
5954 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 13, 2020

New Scheme for Impervious Surface Area
Mapping From SAR Images With Auxiliary

User-Generated Content
Wen Wu, Zelang Miao , Member, IEEE, Yuelong Xiao, Zhongbin Li , Member, IEEE, Anshu Zhang,

Alim Samat , Member, IEEE, Nianchun Du, Zhuokui Xu, and Paolo Gamba , Fellow, IEEE

Abstract—This article presents a new scheme to extract imper-
vious surface area from synthetic-aperture radar (SAR) images
exploiting auxiliary user-generated content (UGC). The presented
scheme includes the automatic generation of training samples
based on the combination of UGC and SAR data, and SAR data
preprocessing, leading to impervious surface area classification
through a clustering-based one-class support vector machine ap-
proach. Two areas—namely, the cities of Beijing and Taipei, have
been analyzed using the Sentinel-1 SAR data to test and validate
the proposed methodology. Experimental results show that the
presented scheme improves the automatic selection of impervious
surface training samples. Moreover, this scheme achieves a com-
parable classification performance to traditional methods without
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requiring time-consuming training point manual extraction. Re-
sults in this study will help to promote the application of UGC for
urban remote sensing data interpretation.

Index Terms—Clustering-based one-class support vector
machine, impervious surface area (ISA), user-generated content
(UGC), synthetic-aperture radar (SAR).

I. INTRODUCTION

URBANIZATION is one of the most important socio-
economic phenomena in the world today. With the ac-

celeration of global urbanization, a widespread conversion from
natural to impervious surface area (ISA) has been observed,
leading to considerable social and ecological consequences [1].
Accordingly, timely and accurate ISA products are essential for
understanding several important issues, such as groundwater
organic carbon change and rainfall management including flash
flood effects in cities [2], [3]. The advent of modern remote sens-
ing technologies provides rich data sources and enables moni-
toring of ISAs. In addition, several ISA maps exist with national
to global coverage, including Urban Atlas [4], GlobeLand30
[5], and the Global Urban Footprint [6]. Recently, Gong et al.
[7] generated annual maps of global artificial impervious areas
from 1985 to 2018 using the archive of 30-m resolution Landsat
images and other ancillary datasets (e.g., nighttime light data).
Their results suggest that the global artificial impervious area
has substantially expanded in the past three decades—the global
artificial impervious area in 2018 was 1.5 times than that in 1990.

Multiple methods have been designed to estimate and map
ISAs from different data sources (e.g., ground measurements or
satellite images) to address the issue of accurate ISA mapping.
Fieldwork and manual digitization of high-resolution remotely
sensed data have long been utilized in terms of precise ISA map-
ping. Despite its great accuracy and robustness, this approach
is labor-intensive and time-consuming; thus, mapping ISA at a
regional/global scale is impossible [8]. The advent of modern
technology has transformed ISA mapping from manual work
to automated and/or semiautomated estimating and mapping
imperviousness with the aid of image processing tools [9]. In the
past two decades, several studies have been published on ISA
extraction through multiple data sources and/or technologies
[10]. Optical remotely sensed data and synthetic-aperture radar
(SAR) are two typical data sources. Wang and Li [11] provided
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a comprehensive survey on impervious surface detection from
remote sensing images. The mainstream ISA mapping from
optical remotely sensed data includes the following: spectral
mixing analysis [12], the exploitation of impervious surface
indices [13], image classification methods [12], and multisource
data fusion models [11]. Although numerous studies regard
on delineating ISA from optical satellite images, the inherent
characteristic of optical sensors still limits its application, for
example, the cloud coverage does not allow obtaining an optical
image with a satisfactory quality level in tropical areas [14].
To tackle these issues, ISA mapping from SAR has been intro-
duced, either considering SAR data alone or SAR combined
with optical images [15]. Compared with using only optical
remotely sensed data, only a few studies directly investigate
the application of SAR to ISA mapping, partly due to the lack
of frequently efficient and worldwide available SAR images and
partly because of the inadequacy of image processing algorithms
suitable for SAR images [8]. The availability of free public
accessibility to SAR data (e.g., Sentinel 1-A), the development
of efficient image processing techniques, and enormous growth
in computing power have recently lead to a renewed interest in
ISA mapping from SAR.

On a different research line, the evolution and exponential
growth of modern information technology (e.g., smart mobile
devices, cloud computing, and Internet of Things) has expedited
the availability of large amounts of data, the so-called big data
[16]. The user-generated content (UGC) produced by people
worldwide, either accidentally or intentionally, has proven to be
an essential and cost-effective tool in a wide range of practical
applications [17], [18]. This study uses the term UGC to sum
up the broad-based and rich data sources contributed by various
users of different backgrounds. Representative UGC includes,
but is not limited to, social media data, volunteered geographic
information (VGI), and publicly posted points of interest (POIs).
Social media, generally referring to web applications allowing
users to create, post, and share contents instantly [19], is an
important UGC source. Although the percentage of social media
users who are willing to share their geolocations is low [20], [21],
the amount of geo-located social media data is still very large
due to several social media users and relentlessly growing social
media posts. In contrast to social media that generate geographic
information unintentionally, VGI and POIs are routinely created
by volunteers or third-party platforms (e.g., Google Maps) [22].
VGI [e.g., OpenStreetMap (OSM)] is a special kind of geospatial
data contributed by worldwide volunteers with the aid of online
public available mapping tools [23]– [25] and plays an essential
role in UGC. Similar to VGI, POI is an emerging GIS terminol-
ogy. A POI is a location that many people label as interesting or
useful and which is significantly related to people’s daily lives
(e.g., a supermarket, a parking lot, a railroad station). Generally
speaking, a POI consists of two parts—namely, the attribute
(e.g., a name and a type) and the spatial information (e.g., the
geographic coordinates) [26], [27], which are critical for various
location-based services.

Current studies devoted to the use of UGC by the geo-
informatics community are diverse, and many scholars have
explored different potential information from UGC to meet their

specific needs. For example, scholars have derived critical infor-
mation from UGC for social science research, such as flu trends
prediction, crime detection, and social sensing and economics
[28]– [32]. Other works have focused on applications of UGC
in the field of natural disasters, such as disaster reduction, emer-
gency response, and humanitarian aid [33]–[38]. The geographic
information is commonly associated with most instances of
UGC and remotely sensed data. Hence, these two datasets can
be co-registered, enabling the possibility to carry out a synergic
geo-informatics study. For instance, VGI, real-estate locations
obtained by Web Crawler, and geo-tagged photos have been
taken as reference data to assess the accuracy of land cover/land
use maps [39]–[42]. UGC and satellite images have been jointly
used for land use/land cover mapping, road network generation
and updating, labeling urban pixels, and collaborative mapping
[43]–[45]. Some researchers have paid attention to uncertainty,
data quality control, user privacy protection, and ethical issues
of UGC [46]–[51]. Others have attempted to attach geographic
tags to pictures/videos from unidentified sources based on street
view images and 3-D reconstruction [52]–[54]. Although the last
decade has seen a growing trend toward the integration of UGC
and remotely sensed data [46], [55]–[58], this topic is still in its
infancy. To date, a few studies have examined the integration of
UGC and SAR for ISA mapping, and thus, further studies are
necessary to address this topic.

Based on the aforementioned analysis, this study aims to
assess the feasibility and advantages of a synergetic use of UGC
and SAR data for ISA classification. The rest of this article is
organized as follows. Section II presents the proposed approach
and its phases. Section III describes the experimental results
of two cases. Section IV discusses the findings, and finally,
Section V concludes the study and gives a few recommendations.

II. PROPOSED APPROACH

The presented methodology consists of the following three
main steps:

1) producing training samples for ISA;
2) classifying SAR images using one-class classifiers

(OCCs); and
3) validation of the ISA maps by accuracy assessment. Each

step is introduced in one of the following sections.

A. Automatic Generation of Training Samples for ISA

The first step in the process after downloading UGC data is
to preprocess raw UGC data which involve three main parts—
clipping, geographic coordinate system projection, and raster-
ization (see Fig. 1). In this study, UGC was collected from
multiple platforms, including social media data from Twitter
and Weibo, whereas POIs were collected from Google Maps and
VGI from OSM. The collected raw UGC datasets usually have
a larger geographical coverage than the study area, for example,
covering an entire country. Thus, the UGC must be clipped to
the study area to reduce the data size, enhancing the efficiency
of the rest of the process.

Another issue of raw UGC is that the geographic coordinate
systems of UGC and remote sensing imagery are often different,
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Fig. 1. Flowchart of preprocessing UGC data.

Fig. 2. Flowchart of automatic generation of training samples of ISA class
from UGC.

for example, raw geo-location information for Weibo is recorded
according to a specific geographic coordinate system (so-called
GCJ-02). GCJ-02 is different from the SAR data with its WGS-
84 geographic coordinate system. Previous studies show that the
position offset/shift between GCJ-02 and WGS-84 ranges from
100 to 700 m [59]. Thus, the raw coordinates of UGC should
be projected onto the satellite image coordinate system. After
data clipping and coordinate system projection, the final step of
the preprocessing is to rasterize the UGC (see Fig. 2). The grid
size of the output raster is set to the spatial resolution of SAR
data. In general, many UGC data may fall into a grid cell of the
newly generated raster. For instance, users may send multiple
tweets/microblog texts through different social media Apps at
the same location, resulting in duplicated points in the UGC
grid [46]. A thresholding procedure is applied to label training
samples from duplicated points. If the amount of UGC in a grid
is larger than the threshold, then this grid will be labeled as a
training sample of the ISA class. However, the optimal threshold
is challenging to set and can greatly vary across different study
areas. Attribute values of UGC (e.g., text and picture) can
provide complementary information to aid ISA training sample
labeling. However, mining information from attribute values will
complicate the task and increase computational complexity. To
tackle these issues, this study presents a straightforward way to
automatically produce training samples of ISA class from UGC.

The pixels that contain UGC are labeled as training samples
of the ISA class. As only geolocation information of UGC is
involved, the presented strategy is very simple but effective.

According to the presented automatic training sample gener-
ation algorithm, four training sample sets are produced in this
study as follows:

1) χT : the training sample set produced by considering only
Twitter data;

2) χW : the training sample set produced by considering only
Weibo data;

3) χO: the training sample set produced by considering only
OSM data; and

4) χP : the training sample set produced by considering only
POI data.

No UGC penetrated in the specific area and only SAR data
are available in extreme circumstances. Hence, we can generate
training samples χB using local indicators of spatial association
(LISA) given that most ISA exhibits high backscattering values
on SAR data [60]. Finally, a compound training set χC is
generated by combining training samples from UGC and SAR
data.

1) χC = {χT , χW , χO, χP , χB}: the combination set of
χT , χW , χO, χP , and χB .

As only the class of ISA is to be derived from UGC and the
class of pervious surface area is vacant during the training stage,
OCC is utilized for classifying ISA from SAR images. This
study selects a one-class support vector machine (OCSVM),
and clustering-based OCSVM (C_OCSVM) to carry on ISA
classification of SAR data. The rational to select different OCCs
is to compare their robustness to training samples from different
sources. Each classifier is introduced in detail as follows.

B. One-Class Support Vector Machine

Let D = {xi}ni=1,xi ∈ N denote the training dataset, and φ
denotes a nonlinear mapping function

φ : RN → χ (1)

where N is the dimension of the feature vector and φ is the
function that maps (via a kernel function) the training vectors
from input space RN into a high-dimensional feature space χ.
In the high-dimensional feature space χ, a hyperplane can be
established as

wφ (x)− ρ = 0 (2)

where w is the vector normal to the hyperplane and ρ defines
the distance of the hyperplane from the origin. The idea of the
OCSVM is to iteratively find the maximal margin hyperplane
that best discriminates the training data from the origin [61]. The
slack variables ξi are introduced to improve the robustness of
the algorithm, and the formulation of the OCSVM optimization
problem is further expressed as

min
w,b,ξi

(
1

2
‖ w‖2 +

1

vn

n∑
i=1

ξi − ρ

)

s.t. (w • φ (xi)) � ρ− ξi and ξi � 0 ∀i (3)
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Fig. 3. Overall architecture of the proposed C_OCSVM.

where ν is the percentage of samples considered as outliers.
The Lagrange function is introduced to solve the quadratic
programming problem of (3) as follows:

LP =
1

2
‖w‖2 + 1

vn

n∑
i=1

ξi − ρ−
n∑

i=1

ξiβi

−
n∑

i=1

((wφ (xi))− ρ+ ξi)αi (4)

where αi are the Lagrange multipliers. The dual form of (4) is
as follows:

min
ai

LD =
1

2

n∑
i=1

n∑
j=1

aiajK (xi,xj)

s.t. 0 � ai �
1

vm
and

n∑
i=1

ai = 1. (5)

After solving the optimization problem, the classification rule is
defined

f (x) = sgn

{
n∑

i=1

αiK (x,xi − ρ)

}
(6)

and a sample x is labeled as belonging to the ISA class if
f(x) > 0; otherwise, the sample will be labeled as the previous
class.

Radial basis function (RBF) and linear kernel function are
commonly used kernel functions. The RBF is also known
as the Gaussian kernel and allows determining the radius of
the hypersphere according to the parameter γ. The RBF is
expressed by

K (x,xi) = exp (−γd (x,xi)) (7)

where d(x,xi) is the distance between the sample x and the
training sample xi, whereas γ is the kernel parameter.

Instead, the linear kernel function is the simplest kernel func-
tion that is given by the inner product

K (x,xi) = x · xi. (8)

The optimal parameters for OCSVM are obtained through
fivefold cross-validation.

C. Clustering-Based OCSVM

Previous studies show that finding the best fitting hyperplane
is challenging for OCSVM partly due to high-dimensional fea-
ture space, the lack of false-positive training sample, and/or the
limitation of using a single classifier. Particularly, achieving the
best balance between the model complexity and the classifica-
tion accuracy is difficult for training samples with a large sample
size [61]. Training OCSVM using a reduced feature set and/or a
reduced sample size has proved to reduce the model complexity
and help avoid overfitting the training samples. Hence, train-
ing OCSVM generally significantly decreases the classification
accuracy [62]. Recent studies suggest that the combination of
many OCC models can mitigate the aforementioned negative
effects to a certain extent, thereby inspiring this study to present
a C_OCSVM.

The proposed architecture of C_OCSVM consists of four
main steps (see Fig. 3).

1) Cluster training samples: In this step, the entire train-
ing sample set is divided into N classes based on the
landmark-based spectral clustering (LSC) [63]. LSC is
selected due to its good performance and efficiency for
large-scale clustering problems. The main idea of LSC is
to find landmarks to establish a sparse representation of
the original dataset. The final discrete clustering result is
generated from the eigenvectors of the sparse representa-
tion matrix using K-means. Considering that the sample
size of representative data (i.e., landmarks) is smaller than
that of the original one, the computation cost of LSC is
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significantly reduced with respect to any clustering applied
to the original data set. Two parameters of LSC, that is,
the number of landmarks (p) and the number of nearest
landmarks (r), are required to be set by users. In this
study, they are set to p = 200 and r = 8 given that the
performance of LSC is robust to the parameter selection
[64]. The number of clusters is set to N = 4 heuristically
but, once again, any number larger than 4 works equally
well.

2) Compress label noise for a specific class: Training sam-
ples of the ISA class directly derived from UGC inher-
ently involve a certain amount of noise as UGC can be
distributed in impervious (e.g., inside a building) and
pervious areas (e.g., on the shores of a lake). This issue
is exacerbated by a considerable number of UGC sets
without any quality control, and classifiers must have the
capability to deal with such a challenge. OCC tends to
memorize several noisy labels and thus is prone to degrade
its generalization performance [64]. To tackle this issue,
a local outlier factor (LOF) is introduced to reduce the
noise in the training samples. Specifically, after comparing
the local density values of a sample to its neighbors, the
sample that has a lower density than densities of their
neighbors (i.e., LOF � 1) is taken as the outlier and sub-
sequently removed. In this study, the number of neighbors
is set to 20.

3) Train an OCSVM model for each class: In this step,
each class extracted by the previous steps is considered
independently obtained through a classification task, and
thus, OCSVM is applied to the extraction of each of these
classes individually. For each class, OCSVM is trained
on the training samples of that class to find the optimal
parameters as introduced in the previous section. After
training OCSVM models on all sub-classes, numerous
classification results from these N classifiers are pro-
duced.

4) Combine multiple classification results: After the classifi-
cation step, N separate classification results are obtained.
The final classification label is produced using the majority
voting rule.

D. Accuracy Assessment

This study uses four measures to assess the performance of
the presented method, including

OA =
TN + TP

TN + FN + TP + FP
(9)

precision =
TP

TP + FP
(10)

recall =
TP

FP + FN
(11)

F1 = 2 · precisionrecall

precision+recall
(12)

where TP , TN , FP , and FN mean true positives, true nega-
tives, false positives, and false negatives, respectively, and OA

TABLE I
LIST OF ABBREVIATIONS USED IN THIS STUDY

denotes the overall accuracy (OA). In this study, 200 test points
are randomly selected for each class as ground truth by visual in-
terpretation of high-resolution satellite imagery utilizing Google
Earth to assess the classification accuracy.

III. EXPERIMENTS

A. Data Sources and Materials

The approaches presented in this study have been tested in
two cities—namely, Beijing and Taipei, China (see Fig. 4).
Beijing, the capital of China, is located in northern China and has
the characteristics of a typical Chinese city, which experienced
rapid development since the 1980s. This region has witnessed
China’s urbanization process and is a microcosm of China’s
rapid population and economic growth. The other study area,
Taipei city, is located in the northern Taiwan island. Taipei
is a typical tropical city where the SAR image shows great
advantage compared with optical remote sensing images due
to its all-weather capacity.

Sentinel-1 SAR images of the two study areas were considered
for the use of this study. The SAR images of Beijing and Taipei
were level 1b single look complex products with interferometric
wide swath mode, acquired on August 25, 2019 and October 20,
2018, respectively. The radiometric correction together with a
mean filter procedure was performed to preprocess the SAR
images. Then, the preprocessed SAR images were geocoded
by using UTM projection with WGS84 datum. The Sentinel
Application Platform is the main tool that worked in Intel Core
i5-7400 CPU at 3.00 GHz and 8-GB RAM.

UGC data sources were selected to enable assessment of the
performance and stability of different OCCs applied to differ-
ent social media platforms to extract ISA from SAR images.
Table II shows that UGC was collected from four different
platforms, including geo-locations of Tweets and Weibo posts,
road, and building layers of OSM, and POIs from Google Maps.
Figs. 5 and 6 illustrate the spatial distributions of UGC data
and LISA points for the two study areas. The distributions
of collected tweets/Weibo posts are significantly different in
the two cities. In Beijing, Weibo has a higher penetration rate
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Fig. 4. Illustration of study areas. (a) Beijing. (b) Taipei.

TABLE II
UGCS AND SATELLITE IMAGES USED IN THIS STUDY

Fig. 5. UGC data were used in Beijing area. (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC .

than Twitter, as the latter is censored in mainland China [see
Fig. 5(a) and (b)]. By contrast, Twitter is more popular than
Weibo in Taipei, making the number of tweets in the data
denser than Weibo [see Fig. 6(a) and (b)]. Furthermore, social
media data are concentrated in dense urban areas and scarce
in rural/remote areas (see Figs. 5 and 6). Finally, compared
with social media data, road, and building layers of OSM,

POIs from Google Maps and LISA points have wider spatial
coverage.

The mountainous area exhibits similar high backscatter to
ISAs because of the steep slopes and complex terrains, leading
to false positives that reduce the classifier performance. To tackle
this issue, this study applies a slope image generated from
Shuttle Radar Topography Mission (SRTM) digital elevation
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Fig. 6. UGC data were used in Taipei area. (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC .

Fig. 7. ISA classification results using OCSVM with the Gaussian kernel based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the
Beijing test site.

model (DEM) with a spatial resolution of 30 m to mask out
pixels located in the mountainous area. Ban et al. [15] noted
that a slope threshold of 15° is set, that is, an area with the slope
greater than 15° is considered a mountainous area and masked
out.

B. Results

Compared with OCSVM and C_OCSVM, a seed-based re-
gion growing (SBRG) [65] approach is used. SBRG is a simple
image segmentation method and has been widely used to extract
ISA from SAR images. Figs. 7–11 show the ISA classification
results in Beijing by using OCSVM, C_OCSVM, and SBRG
based on six training sample generation strategies (i.e., χT ,
χW , χO, χP , χB , and χC). Table III reports the corresponding
accuracy evaluation results for the Beijing case. Figs. 12–16 and
Table IV show the ISA classification results by using OCSVM,

C_OCSVM, and SBRG and the accuracy evaluation results,
respectively, for the Taipei case.

For OCSVM and C_OCSVM, the use of the linear kernel
leads to better and highly robust results than the use of the
Gaussian kernel. The classification results of OCSVM and
C_OCSVM with Gaussian kernel vary greatly with different
training sample generation strategies and contain large over- and
under-estimations of the ISA (Figs. 7, 9, 12, and 14). By contrast,
OCSVM and C_OCSVM with the linear kernel are capable to
generate highly consistent ISA classification results by using
different training sample generation strategies (Figs. 8, 10, 13,
and 15). The OA of the OCSVM and C_OCSVM classification
results with Gaussian kernel, specifically that of C_OCSVM,
is also significantly lower than that of the OA with the linear
kernel (Tables III and IV). The rest of this section will focus on
the results with a linear kernel when referring to OCSVM and
C_OCSVM.
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Fig. 8. ISA classification results using OCSVM with the linear kernel based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the Beijing
test site.

Fig. 9. ISA classification results using C_OCSVM with the Gaussian kernel based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the
Beijing test site.

Tables III and IV suggest that the combination of all available
UGC and χB from SAR images does not necessarily obtain
high accuracy. C_OCSVM based on one UGC is sufficient to
produce satisfactory ISA results. Particularly, POI and OSM
are more beneficial for C_OCSVM than Twitter and Weibo as
they generally produce more satisfactory result. This is because
that the first two UGC sources are intentionally to associate with
geo-location information, thereby concerning the data quality of
geo-location, which in turn reduces the error of training samples
derived from POI and OSM.

Compared with OCSVM and C_OCSVM, SBRG classifica-
tion results are less noisy, as this approach involves a mathemat-
ical morphological filtering step. The selection of the training
sample generation strategy still has an influence on the clas-
sification performance. On the other hand, C_OCSVM with
the auxiliary UGC can achieve comparable or higher accu-
racy compared to that only using χB from SAR images. The

combination of UGC and SAR images is more efficient than
only using χB from SAR images as the extraction of χB from
SAR images is particularly computational costly, making it not
suitable for regional/global ISA mapping. However, χB can be
supplementary data source when UGC is vacant or sparse in
some areas (e.g., remote rural areas). We will discuss this issue
in the following section.

C. Classification Accuracy and Robustness

Compared with the two alternative methods, the newly pro-
posed C_OCSVM shows a clear advantage in accurate classi-
fications with different training sample sets. This method has
significantly higher robustness to the strategies and data used
to generate the training samples, although it does not provide
the most accurate result when the combined training sample set
χC is used. Among the classification results with the other five
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Fig. 10. ISA classification results using C_OCSVM with the linear kernel based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the
Beijing test site.

Fig. 11. ISA classification results using SBRG based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the Beijing test site.

Fig. 12. ISA classification results using OCSVM with the Gaussian kernel based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the
Taipei test site.
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Fig. 13. ISA classification results using OCSVM with the linear kernel based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the Taipei
test site.

Fig. 14. ISA classification results using C_OCSVM with the Gaussian kernel based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for
the Taipei test site.

Fig. 15. ISA classification results using C_OCSVM with the linear kernel based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the
Taipei test site.
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TABLE III
CLASSIFICATION PERFORMANCE OF OCSVM, C_OCSVM, AND SBRG BASED ON χT , χW , χO , χP , χB , AND χC FOR BEIJING CASE

TABLE IV
CLASSIFICATION PERFORMANCE OF OCSVM, C_OCSVM, AND SBRG BASED ON χT , χW , χO , χP , χB , AND χC FOR TAIPEI CASE

Fig. 16. ISA classification results using SBRG based on (a) χT , (b) χW , (c) χO , (d) χP , (e) χB , and (f) χC , respectively, for the Taipei test site.
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training sample set χC , for the Beijing test site, C_OCSVM
(linear kernel) achieved higher OA values than OCSVM (linear
kernel) and SBRG for four and three training sample sets (see
Table III). For the Taipei test site, C_OCSVM (linear kernel)
achieved larger OA values than OCSVM (linear kernel) and
SBRG for four training sample sets (see Table IV). In the
Beijing test site, the difference between the results with the
highest and lowest OA values produced by using the six training
sample generation strategies is only 1.03% for C_OCSVM
(linear kernel), 8.78% for OCSVM (linear kernel), and 11.63%
for SBRG. In the Taipei test site, the difference in OA values
is 0.56% for C_OCSVM (linear kernel), 2.82% for OCSVM
(linear kernel), and 7.91% for SBRG. That is, the fluctuation in
OA for C_OCSVM due to different training sample generation
strategies is approximately one-tenth to one-fifth of the one for
OCSVM and SBRG.

In the real production of large-scale ISA maps, collecting
various types of UGC and thereby conducting the classification
on a combined χC as comprehensive as in this experiment
are rather laborious, and using one or two individual training
sample sets will be highly feasible. In this case, C_OCSVM has
the highest chance to produce the most accurate classification
results and bears the lowest risk, among the three experimented
methods, in generating unexpectedly low accuracy due to the
sensitivity to the training sample generation strategies.

C_OCSVM has significantly higher robustness to training
samples than the two alternative methods likely because of its
use of N classifiers from N clusters of training samples. The
final classification results from the majority voting of the N
classification results can greatly reduce the misclassification due
to individual elements in the training samples that are mislabeled
or inappropriately assigned to a specific class. Moreover, each
cluster of training samples contains reduced information as
compared with the entire training sample set. On some occa-
sions, where the entire training sample set was able to result
in highly accurate results, the C_OCSVM and SBRG could
lead to a better result than OCSVM, as shown in Tables III
and IV. Among various training sample generation strategies,
the overall classification accuracy of C_OCSVM is generally
better than the one of OCSVM and comparable with the one
of SBRG.

For all three methods, the classification results in the Taipei
test site were more accurate than those in the Beijing test site.
A possible reason is that the urban structure parameter, such as
building height, has considerable influence in urban backscatter-
ing characteristics. Compared with the Beijing case, Taipei is a
small city, and the building height is relatively uniform, leading
to more homogeneous double-bounce scattering that benefits
ISA mapping.

D. Effect of the Use of UGC and Data Integration on
Classification Accuracy

The sole use of training samples generated from UGC did not
improve the classification accuracy, compared with the training
samples from the SAR images (i.e., χB). In the Beijing test
site, the OCSVM (linear kernel) classification results with UGC-
based training samples were more accurate than those with χB

(see Table III). However, for the OCSVM (linear kernel) in the
Taipei test site and SBRG in both test sites, the results using χB

were highly accurate (see Tables III and IV). For C_OCSVM,
UGC-based training samples and χB resulted in very similar
classification accuracy values, as mentioned in Section 3.2.1.
Among the UGC-based training sample sets, samples from OSM
buildings and roads (χO) and Google Maps POIs (χP ) generally
resulted in higher classification accuracy than the samples from
geo-located social media posts (χT ,χW ). The social media geo-
localization is likely more inaccurate than VGI buildings and
roads and POIs, at least in terms of its usefulness for representing
ISA. For example, people tend not to geotag their home locations
or deserted factory areas which indeed belong to ISA, and may
geotag natural scenic spots in previous areas.

The combination of training samples from different data
sources or platforms, that is, χC , shows appreciable enhance-
ments to the classification accuracy only for OCSVM and
SBRG. In the Beijing test site, OCSVM (linear kernel) and
SBRG generated the best classification performance using χC ,
among all training sample sets. However, for OCSVM (linear
kernel) and SBRG in the Taipei test site, the classification accu-
racy with individual UGC platforms already exceeded 0.8, and
C_OCSVM is highly robust to the training sample generation
strategies. Nevertheless, the classification results with χC were
not more accurate than the best results among those with the
other five training sample sets.

E. Computational Performance

Table V shows the computational loads of C_OCSVM and
SBRG for both study areas under different experimental settings.
As accurately described in Section IV-B, the classification accu-
racy of C_OCSVM is almost constant with the increase of train-
ing sample size from 2000 to 14 000. Thus, the training sample
size of 2000 for C_OCSVM, which has the least computational
cost, is recommended. In this case, the time consumption of
SBRG is ten to hundreds of times higher than that of C_OCSVM
(see Table V). Specifically, the time cost of SBRG increases
sharply for large training samples. The computational time
for SBRG using the combined training sample set χC which
yields the highest classification accuracy was approximately
400 times than that for C_OCSVM in the Beijing test site,
and over 50 times than that for C_OCSVM in the Taipei test
site. By contrast, C_OCSVM not only significantly speeds up
ISA classification of SAR data, but is also highly scalable. The
advantage of C_OCSVM in computational efficiency, together
with its comparable accuracy with SBRG, suggests the great
potential of C_OCSVM for large-scale regional, national, or
global ISA mapping.

IV. DISCUSSIONS

A. Investigation of Training Sample Size Effect on C_OCSVM

We trained C_OCSVM on different training sample sizes,
varying from 2000 to 14 000 with an interval of 3000, to explore
the influence of the training sample size on the performance of
C_OCSVM. A linear kernel was selected as the kernel function
of C_OCSVM, and Table VI shows the results.
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TABLE V
COMPARISON OF COMPUTATION EFFICIENCY OF C_OCSVM AND SBRG

1The size of χT in Beijing and Taipei is 3000 and 3400, respectively. Thus, the training sample size larger than 5000 is not tested. For the same reason, the training sample size
of χW in Taipei larger than 5000 is not tested.

TABLE VI
TEST OF THE TRAINING SAMPLE SIZE OF C_OCSVM ON DIFFERENT TRAINING SAMPLE GENERATION STRATEGIES

1The size of χT in Beijing and Taipei is 3000 and 3400, respectively. Thus, the training sample size larger than 5000 is not tested. For the same reason, the training sample size
of χW in Taipei larger than 5000 is not tested.

Evidently, C_OCSVM is capable to yield consistent and stable
results while the training sample size increased. For Beijing and
Taipei test sites, the change of OA and F1 values along the
set of different sample sizes is insignificant: no clear trend or
performance change is observed when the training sample size
is altered. The reason is that most of the UGC is concentrated
on impervious areas, and the percentage of UGC in pervious
areas is very low. Thus, most of the training samples derived
from UGC are correct and secure the success of the proposed
method.

The insensitivity to the training sample size of C_OCSVM is
expected to be particularly advantageous in terms of mitigating
data gaps of UGC in some countries/regions (e.g., undeveloped
countries or remote areas) and alleviating the workload neces-
sary to collect various UGC data sets from different platforms.

Particularly, in extreme cases, where no UGC data are available,
we can still solely rely on SAR data, at the cost of low com-
putational efficiency, to automatically generate training samples
to implement the proposed method. Therefore, C_OCSVM can
be applied to process SAR data even when no UGC data are
available. This case in turn validates the practical value and
feasibility of the proposed method in ISA mapping at the global
or regional scale.

B. Test About the Influence of Data Quality of UGC on
C_OCSVM

The geolocation quality cannot be guaranteed because crowd-
sourcing UGC is not collected for scientific research. Points from
UGC were initially jittered by adding random noise (e.g., bias
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TABLE VII
INFLUENCE OF DATA QUALITY OF UGC ON THE PERFORMANCE OF C_OCSVM

changes from 10 to 100 m) to their geographical coordinates,
followed by randomly selecting 2000 samples from the jittered
training sample set to test the influence of UGC data quality
on the performance of C_OCSVM. In this test, C_OCSVM
with linear kernel was trained on a jittered sample set of χP .
Table VII shows the evaluation results. For the Beijing test site,
OA values range from 73.39% to 74.16% and F1 values from
69.79% to 70.93%. For the Taipei test site, OA values vary from
88.14% to 88.70% andF1 values from 87.43% to 88.10%. These
results suggest that the influence of the UGC data quality on the
performance of C_OCSVM is marginal.

C. Data Availability of UGC

A single data source of UGC in a specific area may suffer
from the limited amount of data and uneven spatial distribution
of training samples derived from UGC, thereby potentially de-
creasing the ISA mapping accuracy. The drawback of using a
single UGC data source is that the risk of unstable ISA mapping
results may be increased. Moreover, access to geo-referenced
social media data (e.g., Facebook, Twitter, and WeChat) in
large areas or via bulk download may not be publicly possible.
Furthermore, access to such data usually requires an agreement
with companies providing social media service, which is getting
rather unlikely with regard to data leaks and user privacy pro-
tection issues. For instance, Weibo was freely streamed several
years ago, but downloading a large number of Weibo data is now
forbidden. Luckily, OSM and/or POI data should be stable and
reliable open data sources.

V. CONCLUSION

ISA classification from satellite images is critical for a wide
range of urban applications in developing countries where nature
land is considerably changing to an impervious surface. To
this end, this study integrates UGC and SAR satellite images
to produce ISA maps. Specifically, UGC is utilized to auto-
matically generate training samples of the ISA class to train a
pool of OCCs. This study also designed a so-called C_OCSVM
to alleviate the influence of UGC sources and training sam-
ple size. Experimental results have proven the usefulness of
UGC in producing reliable training samples to improve the
performance of traditional SAR processing algorithms (e.g.,
SBRG). C_OCSVM also greatly improves the computational
efficiency and offers important complementary information to
improve ISA classification accuracy, making it a viable solution
to estimate and map imperviousness at the global/regional scale.

In the future, although the proposed method was applied to
SAR images, this method is also partially suitable to process
optical satellite images with a similar processing chain. The
combined use of SAR, optical images, and user-generated data
is an interesting research direction.

Moreover, the proposed method only extracts ISA maps from
a single SAR image. However, the integration of multitemporal
ascending and descending pass SAR intensity and coherence
information is expected to further improve the ISA classification
accuracy. Further attention should be paid in future studies to
consider multitemporal SAR images.
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