
from a mixed pixel can be difficult because of the low spatial
and spectral resolution [28]. Several studies on improving
the endmembers selection accuracy [29]–[31] such as the
N-Finder algorithm and Endmember average RMSE (EAR)
[32] are available. Thus far, the problems arising from end-
member selection are summarized as follows:

1. Pure endmember selection is difficult where remote
sensing images of medium resolution containing mixed land
cover types and/or are influenced by environmental factors
such as cloud cover.

2.Unmixing errors arise from spectral information similar-
ity for different land cover types in certain bands.

3.Unmixing errors are also caused by reflectance from
standard spectral libraries because the spectral information
of each land cover type can be influenced by multiple factors
in different study areas.

4.Available high-spatial-resolution remote sensing images
include fewer bands, thereby providing little information for
LSMA unmixing.

Spectral indices, including the high-albedo and low-albedo
from images after the tasseled cap transformation, Normal-
ized Difference Vegetation Index (NDVI) [33], Normalized
Difference Built-up Index (NDBI) [34], and Ratio Normal-
ized Difference Soil Index (RNDSI) [35], have been applied
for endmember selection and extraction in 2019 by Li [36].
The results showed that spectral indices enable more rapid
and reliable target endmember selection, producing extracted
IS fractions of improved accuracy. However, this approach
fails to eliminate mixing errors caused by the interaction
between the spectra of different land cover types and by
environmental factors, with misclassification in unmixing
results persisting. As the spectral curves of high-albedo IS
and soil are similar, some IS are misclassified as soil by
conventional LMSA and by the LMSA of Li et al. [36], while
the IS component also contains misclassified vegetation and
soil components.

In this study, the Dry Bare-Soil Index (DBSI) [37] replaced
the RNDSI for endmember selection because, in the study
areas, soil pixel DBSI values are higher, and the differences

FIGURE 1. RGB images of the study areas: (a) Guangzhou, and
(b) Shenzhen from Google Earth.

between soil and IS pixels are greater than those for RNDSI
with identical pixels.

In addition, a post-processing model for optimizing the
unmixing result of LSMA was developed. In this model,
NDVI and DBSI thresholds are applied to separate the
IS fraction from the soil and vegetation fractions. Our
post-processing model solved the problem of overestimation
in pervious surface and the underestimation in the impervi-
ous surface for IS fraction. The LSMA with post-processing
model can extract the IS fraction with high precision, and thus
provides reliable data support for studies into urban change
monitoring and quantitative environmental analysis. As such,
our results are of great significance for urban development
and planning.

II. STUDY AREA AND DATA
A. STUDY AREA
Guangdong province, southern China, has a long cul-
tural history and prosperous economy. Guangzhou (112◦57
’E–114◦30’ E; 22◦26 ’N–23◦56’ N), the capital of Guang-
dong province (Figure 1), is a megacity at the center of
the Guangdong-Hong Kong-Macao Greater Bay Area. It is
a major hub of the One Belt and One Road in the Pearl
River Delta economic zone. At the end of 2019, the pop-
ulation of Guangzhou was 15.3059 million, with an urban-
ization rate (UR) of 86.46%. At present, it comprises
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11 districts, with the study area covering 6, including Baiyun
(UR 81.04%), Huangpu (UR 91.66%), Tianhe (UR 100%),
Yuexiu (UR 100%), Liwan (UR 100%), and Haizhu (UR
100%) [38]. The study area includes the Central Business
District and extensive agricultural land as well as forest and
mountain areas with high vegetation cover (i.e., land use types
are diverse and the IS displays obvious characteristics).

Shenzhen is a smaller city in Guangdong province, with
plans for its development into a megacity. At the end of 2019,
the city comprised 9 districts and had a built-up area of 927.96
m2 out of a total 1997.47 m2. The population was 13.026 mil-
lion and the URwas 100%, the first city in China to reach this
milestone [39].

B. DATA
Extracting IS information from remote sensing images is
vital for quantitative urban analysis. In this study, Land-
sat 8 Operational Land Imager (OLI) images acquired on
20 September 2019 (Path/Row: 121/44) and 14 Novem-
ber 2019 (Path/Row: 122/44) were employed for IS extrac-
tion. Google Earth images with 2.19-m spatial resolution
from 31 October 2019 were used to vectorize samples for
accuracy assessment of IS extraction results.

The Landsat 8 satellite, launched in February 2013,
contains an OLI and a Thermal Infrared Sensor (TIR).
The Landsat 8 OLI image comprises nine reflective wave-
length bands, including seven 30-m visible, NIR, and
SWIR bands, and a 15-m panchromatic band. Bands 1–7,
used in this study, correspond to the coastal, blue, green,
red, near infrared, short-wave infrared I, and short-wave
infrared II bands, with spatial resolution of 30 m, as pre-
sented in Table 1. The surface reflectance products of the
Landsat 8 OLI images without cloud cover were ordered
and downloaded from the United States Geological Sur-
vey (USGS) Earth Resources Observation and Science’s
(EROS) Science Processing Architecture (ESPA) on Demand
Interface (https://espa.cr.usgs.gov) [3]. The products were
geometrically rectified to a Universal Transverse Merca-
tor (UTM) projection system (zone 49 N). Landsat 8 OLI
surface reflectance values were generated using the Land Sur-
face Reflectance Code (LaSRC) algorithm (Version 1.4.1),
utilizing the coastal aerosol band to perform aerosol inversion
tests, auxiliary climate data from the Moderate Resolution
Imaging Spectroradiometer (MODIS), and a radiative trans-
fer model [40].

III. METHODS
The workflow for the method proposed in this study is as
follows (Figure 2): (1) endmember selection using spectral
indexes; (2) unmixing by LSMA; and (3) IS fraction extrac-
tion accuracy improvement using the post-processing model.

Before calculating the spectral indices, pixels with surface
reflectance values of less than 0 and greater than 1 in the
image were corrected to 0 and 1 by pre-processing of the
Landsat 8 OLI surface reflectance product after geometric
correction. Based on the V-I-Smodel, water bodies, including

TABLE 1. Bands of Landsat images.

rivers, lakes, reservoirs, and others were removed from the
remote sensing images to prevent noise and reduce unmixing
errors caused by low albedo IS [36], [41]. The Modified
Normalized DifferenceWater Index (MNDWI) [42] was used
to eliminate water bodies in the study area, while the Otsu
algorithm [43] was used to determine threshold values. The
MNDWI was calculated from the following expression:

MNDWI =
ρGreen − ρSWIR1

ρGreen + ρSWIR1
(1)

where ρGreen and ρSWIR1 are the reflectance of bands 3
(the green band) and 6 (the near-infrared band), respectively,
of the Landsat imagery.

A. ENDMEMBER SELECTION IMPROVEMENT
For IS extraction by LSMA, endmember selection is a
key step. In conventional LSMA, Minimum Noise Frac-
tion (MNF) rotation is usually employed to remove noise
in the remote sensing images; relatively pure pixels are
then selected by introducing the Pixel Purity Index (PPI)
[44], [45], with the PPI value proportional to the pixel
purity [46]. Alternatively, Li et al. [36] proposed endmember
selection from the spectral indices of the images, and used the
NDVI, NDBI, RNDSI, high- and low-albedo (from images
after tasseled cap transformation) to select the spectral curve
of endmembers.

In this study, five spectral indices of the Landsat images,
including the NDVI, NDBI, DBSI, high albedo (H), and
low albedo (L), were overlain as layers. According to the
characteristics of these indices, the target endmembers were
then selected. Endmembers selection was conducted through
the N-dimensional visualization window of the ENVI (v. 5.3)
software. The generalized expressions for calculating these
spectral indices were as follows:

NDVI =
ρNIR − ρR

ρNIR + ρR
(2)

NDBI =
ρSWIR1 − ρNIR

ρSWIR1 + ρNIR
(3)

DBSI =
ρSWIR1 − ρGREEN

ρSWIR1 + ρGREEN
− NDVI (4)

where ρGreen, ρR, ρNIR, and ρSWIR1 are the reflectances of
bands 3 (the green band), 4 (the red band) 5, and 6 (the near-
infrared band), respectively, of the Landsat imagery. Then,
tasseled cap transformation [47] of the Landsat 8 OLI was
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FIGURE 2. Flowchart of improved linear spectral mixture analysis.

applied for calculating the high albedo and the low albedo
given as:

H =
TC1− TC1min

TC1max − TC1min
(5)

L =
TC3− TC3min

TC3max − TC3min
(6)

where H and L are the high albedo and low albedo from the
biophysical composition index (BCI), respectively [48], [49].
The parameter TC1 is the first component and TC3 is the third
component of the Landsat image after tasseled cap transfor-
mation; TC1min is the minimum value of TC1, and TC1max is
the maximum value of TC1; TC3min is the minimum value of
TC3, and TC3max is the maximum value of TC3.

B. CONVENTIONAL LINEAR SPECTRAL MIXTURE
ANALYSIS
Since mixed pixels are ubiquitous in remote sensing images,
in LSMA, the reflectance of a mixed pixel is considered
a linear combination of the reflectance of its endmembers,
expressed as follows:



Ri =
n∑

k−1

fkRik + ERik

n∑
k=1

fk = 1

fk ≥ 0

(7)
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where i = 1, 2 . . . ,M, with M denoting the band num-
ber; k = 1, 2, . . . ; n is an index of endmembers, with n
representing the number of endmembers; Ri is the spectral
reflectance of band i within a mixed pixel; f is the fraction of
the endmember k; and ERi is the residual error of band i.
TheRMSwas used to assess the accuracy of the LSMA; the

value is inversely proportional to precision and is expressed
as:

RMS =

(∑M
i=1 ER

2
i

M

)1/2
(8)

where ERi is the residual error and M is the number of the
spectral band.

C. POST-PROCESSING MODEL
For the results of conventional LSMA, owing to endmember
spectral errors, nonnegligible errors emerge for the fractions
of different land cover types in mixed pixels. In LSMA
results, confusion between soil and the IS fraction is frequent,
with large amounts of vegetation and soil fractions common
in the IS fraction. To reduce such errors, a post-processing
model was developed in this study. This model is based on
the pixel scale.

(1) First, the IS fraction (IS I in Figure 2) was extracted
from the soil fraction of the unmixing result through the DBSI
threshold value. The higher the DBSI value, the higher the
proportion of soil in the pixel. In previous studies, a DBSI
value of 0.26 [37] has served as the threshold dividing bare
soil from other land cover types. To enhance reliability of
the soil fraction in unmixing results as much as possible,
a DBSI image value histogram was created. According to
the trough and peak of the histogram and multiple tests,
a DBSI threshold value of 0.1 was determined for sepa-
rating the IS from the soil component (pixels with DBSI
value less than 0.1 in the soil fraction were divided into
IS). The expression for calculating that IS I fraction was as
follows:

ISI = SoilI , if DBSI < 0.1 (9)

(2) Next, we added the IS fraction (IS I) separated from
the soil fraction to the IS fraction of the unmixing result. The
high and low albedo fractions of the unmixing results were
added to produce the IS fraction of the unmixing result. Then,
the IS fraction of the unmixing result was added to IS I from
step 1 to obtain a new IS fraction (IS II in Figure 2) containing
misclassified vegetation and soil fractions. The expression for
calculating the IS II fraction was as follows:

ISII = ISI + High albedo+ Low albedo, (10)

(3) Finally, we removed the vegetation and soil fractions
from the IS fraction (IS II) obtained in step 2 using the
NDVI and DBSI threshold value. In previous studies, neg-
ative NDVI values are likely water, and the NDVI value is
close to +1, it will be vegetation, while the value is close
to 0, it will be soil or desertified land. In order to extract

FIGURE 3. Distribution of samples distribution in: (a) Guangzhou and
(b) Shenzhen.

relatively pure soil and vegetation pixels, according to the
histogram trough and peak values for the DBSI and NDVI
images, including multiple testing, an NDVI value of 0.4 and
DBSI value of 0.2 were utilized as thresholds for separating
vegetation and soil, respectively, from the IS fraction. The
expression for calculating the final IS fraction was as follows:
IS = ISII − VegetationII − SoilIII ,
VegetationII = ISII , if DBSI < 0.2 and NDVI > 0.4,
SoilIII = ISII , if DBSI > 0.2 and NDVI < 0.4.

(11)

Details of the modified processing method are displayed
in Figure 2.

D. ACCURACY ASSESSMENT
In this study, the spectral indices for endmember selec-
tion proposed by Li et al. [36] were applied for LSMA;
thus, in the comparative analysis, the LSMA proposed by
Li et al. [36] and conventional LSMA were implemented to
illustrate the performance of LSMAwith our post-processing
model. A total of 350 samples (250 samples from Guangzhou
and 100 samples from Shenzhen; Figure 3) with a spatial
resolution of 480 × 480 m were selected randomly, and
Google Earth images were used to digitize the IS coverage.
The IS fraction of each sample was calculated by dividing
the IS area by the total sample area (230,400 m2). The Root
Mean Square Error (RMSE), Mean Absolute Error (MAE),
and Systematic Error (SE) were then computed to test for
accuracy using the following formula:

SE =

∑N
i=1

(
Xi − X̂i

)
N

, (12)

MAE =

∑N
i=1

(∣∣∣Xi − X̂i∣∣∣)
N

, (13)
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FIGURE 4. Spectral curve of endmembers selected by: (a) the spectral indices (NDVI, NDBI, DBSI, H and L) proposed in this
study, (b) the spectral indices (NDVI, NDBI, RNDSI, H and L) proposed by Li, and (c) MNF and PPI in conventional LSMA.

RMSE =

√√√√∑N
i=1

(
Xi − X̂i

)
N

. (14)

where X i is the IS fraction of the LSMA of the Landsat
8 OLI data and X̂ i is the IS fraction of sample i. The RMSE
and MAE provided relative errors for fractional IS estimates,
whereas the SE served as a bias indicator, measuring the
overall error between the IS fraction of the Landsat 8 OLI data
and the IS fraction of the Google Earth images. Additionally,
results of spectra for some test images were also examined.

IV. RESULTS
A. ENDMEMBER SELECTION
The spectral curves of endmembers selected in different ways
and based on the two Landsat 8 images are shown in Figure 4.
Since the locations and acquisition times of the images were
close, the same endmember spectra (Figure 4a) were applied
as basis for the LSMAwith the post-processingmodel. The IS
fractions of the LSMA techniques (Figure 5) illustrate the fea-
sibility of the approach. The selected indices (see section 3.2)
exhibit different sensitivities for various land cover types, and
their combination contributed meaningfully when selecting
endmembers. It was found that NDBI values are lower than
DBSI values in bare soil pixels, but are close to DBSI values
for IS. The NDVI values are higher than the other indices in

regions with higher vegetation coverage, while DBSI values
are higher than the other indices in regions with higher soil
coverage. The H and L (denoting high and low albedo) IS
represent the IS in most studies of urban IS. Through the plot
window in ENVI, endmembers for vegetation, soil, H, and
L were selected and spectral curves of these endmembers
for LSMA were produced. Figure 4(b) shows the spectral
curves of endmembers selected by the Li et al. [36] LSMA;
the spectral reflectances of vegetation and soil in bands 5 and
6 were underestimated, while the spectral reflectance of the
high-albedo IS were overestimated. Figure 4(c) shows the
spectral curves of endmembers selected by the MNF rotation
and PPI. According to the PPI results, the number of pixels
with values greater than 10 was small; therefore, endmem-
ber selection was not effortless. By comparing the spectral
information of endmembers selected using the LSMA with
the post-processing model, the Li et al. [36] LSMA, and the
conventional LSMA, the spectral curves of each land cover
type were closer to the actual spectral curve in Figure 4(a),
although the spectral curves for the H and vegetation were
lower than the actual curves in Figure 4(b).

B. COMPARATIVE ANALYSIS
Using the spectral curves of the endmembers, IS fraction
maps (Figure 5) were created by the Li’s, conventional
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FIGURE 5. Impervious surface fraction extracted by: (a, d) the LSMA with Post-processing model, (b, e) the Li’s LSMA, (c, f) the
conventional LSMA.

TABLE 2. Accuracy assessment of impervious surface fraction extracted by the proposed method and the conventional LSMA.

LSMA, and LSMA with the post-processing model; the
latter showed the best extraction performance. In pervi-
ous areas (forest, farmland, etc.), the conventional and Li’s
LSMAs overestimated IS, with the IS fractions higher than
those by the LSMA with Post-processing model. Conversely,
in developed areas (e.g., the Tianhe district of Guangzhou,
Nanshan district of Shenzhen), the conventional and Li’s
LSMAs underestimated IS fractions relative to LSMA with
the post-processing model proposed in this study.

The accuracy of the LSMAwith the post-processing model
was obviously higher than that of the conventional and Li’s
LSMAs. From Figure 6 and Table 2, in Guangzhou, for the
LSMAwith the post-processing model, R2 was 20.5% higher

than that of the conventional LSMA, and 19.1% higher than
that of Li’s LSMA. In particular, the SE value from LSMA
with the post-processing model was 0.002, meaning that the
distribution of IS fractions extracted by this method almost
matched the actual IS. Furthermore, the MAE from LSMA
with the post-processing model was 57.2% lower than that
of the conventional LSMA, and 47.6% lower than that of the
Li’s LSMA, while the RMSE was 47.4% and 40.2% lower
than those of the conventional and Li’s LSMAs.

For Shenzhen, the R2 for the LSMA with the post-
processing model was 13.1% and 5.1% higher than those
for the conventional and Li’s LSMAs, respectively. The
SE (−0.019) also confirmed improved performance, with
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FIGURE 6. Linear fitting Scatterplot of the actual impervious surface fraction and the estimated impervious surface fraction extracted
by: (a) the LSMA with Post-processing model, (b) Li’s LSMA, (c) the conventional LSMA in Guangzhou; (d) the LSMA with
Post-processing model, (e) the Li’s LSMA, (f) the conventional LSMA in Shenzhen.

MAE values that were 61.8% and 47.1% lower than those
of the conventional and Li’s LSMA, respectively. Finally,
the RMSE from the LSMA with the post-processing model
was 53.8% and 38.3% lower than those of the conventional
and Li’s LSMAs, respectively.

V. DISCUSSION
In this study, NDVI, NDBI, DBSI, H, and L were applied
to improve endmember selection. DBSI was used instead
of RNDSI, which was proposed by Li et al. [36], because
the DBSI can better distinguish soil, vegetation, and IS
within different land cover types, and more conducive to
the separation of the IS fraction from LSMA results using
the post-processing model proposed in this study. To further
illustrate the difference, the distribution maps of RNDSI and
DBSI for Guangzhou and Shenzhen are shown in Figure 7.
Based on statistical and visual analyses, soil pixels display the
highest DBSI values, followed by IS pixels; vegetation pixels
show the lowest values. In the DBSI distribution images,
areas covered by vegetation are clearly demarcated from
those of soil and IS. The differences between these three
land cover types facilitates the application of LSMA with
the post-processing model proposed in section 3.1 and 3.3.
Conversely, in the RNDSI distribution images, vegetation
pixels show the highest values, followed by IS surface pixels,
and then the soil pixels.

Owing to similar spectral characteristics for soil and high
albedo IS, these two fractions are often misclassified by
LSMA. However, in the DBSI distribution image, IS is easily

FIGURE 7. Distribution of: (a, c) Ratio Normalized Difference Soil Index
(RNDSI), (b, d) Dry Bare-Soil Index (DBSI). And locations of the sample
regions for details.

separated from the soil fraction based on spectral differences.
According to sampling statistics, the difference between IS
and soil in the DBSI distribution image surpasses that in
the RNDSI image. Therefore, DBSI emerges as a more suit-
able index for differentiating soil and IS. To compare the
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FIGURE 8. Mapping of: (a1∼ a3): Google Earth image, (b1∼b3): the value of RNDSI, (c1∼ c3) the value of
DBSI in (a1∼c1): sample region 1, (a2∼c2): sample region 2 in Guangzhou.

FIGURE 9. Mapping of: (a4 ∼ a6): Google Earth image, (b4 ∼ b6): the value of RNDSI, (c4 ∼ c6) the value of
DBSI in (a4 ∼ c4): sample region 4, (a5 ∼ c5): sample region 5, (a6 ∼ c6): sample region 6 in Shenzhen.

128484 VOLUME 8, 2020



Y. Zhao et al.: IS Extraction by LSMA with Post-Processing Model

FIGURE 10. Distribution of impervious surface fraction during the modified processing: (a) and (d) impervious
surface fraction separated from the soil fraction of LSMA (IS I in Figure 2), (b) and (e) the sum of the
impervious surface fraction (the sum of high- albedo fraction and low albedo fraction) of LSMA and impervious
surface fraction separated from the soil component of LSMA (IS II in Figure 2), (c) and (f) the final impervious
surface fraction by removing soil and vegetation fraction from (b) and (e).

performances of RNDSI and DBSI in the study area, six
sampling regions (three in Guangzhou and three in Shen-
zhen) were selected for detailed assessment, and are shown
in Figure 8 and Figure 9.

From Figure 8, in the areas of Guangzhou with soil and
vegetation, the DBSI values of soils are higher than those
of vegetation, as shown in the sampled region 1, while the
RNDSI values of soils are lower than those of vegetation.
Minor soil areas are indistinguishable from the vegetation
areas in the RNDSI image. In the sampled regions 2 and 3,
the DBSI values of soil and IS are higher than those of
vegetation, and it is easier to separate vegetation from the
result of LSMA. Furthermore, the DBSI values of soil are
higher than those of IS and the differences in DBSI values
between soil and IS are clearly visible in the details.

The sampled regions 4–6 in Shenzhen exhibit DBSI and
RNDSI characteristics similar to those of regions 1–3. From
these results, DBSI distinguished land cover types in the
study areas better than the RNDSI.

In Guangzhou, the southern central and western central
regions represent areas of high urbanization, including the
Yuexiu, Liwan, Baiyun, Tianhe, Haizhu, and Huangpu dis-
tricts. These areas rich in thriving business districts (such
as the Guangzhou Tianhe Central Business District) and are
characterized by IS coverage of pixels close to 100%. Areas
with low urbanization are predominantly in the north and

FIGURE 11. Location of the sample regions in: (a) Guangzhou,
(b) Shenzhen.

east, including the Zengcheng and Conghua districts, and
in forest and farmland areas, where IS coverage of pixels
close to 0%. The distribution of IS extracted using LSMA
with the post-processing model is consistent with the actual
situation in Guangzhou. In pervious areas (forests and farm-
lands), the IS fractions extracted by LSMA with the post-
processing model were near 0%, while in the developed
regions (southern central and western central Guanghzou),
they were nearly 100%. In Shenzhen, most regions are
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FIGURE 12. Mapping of the impervious surface in (a1 ∼ d1): sample region 1, (a2 ∼ d2): sample region 2, and (a3 ∼ d3):
sample region 3 over Guangzhou extracted by: (a1 ∼ a3) Google Earth image, (b1 ∼ b3): the LSMA with Post-processing
model, (c1 ∼ c3): the Li’s LSMA and (d1 ∼ d3): the conventional LSMA.

experiencing rapid urbanization, and most urban areas
yielded high IS coverage. However, in the eastern region,
especially the Dapeng Peninsula and Tiantou mountain natu-
ral reserves belonging to a forest ecosystem types of natural
reserves, forest coverage is higher, and land use as forest is
prioritized. The areal ratio is greater than 90% [50], with
alternative land use scattered across small areas of arable
land, mainly involving eco-tourism development. As a result,
IS coverage is low.

By comparing the distributions of DBSI and RNDSI
(Figure 10), the former exhibits a higher potential for iden-
tifying soil from other land cover types than the latter for
Landsat 8 OLI images. Figures 10(a) and (d) show the distri-
butions of the IS fractions (IS I in Figure 2) separated from the
soil fraction of the unmixing result using the DBSI threshold
value. Owing to spectral information errors associated with
pure endmembers, the IS is sometimes mistaken for soil in
the LSMA soil fraction. Therefore, the aim of this step was to
resolve IS underestimation in urban areas. The distributions
of the IS fractions (the sum of the IS fraction from the
unmixing result and the IS fraction separated from the soil
fraction) corresponding to IS II in Figure 2 are displayed
in Figures 10(b) and (e). The IS fraction of the unmixing
result is the sum of the high- and low-albedo fractions, and
the final IS fractions (IS in Figure 2) are displayed in Fig-
ures 10(c) and (f). However, minor amounts of vegetation

and soil still exist in Figure 10(b) and (e) owing to unmixing
errors. After NDVI and DBSI threshold separation, the soil
and vegetation pixels were reincorporated into the soil and
vegetation fractions, respectively. Concurrently, to ensure IS
fractions in Figures 10(b) and (e) are not altered, pixels for
separation are pure, and so the NDVI and DBSI threshold val-
ues are set higher than the corresponding theoretical values.
In theory, pixels with NDVI values greater than 0 are con-
sidered as vegetation, although Azad et al. [37] used a DBSI
value of 0.1 as the threshold for distinguishing buildings from
bare soil. For the study area, NDVI and DBSI values were set
to 0.4 and 0.2, respectively, for identifying vegetation and soil
based on tests data.

To compare the results of LSMA with the post-processing
model with the other methods, five sampling regions in
Guangzhou and Shenzhen were selected for further analysis
(Figure 11).

Figure 12 and Figure 13 show details of the sampled
regions for IS (from Google Earth images and extracted
by LSMA with the post-processing model, and by Li’s
and conventional LSMA from the Landsat 8 OLI respec-
tively). According to the Google Earth images, LSMA
with the post-processing model distinguished IS from bare
soil and vegetation better than the other approaches, and
the post-processing model eliminated IS fraction overesti-
mation of pervious surfaces and effectively minimized its
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FIGURE 13. Mapping of the impervious surface in (a1 ∼ d1): sample region 4 and (a2, d2): sample region 5 over Shenzhen
extracted by: (a1, a2): Google Earth image, (b1, b2): the LSMA with Post-processing model, (c1, c2): the Li’s LSMA and (d1, d2):
the conventional LSMA.

underestimation in urban areas. Simultaneously, LSMA with
the post-processing model ensured the integrity of the IS land
cover types (e.g., roads and buildings).

In the sampled region 1, since the IS is cross-distributed
with vegetation and soil, LSMA with the post-processing
model better estimated IS fractions such as roads and build-
ings, while also removing pervious surface fractions such
as farmland and bare soil, thereby preventing IS fraction
overestimation in pervious areas. In some urban areas with
high building density in the sampled region 2, the IS
fractions extracted by the conventional and Li’s LSMAs
were lower than the actual IS ratios, whereas LSMA with
the post-processing model produced ratios mostly near 1.
In region 3, because of the spectral features of low-albedo IS
and vegetation in some bands, IS fractions in the conventional
and Li’s LSMAs for large vegetation areas remained clear,
while LSMA with the post-processing model eliminated the
IS fraction in such areas. The IS distributions for the sampled
regions 4 and 5 (Figure 13) confirmed the applicability of
LSMA with the post-processing model to Shenzhen.

VI. CONCLUSION
In this study, we developed a post-processing model for
improving the extraction of IS fractions using LSMA in
Guangzhou and Shenzhen. This approach was developed
based on the conventional LSMA and the endmember
selection approach proposed by Li et al. [36]. The pro-
posed method was tested using data from Landsat 8 OLI
images taken on 20 September 2019 (Path/Row: 121/44) and
14 November 2019 (Path/Row: 122/44). By comparing the
results from the different methods, the accuracy of the IS
fraction extracted by LSMA with the post-processing model
was superior, with the method effectively resolving the land

cover type misclassification problem. The approach had a
very good performance when extracting urban IS fractions,
with the highest R2 and lowest RMSE, SE, and MAE values
among the tested methods. Furthermore, the method showed
superior extraction of IS from vegetation and soil; that is, IS,
vegetation, and soil were clearly distinguished, with accurate
road extraction in forest areas. The results showed increased
IS fractions in impervious areas and decreased fractions in
pervious areas, producing IS fraction distributions close to the
actual situation. In contrast, the conventional LSMA and Li’s
LSMA overestimated the IS fraction in pervious areas and
underestimated it in impervious areas because of endmember
selection errors. DBSI and NDVI threshold selections for
the modified processing technique were based on multiple
pixel comparison, rather than on a fixed and theoretical
approach. In the future, more theoretical data for spectral
indices and threshold selection methods will be integrated
into LSMA with the post-processing model for land cover
type identification and urban IS research enhancement.
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