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Abstract—Impervious surfaces exhibit unique spatial character-
istics in urban environments. The estimation of impervious surfaces
is critical for the analysis of these environments. In this paper, we
propose a new technique based on morphological attribute pro-
files for mapping impervious surfaces under a spectral mixture
analysis model. A main feature of our newly developed method is
that it can model different kinds of structural information, which
represents an important competitive advantage over existing tech-
niques. As a result, considering the special characteristics of urban
environments, our new method for impervious surface extraction
exhibits the potential to model complex urban backgrounds. Four
kinds of remotely sensed data, including Landsat ETM+, GF-1,
IKONOSand sentinel-2 collected overGuangzhou, China, are used
in this work to test the performance of our approach in the task
of extracting imperviousness from images with different spatial
resolution. Our experimental results illustrate that the proposed
method exhibits very good performance in the task of estimating
the impervious surface distribution, with relatively high precision.
Root-mean-square error (RMSE) was 10.89%, mean absolute er-
ror (MAE) was 8.37% and Bias was 1.4% for the ETM+ data.
RMSE was 11.49%, MAE was 6.25% and Bias was 2.34% for
the GF-1 data. The RMSE was 7.72%, MAE was 7.67% and Bias
was 3.91% for the IKONOS data, respectively. These results are
superior to those provided by other state-of-the-art methods. Fur-
thermore, our results also show the effectiveness of the method in
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distinguishing bright impervious surface from the dark impervious
surface, especially in high resolution remotely sensed images.

Index Terms—Impervious surface, morphological attribute pro-
files (MAPs), multispectral images, spectral mixture analysis
(SMA).

I. INTRODUCTION

IMPERVIOUS surfaces, defined as any surface that water
cannot infiltrate, are associated with transportation features

(e.g., streets, highways, parking lots, and sidewalks) and build-
ing rooftops [1]–[3]. With the development of urbanization in
the past 30 years, natural and agricultural land cover has been
lost due to aggressive expansion of impervious surfaces. The
increase of impervious land covers is expected to result in an in-
crease in the volume, duration, and intensity of urban runoff [4].
Moreover, imperviousness can also affect the nonpoint source
pollution and water quality of surrounding lakes and streams
[5]. Therefore, impervious surfaces can provide a measure of
the environmental quality and level of urbanization of a city. It is
therefore important to estimate the extent of impervious surfaces
for regional water environment planning, land use planning,
urban ecological research, urban land use change monitoring,
population estimation, etc. [6], [7].
Remote sensing has been an important and effective technol-

ogy for the estimation of impervious surfaces. With a synoptic
view and frequent revisits over large areas, numerous meth-
ods exploiting the spectral, spatial, and contextual information
contained in remotely sensed datasets have been developed for
urban environment analysis [8]. Ridd [9] proposed a new urban
environmental components model, in which urban surfaces are
expressed as the combination of three different elements, i.e.,
vegetation, impervious surfaces, and soil (V-I-S). This model
provides a theoretical basis for analyzing the urban landscape
from remote sensing imagery, in which it is assumed that a pixel
is generally amixture of vegetation, impervious surface, and soil
in certain proportions. However, the V-I-S model is only con-
sidered conceptually, with limited applications because of the
difficulties involved in the estimation of impervious surfaces [8],
[10]. Hence, many applications have been developed to handle
this problem under the assumptions of a V-I-S model. Spectral
mixture analysis (SMA), aimed at analyzing the fractions of
each spectral component (known as endmembers), is an effec-
tive method to estimate impervious surfaces, as indicated by
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several works that focused on this research direction [11], [12].
For instance, Wu and Murray [10] proposed a four-endmember
model, including vegetation, soil, high albedo, and low albedo,
to estimate impervious surfaces by using multiple remote sens-
ing images. Sun et al. [13] presented a stratified SMA in spectral
domain (Sp_SSMA) for impervious surfacemapping, indicating
that the Sp_SSMA method achieves a better performance than
full-set-endmember SMA and prior-knowledge-based spectral
mixture. Powell et al. [14] mapped the urban land cover surface
in subpixel scale with ETM+ imagery by using the multiple
endmember SMA (MESMA) approach. Tang and Xu [15] used
hyperspectral remote sensing images to extract the impervious
surface via SMA model.
SMA-based methods have obtained very promising results in

the task of characterizing impervious surfaces. However, these
methods still face a critical issue that remains unsolved. That is,
how to select/generate the pure spectral signatures of the consid-
ered endmembers [16]–[19]. There are many spectral unmixing
algorithms which can be used for endmember extraction pur-
poses, such as N-FINDR [20], orthogonal subspace projection
[21], vertex component analysis (VCA) [22], and manifold reg-
ularized nonnegative matrix factorization [23], which obtained
good performance in hyperspectral unmixing. However, most
of them were originally proposed for hyperspectral images and
it is very difficult to directly adopt them in multispectral im-
age analysis, mainly due to the following reasons. On the one
hand, the number of bands in multispectral images is smaller,
which results in ill-posed unmixing problems [24]. On the other
hand, there is a strong spectral variability in urban areas, which
makes the unmixing problem even more difficult. For instance,
constructions made up of the same materials may exhibit differ-
ent reflectance properties [25], and different kinds of vegetation
may exhibit strong spectral similarity [26]. Owing to the fact
that it is very difficult to increase the number of spectral fea-
tures in multispectral images, most works focused on tackling
the aforementioned problems by addressing the issue of spectral
variability. Especially, MESMA [14] is an effective method to
address this issue. Furthermore, Li and Wu [27] introduced a
geostatistical temporal mixture analysis approach to solve for
the endmember variability for estimating regional impervious
surface distributions.
By relaxing the importance of the endmember extraction

step, the aforementioned methods (especially MESMA) have
achieved very promising performance in the characterization of
impervious surfaces [14], [28]. However, the selection of multi-
ple spectral signatures still remains a challenging issue due to the
small number bands present in multispectral data sets. There are
several works that have focused on improving this aspect. For
instance, Somers et al. [29] carefully select a certain wavelength
(against the spectral variability) to generate robust endmem-
bers. In turn, [30] and [31] transform the raw bands in the
original image into a subspace to select the most representative
endmembers. Spectral weighting (e.g., assigning higher weights
to the spectral bands that are less sensitive to endmember
variation) has also been adopted to address this issue [32], [33].
In order to improve the estimation accuracy in the case in

which a small number of spectral signatures per endmember is
used (i.e., one signature per endmember), it is important to ad-

dress the representativeness of the selected spectral signatures,
which becomes a critical aspect. Since most of the aforemen-
tioned methods focus on the characterization of the spectral
information in the multispectral image, one possibility is to con-
sider spatial information in addition to spectral information [34].
Based on Tobler’s principle that everything is related to every-
thing else, but near things are more related than distant things
[35], we can assume that the same land cover entities with cer-
tain attributes are homogeneous, to some extent. As the spatial
information of an object can describe its structure well, as well
as its contextual and distribution characteristics, we propose to
exploit this property to improve the endmember identification
in multispectral images. In the literature, there are many works
that take advantage of spatial information to extract the spec-
tral signatures of the endmembers. Plaza et al. [36] proposed
an automated morphological endmember extraction (AMEE)
approach based on mathematical morphology to integrate the
spatial and the spectral information in endmember extraction.
Rogge et al. [37] proposed a spatial-spectral endmember extrac-
tion (SSEE) algorithm in which spatial constraints were utilized
as a relevant criterion to separate different types of endmembers
with similar spectral signatures. Both AMEE and SSEE were
originally developed for hyperspectral images. Deng and Wu
[38] proposed a spatially adaptive SMA (SASMA) technique to
automatically extract and synthesize the endmembers for multi-
spectral images. In [39], the paper offers robustness and flexibil-
ity in modeling scene images and reporting the improvements
of the accuracy in scene recognition. The aforementioned meth-
ods nested the spatial information into the unmixing procedure
through the use of a local searchwindow.As urban environments
are generally difficult to model, it is very challenging to define
the size of the searching window in advance. It is known that
artificial constructions (such as buildings) exhibit completely
different spatial characteristics [40]. For example, a building (as
an individual entity with small spatial scale) presents certain
construction attributes, while a set of tightly arranged houses
(covering a larger spatial scale) often present more regular con-
textual information. Another possible example is roads, which
may exhibit different directional features. Therefore, new tools
able to exploit and characterize spatial structures are needed
to improve the extraction of impervious surfaces in urban
environments.
Morphological attribute profiles (MAPs), proposed in [41],

use four different structural attributes including area, length of
bounding box, standard of deviation, and moment of inertia, to
extract the spatial information in a hierarchical level via a tree
graph model, providing a powerful tool for the characteriza-
tion of spatial features in the image. Different from traditional
morphological profiles, which extract the spatial information
by using simple searching windows, MAPs can exploit more
complicated structures and are effective for the interpretation
of spatial information in remotely sensed images containing ar-
tificial, man-made objects [41], [42]. Specifically, the use of
MAPs involves a process of feature space reconstruction, in
which new feature spaces with certain spatial information are
generated from raw images.
In this paper, we aim at exploiting the potential of MAPs

for the extraction of impervious surfaces from multispectral
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Fig. 1. Study areas and datasets. (a) Location of the considered areas in China. (b) False-color ETM+ image of Guangzhou. (c) False-color GF-1 image of Tianhe
district in Guangzhou. (d) True-color IKONOS image of the Tianhe district in Guangzhou and (e) True-color Sentinel-2 image of the Tianhe district in Guangzhou.

images, with the ultimate goal to introduce a completely new
framework (under the SMA model) for the characterization of
imperviousness, supported by the spatial information extracted
by MAPs. Since MAPs are highly effective at characterization
of spatial details (which are more significant in medium-to-high
spatial resolution images), four kinds of image data with dif-
ferent spatial resolutions, i.e., Landsat ETM+, GF-1, IKONOS,
and Sentinel-2, are considered in this research. This is consistent
with the fact that impervious surfaces (and other land covers)
generally exhibit very different spatial structures under different
resolutions.
The remainder of this paper is organized as follows. Section II

introduces the study areas and the considered data sets. In
Section III, we introduce the newmethodology presented in this
paper. The criteria used to conduct accuracy assessment are also
indicated in Section III. Our experimental results are presented
and discussed in Section IV. Finally, Section V concludes the
paper with some remarks and hints at plausible future research
lines.

II. STUDY AREAS AND DATASETS

In this research, two different areas, the city of Guangzhou,
China and the Tianhe district of Guangzhou (see Fig. 1), are cho-
sen for analysis purposes. The total areas of the study sites are
719 and 141 km2 for Guangzhou and the TianheDistrict, respec-
tively. These areas have experienced a fast development during
the past 30 years, giving rise to significant urban development
and a change of natural landscapes, in Guangzhou. The areas
comprise many types of impervious land covers, such as parking
lots, roads, and buildings. Additionally, there are also pervious
surfaces in these areas, including grassland, tree/shrubs, crop-
land, and bare soil.
Four types of remotely sensed images (with different spec-

tral and spatial resolutions) were selected for validation pur-
poses, including 1) Landsat 7 ETM+ images with 6 bands and
30-m spatial resolution acquired on February 22, 2008 over
Guangzhou, 2) GF-1 image with 4 bands and 8-m spatial reso-
lution acquired on April 4, 2011 over Guangzhou, 3) IKONOS
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image with 4 bands and 4-m spatial resolution acquired on
February 1, 2009 over Guangzhou, and 4) Sentinel-2 image
with 4 bands and 10-m spatial resolution acquired on July 7,
2017 over Guangzhou. These images were cloud-free. These
images are converted to normalized exoatmospheric reflectance
measures [43], [44]. Moreover, accuracy was assessed using
two Quickbird images acquired in August 2008 over the city of
Guangzhou, with resolution of 2.5 and 0.6 m for the multispec-
tral and panchromatic images, respectively. Another QuickBird
image acquired in October 2010 over Beijing is also used for
validation. The reference data covered most of the study area,
especially the regions that are full of impervious surfaces. All of
these data are spatially aligned by geometrical correction [43],
[45]. It should be noted that we assumed that there were no ap-
parent changes in impervious surfaces among such images, due
to their close acquisition time. By fusing the multispectral and
panchromatic images via the fast Fourier transform (FFT) en-
hanced intensity, hue, saturation (IHS) transform method [46],
we obtained multispectral images with 0.6-m resolution which
are used for accuracy validation purposes. It should be noted
that we chose the FFT-enhanced IHS transform method as it
has been shown to be effective for the fusion of multispectral
and panchromatic images [47]. In the validation, the ground
reference data were obtained through manual digitalization, and
each pixel in the QuickBird images is regarded as pure after
color fusing and uniforming.

III. METHODOLOGY

In this section, we illustrate the performance of the newly
proposed technique for the extraction of impervious surfaces,
which includes three steps. First, new feature spaces contain-
ing spatial information were generated from the raw remote
sensing data by using MAPs. Since the raw data itself contain
spectral information, the newly obtained features explicitly in-
tegrate spatial and spectral information. After obtaining the new
feature spaces by using MAPs, we perform VCA to automati-
cally extract multiple endmember spectral signatures from the
aforementioned feature spaces, along with their corresponding
abundance maps. Finally, the impervious surface is estimated
based on the unmixing results obtained from the SMA model.

A. MAPs

MAPs, as a new generation of morphological profiles (MPs)
[41], are an extension of attribute profiles (APs) constructed via
morphological operators by using different kinds of structuring
elements. It should be noted that four attributes have been con-
sidered for the generation of the new features in this paper [42].
These attributes include the moment of inertia (which measures
the elongation of the regions), standard deviation (which mea-
sures the homogeneity of the regions), length of diagonal of the
bounding box (related to the folding degree of the regions), and
area (related to the size of the regions). We use the aforemen-
tioned four attributes for two reasons. On the one hand, artificial
objects present very different structures with different charac-
teristics. For example, block buildings can be differentiated in
the profiles constructed by using the area attribute. In turn, lin-

ear entities such as roads and streets can be distinguished by
using moment of inertia attributes. On the other hand, these
four different attribute profiles can comprehensively character-
ize complex urban structures, and at the same time reduce the
collinearity among the feature spaces.
The filtering operation implemented in MAPs is based on the

evaluation of how a given attribute A is computed for every
connected component of a grayscale image f for a given ref-
erence value λ. For a connected component of the image Ci

if the attribute meets a predefined condition [e.g., A(Ci) > λ]
the region is kept unaltered; otherwise, it is set to the grayscale
value of the adjacent region with closer value, thereby merging
Ci to a surrounding connected component. When the region is
merged to the adjacent region of lower (or greater) gray level,
the operation performed is called thinning (or thickening). Given
an ordered sequence of thresholds {λ1 , λ2 , . . . , λn}, an AP is
obtained by applying a sequence of thinning and thickening
operations, as follows:

AP(f) = {φn (f), . . . , φ1(f), γ1(f), . . . , γn (f)} (1)

whereφi and γi , respectively, denote the thickening and thinning
transformations [48]. Problem (1), which can be efficiently com-
puted by applying aMax-tree algorithm [49], focuses on a single
feature (or spectral band) of the image. Formultispectral images,
we can perform attribute filtering on the original data by treating
each band separately. In other words, the MAPs can be obtained
by generating APs on each of the bands of the multispectral
data, thus building stacked features. Let f = {f1 , . . . , fb} be a
multispectral dataset with b bands. The following definition of
the MAP can be considered:

MAP(f) = {AP(f1),AP(f2), . . . ,AP(fb)}. (2)

From the definition in (2), the consideration of multiple at-
tributes leads to the concept of MAPs, which combines multiple
APs by concatenating themas stacked features, and improves the
capability of extracting the spatial characteristics of the struc-
tures in the scene.

B. SMA

Under the assumption of the SMA model, each pixel in the
multispectral image is regarded as a mixed reflectance of differ-
ent types of pure land covers (namely endmembers) with certain
proportions (namely abundances or endmember fractions) [50].
The SMA model can be subclassified into linear and nonlinear,
based on an assumption regarding the scattering (single or mul-
tiple, respectively) [32], [51]. It is known thatmultiple scattering
can introduce significant nonlinear effects in the data [52]. How-
ever, in our context it can be assumed to be negligible due to
the fact that second-order scattering is relatively weak in urban
scenes [52]–[54]. Furthermore, our adoption of an MAP-based
feature extraction strategy can greatly improve the linearity of
the data [55]. Therefore, we only consider the linear spectral
mixture model in this paper. This model can be simply defined
as follows:

Rb =
p∑

i=1

fiRi,b + eb (3)
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where Rb is the reflectance for the bth feature in the remotely
sensed image, p is the number of endmembers, fi is the fraction
of endmember i, Ri,b is the reflectance of endmember i in the
bth feature, and eb is the residual. Notice that if we perform
SMA on the original image, b refers to a spectral band. In turn,
if we perform SMA on the new feature space obtained after
applying MAPs, b refers to a specific feature.
1) Automatic Endmember Extraction: Endmember extrac-

tion is the core procedure for the SMA-based estimation of im-
pervious surfaces. Under the linear mixture model, the precision
strongly depends on the quality of the extracted endmembers, as
the abundance fractions of such endmembers will directly affect
the accuracy of the estimation of impervious surfaces. Gener-
ally, there are two kinds of methods for endmember extraction,
i.e., manual and automatic. Manual methods aim at selecting the
pixels which minimize the within-class variation and maximize
the between-class variation. This can be achieved by choosing
the bands that exhibit high variation among different land covers,
or by transforming the exoatmospheric reflectance bands into a
subspace in order to select the most representative endmembers.
On the other hand, automatic endmember extraction is a very
active research topic as it can find the endmembers from the
image data directly, without the need for manual intervention.
There are many algorithms belonging to this category. Among
those methods, we have selected the VCA [22], which has been
shown to extract the endmembers with very good performance
and low computational complexity. Herein, we assume that the
VCA algorithm is used to extract the endmembers. Neverthe-
less, it should be noted that several other automatic methods can
also be adopted for this purpose [24].
2) Estimation of the Abundance Fractions: Generally, it is

assumed that the abundances are nonnegative and that the sum
of abundances in each pixel equals to one, i.e.,

∑p
i=1 fi = 1,

fi ≥ 0. The feasibility of these constraints has been discussed
in many works [56]–[58]. Nevertheless, these two assumptions
have been shown to be effective in real scenarios, as the re-
flectance in natural scenes generally follows them. Under these
two assumptions, the abundances of different endmembers in a
given pixel can be precisely estimated by the fully constrained
least-squares linear method [58] as follows:

fi = Ri,bRb/

p∑

i=1

R2
i,b . (4)

C. Impervious Surface Calculation

In this paper, following [10]—in which it was concluded that
the impervious surfaces are generally represented by low or
high albedo endmembers—we use such low/high albedo end-
members to linearly represent the surfaces as follows:

Rimp,b = flowRlow,b + fhighRhigh,b + eb (5)

where Rimp,b is the reflectance spectra of impervious surfaces
for band b, Rlow,b and Rhigh,b are the reflectance spectra of
low albedo and high albedo for band b, flow and fhigh are the
weights of low albedo and high albedo, respectively, under the
assumption that flow + fhigh = 1 and flow, fhigh ≥ 0, and eb is the
unmodeled residual. At this point it is worth noting that based

on the SMA framework, each land cover can be represented
by a unique endmember signature. Therefore, we can simply
discriminate the high and low albedo based on the difference of
their signatures.
Based on the fact that some land covers (such as water and

shadow) are characterized by low albedo endmembers, it is
difficult to directly apply (5) for the estimation of impervious
surfaces. In order to improve the precision of the estimation
of such surfaces, a preprocessing step is first performed in this
paper for water-removal purposes. In particular, for the ETM+
images, the water regions are extracted and then masked out
using normalized difference water index [59]. For the IKONOS
images, water regions are extracted and then masked out using
an unsupervised classification technique [10]. It should be noted
that we are aware that the impact of shadows are significant
in high-resolution images and shadow restoration is of great
necessity prior to linear spectral unmixing because it is able
to reduce spectral confusion between shadow areas and low
albedo land covers in nonshadow areas [60]. Nevertheless, in
this paper, the phenomenon of shadows are not considered as
we empirically observed that the proposed approach can obtain
very good performance without removing the shadow effects.

D. Accuracy Analysis

To evaluate the performance of the proposed method, three
widely used error measurements, i.e., root-mean-square error
(RMSE), mean absolute error (MAE), and Bias, were adopted
[61], which are formally given as follows:

RMSE =

√
1
N

∑N

i=1
(impi − împi)2 (6)

MAE =
1
N

N∑

i=1

|impi − împi | (7)

Bias =
1
N

N∑

i=1

(impi − împi) (8)

where impi is the impervious surface fraction of pixel i (as
modeled by the proposed method), împi is the actual impervi-
ous surface fraction of pixel i, obtained through human inter-
pretation of the QuickBird images, andN is the total number of
samples. Notice that both RMSE and MAE are able to quantify
the abundance estimation error of different land covers modeled
by the proposed method. Comparatively, as a measurement of
bias, the Bias indicates an overall tendency regarding (upward
or downward) estimation bias.

E. Comparison With Other Methods

To evaluate the performance of our newly proposed method
for impervious surface estimation, we consider two method for
comparison purposes.
1) Traditional SMA Framework: The traditional SMA

framework applied to the raw bands of the original data are
considered for comparison purposes [10]. Specifically, the
raw bands of the original image are first transformed into
new subspaces by using the maximum noise fraction (MNF)
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Fig. 2. Three fraction images obtained from the ETM+ image (Guangzhou). (a) Low albedo. (b) High albedo. (c) Vegetation.

TABLE I
IMPERVIOUS SURFACE ESTIMATION ACCURACY OF THE PROPOSED METHOD (ETM+ IMAGES)

transformation [62]. Then, the endmembers are selected from
the first three MNF components, where the most represen-
tative endmembers are located at the corners of the trans-
formed feature space. Finally, the fractions of each endmem-
ber and the impervious surfaces are extracted by the SMA
model.
2) Biophysical Component Index (BCI): To examine the per-

formance of the proposedmethod, BCIwas used for comparison
[63], where BCI has been shown to be linear and positively cor-
related with the impervious surface.
BCI is first derived by a Tessel-Cap (TC) transformation from

raw remote sensing images. We refer to [64] and [65] for more
information about the TC transformation of TM and IKONOS
images. Furthermore, BCI is calculated by using the first three
components of the TC-transformed space. It is worth noting
that to the best of our knowledge there is no research applying
TC transformation to GF-1 images. Therefore, no experimental
comparison with BCI is considered for the GF-1 case.

IV. EXPERIMENTS RESULT AND DISCUSSION

A. ETM+ Image in Guangzhou

1) Fraction Maps: In this paper, we choose high albedo,
low albedo, and vegetation as the three fundamental endmem-

Fig. 3. Scatterplots between the impervious surface obtained from different
methods for the ETM+ image. (a) Reference fractions versus the proposed
method, (b) BCI versus the proposed method, and (c) reference fractions versus
raw bands.

bers for the ETM+ image of Guangzhou [54]. Since Guangzhou
city is located in a subtropical area with abundant vegetation
and without bare soil, it is difficult to use soil as an indepen-
dent endmember in the medium resolution image. Therefore,
in this paper soil is not considered as an endmember for the
ETM+ image. We transformed the raw image into 18 new space
features in order to properly characterize the spatial informa-
tion using different scales. Specifically, three attributes were
empirically considered: area with reference values λ of 50 and
150, length of diagonal of the bounding box with λ of 30 and
80, and standard deviation with λ of 10 and 20. The obtained
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Fig. 4. Impervious surface maps obtained from the ETM+ image by (a) BCI, (b) raw bands, (c) proposed method, and (d) details for observation.

fraction maps are shown in Fig. 2. From Fig. 2, we can observe
that the obtained fraction maps exhibit reasonable endmember
abundance distributions. One can discriminate the high and low
albedo from these three fraction maps. It is worth noting that for
the final impervious surface estimation, our results are insensi-
tive with the threshold when they are selected between 40% and
60%. Therefore, the weighted coefficients of flow and fhigh are
empirically set as 0.6 and 0.4, respectively.

2) Accuracy Accessment: To evaluate the accuracy of the
impervious surfaces extracted by the proposed method, two
types of land covers including developed areas and less de-
veloped areas are considered for verification [1], [10], where
the ground reference was derived by manually interpreting ran-
domly selected samples from the Quickbird images. Congalton
[61] discussed that for validation a minimum number of 50
samples per land cover is reasonable from both statistical and
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Fig. 5. Three fraction images obtained from the GF-1 image (Guangzhou). (a) High albedo. (b) Low albedo. (c) Vegetation. (d) Bare soil.

practical viewpoints. In this paper, in order to increase the sta-
tistical significance, a total number of 300 samples, i.e., 150
samples per land cover, were generated to perform the accuracy
assessment. Notice that the reference data covers most of the
study area, especially the region with more impervious surfaces.
Furthermore, in order to reduce the impact of geometric error
betweenmultisource remote sensing images, each sampling unit
was designed as a 3× 3 pixel block, i.e., a 90× 90 m sample
size was considered in the ETM+ image [14], [66], [67]. The
process of reference interpretation has two main steps. First, the

position and the proportion of impervious surface within one
sampling unit is figured out. Then, such proportion is consid-
ered as a reference for the assessment of the proposed method.
Finally, we emphasize that all the samples were interpreted by
the same person for the sake of consistency and interpretation
quality.
Table I tabulates the results obtained with the three consid-

ered error metrics in Guangzhou. In general, the accuracies of
the impervious surface estimation are promising and much bet-
ter than those obtained from the raw bands or the BCI index,
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TABLE II
IMPERVIOUS SURFACE ESTIMATION ACCURACY OF THE PROPOSED METHOD (GF-1 IMAGE)

according to the three considered error metrics. Specifically, the
overall RMSE is 10.89% and overall MAE is 8.37%. In detail,
the estimation of developed areas is more accurate than the es-
timation of less developed areas. This is expected, since there
are higher reflectance areas in well-developed areas, which can
be less affected by the pervious land covers. It should also be
pointed out that less developed areas are overestimated (with
Bias of 8.46%). The reason may be that the low albedo imper-
vious surfaces are highlighted by the proposed method, while
some confusion between bare soil or shadows may exist in the
ground reference.
The correlation analysis is shown in Fig. 3. It can be observed

that both the proposed approach and BCI are linearly correlated
with the reference data. TheR2 between the proposed approach
and the reference data is 0.7571, 0.06183 higher than that of BCI
and the reference data, which is 0.695. It can also be observed
that there is a strong linear correlation between imperviousness
and Raw bands, with a R2 of 0.6527.
3) Discussion: In this section, we discuss the performance

of the proposed method for the ETM+ images over Guangzhou,
comparing with other methods.
The impervious surface maps extracted from the ETM+ im-

age are illustrated in Fig. 4. Generally, impervious surfaces can
be classified into two types, i.e., dark impervious surfaces, such
as asphalt and pitch, and bright impervious surfaces, such as
concrete and cement. It is therefore important to identify the
differences between dark impervious surfaces and bright imper-
vious surfaces. As can be observed in Fig. 4(c), in the result
obtained by the proposed approach there are clear differences
between bright impervious surfaces and dark impervious sur-
faces, which are however difficult to be identified in the maps
obtained by BCI and raw bands. For illustrative purposes, some
successful examples are marked and highlighted with red rect-
angle in Fig. 4(d), highlighting the good performance of the
proposed approach. Finally, we can see from Fig. 4(a) and (b)
that the region of river is bright. Because the water is not the
research region in our topic, we removed this region manually.
Therefore, the values of those region are null, and the color is
similar to the background.
Moreover, althoughMAPs can extract the spatial information

at some extent, it is difficult to identify the individual objects
in medium-resolution images. However, the blocks that cover
several streets, forming a square around an area of buildings can
obviously be detected, comparing with other methods. Because
the high-density residential area generally contains the regular
context information, it can be extracted byMAPs. Further, some

Fig. 6. Scatterplots between different indices and the impervious surface es-
timated by the proposed method in the GF-1 image. (a) Reference data versus
proposed method. (b) Reference data versus the raw bands.

linear features (e.g., roads in those images) also can be detectable
if they have a unique shape [8]. Such details were shown in
Fig. 4(d). Because the individual building is hardly detected in
the medium-resolution images, the impact of shadow is weak.
There is no need to regard the shadow as a unique land cover.

B. GF-1 Image in Guangzhou

1) Fraction Maps: For the GF-1 image, due to its high
spatial resolution, we can see that the presence of bare soil
is more apparent than in the ETM+ image. Therefore, four
endmembers (including high albedo, low albedo, vegetation,
and bare soil) are considered for this experiment. The obtained
fraction maps are illustrated in Fig. 5. We transformed the raw
image into eight new space features in order to properly charac-
terize the spatial information using different scales. Specifically,
three attributes were empirically considered: moment of inertia
with reference values λ of 0.5 and 0.8, length of diagonal of the
bounding box with λ of 20 and 50, and standard deviation with
λ of 10 and 20. From Fig. 5, we can observe that the obtained
fraction maps also exhibit reasonable distributions. For the final
impervious surface estimation, the weighted coefficients of flow
and fhigh are empirically set as 0.4 and 0.6, respectively.
2) Accuracy Accessment: Table II tabulates the results ob-

tained with the three considered error metrics in GF-1 image. It
is noted again that there is no BCI experiment for GF-1 image.
Similar to the observations with ETM+ image, the accuracies
of the impervious surface estimation are promising and much
better than those obtained from the raw bands, according to the
three considered error metrics. Specifically, the overall RMSE is
4.89%, overall MAE is 6.22%, and the overall Bias is −2.96%.
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Fig. 7. Fraction images of GF-1. (a) Impervious surface of proposed method. (b) Impervious surface of raw bands. (c) Retails for observation.

Fig. 8. Four fraction images extracted from the IKONOS image: (a) Low albedo, (b) high albedo, (c) vegetation, and (d) bare soil.
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TABLE III
IMPERVIOUS SURFACE ESTIMATION ACCURACY OF THE PROPOSED METHOD (IKONOS IMAGES)

The correlation analysis is shown in Fig. 6. It can be observed
that the proposed approach are linearly correlated with the ref-
erence data. The R2 between the proposed approach and the
reference data is 0.8113, 0.0679 higher than that of raw bands
and the reference data, which is 0.7434.
3) Discussion: The impervious surface maps obtained from

the GF-1 image are illustrated in Fig. 7. Notice that for the
GF-1 imagewe include the bare soil endmember for comparison
purposes because it can be regarded as independent endmember
in 8-m resolution image. Similar to the observations from the
ETM+ results, there is confusion between the bright and dark im-
pervious surfaces. However, as shown in Fig. 7(a), the difference
between bright and dark impervious surfaces increases dramat-
ically when the proposed method is used. Compared with the
results obtained for the ETM+ image, the proposed method ex-
hibits better performance in the task of discriminating the bright
and dark impervious surfaces in the GF-1 image. Moreover, the
spatial structures of different land covers are more significant,
as the MAPs provide better characterization for extraction pur-
poses. The large concrete/glass constructions, concrete roads,
etc., are apparently displayed. Some medium-size objects are
well displayed [see Fig. 7(c)], which are hardly detectable in
the ETM+ image. This is because the GF-1 image has higher
spatial resolution (8 m per pixel) than ETM+ image. Due to the
high resolution of GF-1 image, the impact of the shadow of high
buildings are more significant than that in ETM+ image. There
is little confusion between shadow and low albedo. Therefore,
how to alleviate this impact in this framework will be our future
work.

C. IKONOS Image in Guangzhou

1) Fraction Maps: For the IKONOS image, due to its high
spatial resolution, we can see that the presence of bare soil is
more apparent than in the ETM+ image. Therefore, four end-
members (including high albedo, low albedo, vegetation, and
bare soil) are considered for this experiment. We transformed
the raw image into eight new space features in order to prop-
erly characterize the spatial information using different scales.
Specifically, three attributes were empirically considered: area
with reference values λ of 50 and 150, moment of inertia with
λ of 0.2 and 0.5, and standard deviation with λ of 8 and 16. The
obtained fraction maps are illustrated in Fig. 8. From Fig. 8, we

Fig. 9. Scatterplots between different indices and the impervious surface es-
timated by the proposed method in the IKONOS image. (a) Reference fractions
versus the proposed method. (b) Reference fractions versus the BCI. (c) Refer-
ence fractions versus raw bands.

can observe that the obtained fraction maps also exhibit reason-
able distributions. For the final impervious surface estimation,
the weighted coefficients of flow and fhigh are empirically set as
0.5 and 0.5, respectively.
2) Accuracy Accessment: Table III tabulates the results ob-

tained with the three considered error metrics in IKONOS im-
age. As the same conclusion with ETM+ and GF-1 image, the
accuracies of the impervious surface estimation are promising
and much better than those obtained from the raw bands and
BCI, according to the three considered error metrics. Specifi-
cally, the overall RMSE is 7.72% and overall MAE is 7.67%.
And the overall Bias is 3.91%x.
The correlation analysis is shown in Fig. 9. It can be observed

that the proposed approach exhibits much better performance
than the competitors. Specifically, the proposed approach has
a linear correlation with the reference data, while that of BCI
is exponential. The R2 between the proposed approach and the
reference data is 0.8661, 0.1925 higher than that of BCI and the
reference data, which is 0.6736. Furthermore, this observation
is different from the one derived from our experiments with the
ETM+ image and GF-1 image, mainly due to the differences
in spatial resolution. In the (high spatial resolution) IKONOS
image, the pervious surface includes vegetation and bare soil.
This is consistent with a visual interpretation of Fig. 10. Here,
the correlation between BCI and impervious surface is no longer
linear.
3) Discussion: The impervious surface maps obtained from

the IKONOS image are illustrated in Fig. 10. Notice that for
the IKONOS image we include the bare soil endmember for
comparison purposes. As shown in Fig. 10(c), the difference
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Fig. 10. Fraction images of IKONOS. (a) Raw bands. (b) BCI. (c) Impervious surface of proposed method. (d) Details for observation.

between bright and dark impervious surfaces increases dramat-
ically when the proposed method is used. Compared with the
results obtained for the ETM+ and GF-1 image, the proposed
method exhibits better performance in the task of discriminat-
ing the bright and dark impervious surfaces in the IKONOS
image. This is because the IKONOS image has higher spatial
resolution (4 m per pixel), and the spatial structures of differ-
ent land covers are more significant, while the MAPs provide

better characterization for extraction purposes. The large con-
crete/glass constructions, concrete roads, etc. are displayed with
bright tones, while asphalt roads, dark building roofs, etc. are
displayed as gray tones. In turn, the differences between such
land covers are less apparent in the BCImap and raw bandsmap.
Because such methods are lack of process of spatial information
extraction. For illustrative purposes, some successful examples
are marked and highlighted with red rectangles, highlighting
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Fig. 11. Fraction images of Sentinel-2. (a) True-color Sentinel-2 image in
Guangzhou. (b) Impervious surface of proposed method. (c) Details for obser-
vation.

the good performance of the proposed approach. Additionally,
the bare soil can be clearly distinguished from the impervious
surface, while the other two images exhibit strong confusion
for the bare soil class. Similar to the GF-1 case, the impact of
shadow are sensitive in 4 m resolution. There is also confusion
between shadow and low albedo.

D. Sentinel-2 Image in Guangzhou

For further illustration of the performance of the proposed
method in different resolution image, we conduct an additional
experiment with Sentinel-2 image. Sentinel-2 images include
12 bands with different spatial resolutions in the range of
10–60 m. In this paper, four bands with resolution 10 m are
considered for experiments. The true color map of Sentinel-2
images in Guangzhou and the result of the proposed method
are shown in Fig. 11. It can be seen that the impervious surface
can be well extracted by the proposed method. Furthermore,
the typical buildings can be obviously observed in Fig. 11. Fi-
nally, for illustrative purposes, some successful examples are
marked and highlighted with red rectangles, highlighting the
good performance of the proposed approach [see Fig. 11(c)].

V. CONCLUSION AND FUTURE LINES

Impervious surfaces exhibit unique spatial characteristics in
urban environments. The estimation of impervious surfaces is
critical for the analysis of urban planning, environmental man-
agement, and disaster response. In this paper, we have developed
a new method based on morphological attribute profiles for the
mapping of impervious surfaces under a SMAmodel. As one of
the most effective method to describe artificial constructions in
urban environments, morphological attribute profiles are shown
to be effective for the characterization of impervious surfaces,
leading to representative spectral signatures for the endmembers
in a transformed feature space that integrates spatial and spectral
information. Therefore, we can circumvent the heavy computa-
tional complexity of multiple endmember analysis (adopted by
other methods) as the use of only one signature per endmember,
in our context, can lead to robust characterization results.
Four different types of remote sensing data were used to test

the new method. Our accuracy assessment shows that the pro-
posed method can achieve very good performance in estimating

the impervious surfaces. A comparison with two popular meth-
ods, i.e., BCI and the traditional framework of SMA, indicated
that the proposed method exhibits good correlation with the
ground reference, which is linear in all three remotely sensed
images. However, the correlations between BCI with the ref-
erence data is exponential IKONOS images. This is because
both BCI show some limitations in separating dark impervious
surface and soil. This issue can be well tackled by our newly
proposed approach. The aforementioned aspects can also be
observed from the statistical analysis of the histogram distri-
butions, which reveal a competitive superiority of our newly
developed method.
In conclusion, our experiments show that by taking advan-

tage of morphological attribute profiles and SMA, our method
can perform precise mapping of impervious surfaces. Although
the proposed method achieves good performance in the task
of impervious surface estimation, there are also some aspects
for improvement. In particular, the existence of bare soil and
building shadows may lead to an overestimation of the dark im-
pervious areas by our proposed approach. This aspect deserves
future investigation. Therefore, in the future, we will first fo-
cus on the problem of discrimination between bright and dark
soil in the final impervious surface map. Moreover, since the
impact of shadow is significant in the extraction of impervious
surface in high resolution images, how to address this problem
in our proposed framework will be another target. Furthermore,
we will also focus on the study of the weighted coefficients of
the high albedo and low albedo, since it is important to make
clear the robust and the physical meaning of these thresholds.
As a result, our future research will particularly focus on the
development of new strategies to mitigate these effects. More
state-of-the-art impervious indices, such as combinational build-
up index [68], may be for further comparison. Finally, inspired
by [69], we will also focus on adapting and implementing the
proposedmethod for large-area mapping of impervious surfaces
with more datasets in the future work.
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