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Researchers often encounter difficulties in obtaining timely and detailed information
on urban growth. Modern remote-sensing techniques can address such difficulties.
With desirable spectral resolution and temporal resolution, Moderate Resolution
Imaging Spectroradiometer (MODIS) products have significant advantages in tackling
land-use and land-cover change issues at regional and global scales. However, simply
based on spectral information, traditional methods of remote-sensing image classification are barely satisfactory. For example, it is quite difficult to distinguish urban and
bare lands. Moreover, training samples of all land-cover types are needed, which
means that traditional classification methods are inefficient in one-class classification.
Even support vector machine, a current state-of-the-art method, still has several drawbacks. To address the aforementioned problems, this study proposes extracting urban
land by combining MODIS surface reflectance, MODIS normalized difference vegetation index (NDVI), and Defense Meteorological Satellite Program Operational
Linescan System data based on the maximum entropy model (MAXENT). This
model has been proved successful in solving one-class problems in many other fields.
But the application of MAXENT in remote sensing remains rare. A combination of
NDVI and Defense Meteorological Satellite Program Operational Linescan System
data can provide more information to facilitate the one-class classification of MODIS
images. A multi-temporal case study of China in 2000, 2005, and 2010 shows that this
novel method performs effectively. Several validations demonstrate that the urban land
extraction results are comparable to classified Landsat TM (Thematic Mapper) images.
These results are also more reliable than those of MODIS land-cover type product
(MCD12Q1). Thus, this study presents an innovative and practical method to extract
urban land at large scale using multiple source data, which can be further applied to
other periods and regions.

1. Introduction
As a consequence of rapid urbanization and population growth worldwide, urban land has
expanded to an unprecedented size, especially in the developing world (Grimm et al.
2008; Li et al. 2013). Monitoring the spatial extent of urban land has become crucial for
researchers (Stefanov, Ramsey, and Christensen 2001; Small, Pozzi, and Elvidge 2005).
Although several international groups have developed eight different global urban maps,
such as the Global Rural–Urban Mapping Project (Balk et al. 2006), the urban land areas
derived from these maps can vary from 0.3 to 3.5 million km2 (Potere et al. 2009;
Schneider, Friedl, and Potere 2009). As an alternative, remote-sensing imagery can help
significantly (Weng 2002; Yuan et al. 2005; Xiao et al. 2006). Landsat TM (Thematic
*Corresponding author. Email: liuxp3@mail.sysu.edu.cn
© 2014 Taylor & Francis
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Mapper) and SPOT (Système Probatoire d’Observation de la Terre) satellites provide
images with typically high spatial resolution. However, it is both labour intensive and
time-consuming to explore regional or global areas due to their massive data volumes.
With coarser spatial resolution, desirable spectral resolution and temporal resolution,
Moderate Resolution Imaging Spectroradiometer (MODIS) products can therefore meet
the need for monitoring land-use and land-cover change (Justice et al. 1998; Thenkabail,
Schull, and Turral 2005), especially at regional and even global scales. MODIS has
supplied land-cover type products (e.g. MCD12Q1, 500 m; MCD12C1, 0.05°) annually
since 2001 (Friedl et al. 2002, 2010), which have been considered as the most accurate
among eight different global urban maps (Miyazaki, Iwao, and Shibasaki 2011). However,
the image pixels of urban land in these products hardly change both quantitatively and
spatially every year. This observation is unreasonable in fast-growing regions such as
China. MODIS also provides researchers with surface reflectance products that can be
classified into several land-cover types using various classification methods. For example,
Gonçalves et al. (2005) used the MOD09A1 product for land-cover classification in
Portugal. In this method, nevertheless, the problems of the same object with different
spectra and different objects with similar spectra still remain unsolved. It is a difficult task
to distinguish urban and bare lands simply based on spectral information of several bands
from surface reflectance data, regardless of the classifier used.
In fact, to avoid the aforementioned difficulties, night-time light products from the
Defense Meteorological Satellite Program’s Operational Linescan System (DMSP-OLS)
have also long been used successfully in studies of mapping urban land and suchlike (e.g.
Imhoff et al. 1997; Elvidge et al. 2001; Lo 2002; Small, Pozzi, and Elvidge 2005). The data
have to be intercalibrated first for multi-temporal analysis because OLS has no on-board
calibration (Elvidge et al. 2009). However, no widely accepted intercalibration model
exists up to now. In addition, data saturation (i.e. digital number values are invariant in
urban cores) is another serious problem that significantly affects the accuracy of urban land
mapping (Elvidge et al. 2007). What is worse, commonly used threshold-based methods
for extraction not only overestimate the extent of urban land around megacities because of
the blooming effect, but also omit underdeveloped cities (Henderson et al. 2003; Small,
Pozzi, and Elvidge 2005). Fortunately, Lu et al. (2008) have proposed a human settlement
index based on DMSP-OLS data and the normalized difference vegetation index (NDVI)
to map human settlements in southeastern China. They found that NDVI data can be used
to reduce the blooming effect and pixel saturation of night-time light products. A combined
use of DMSP-OLS and NDVI data can provide better performance than when each method
is used alone (Lu et al. 2008; Cao et al. 2009). Moreover, NDVI data are quite appealing
and helpful for researchers to distinguish urban and bare lands (Lenney et al. 1996; Masek,
Lindsay, and Goward 2000). Clearly, urban land extraction with multiple source data is
feasible and useful (Schneider, Friedl, and Woodcock 2003; Ran et al. 2012). Thus, all
three data sets, namely MODIS surface reflectance, MODIS NDVI, and DMSP-OLS data,
are used to extract urban land in this study.
Since our study is only interested in extracting urban land from remote-sensing
images, it can be regarded as one-class classification (Foody et al. 2006; SanchezHernandez, Boyd, and Foody 2007). While traditional supervised classification methods
are inefficient (Foody et al. 2006; Munoz-Mari, Bruzzone, and Camps-Valls 2007),
support vector machine (SVM) has been commonly employed in one-class classification
of remote-sensing images and has been found useful in recent years (Hermes et al. 1999;
Foody et al. 2006; Munoz-Mari, Bruzzone, and Camps-Valls 2007; Sanchez-Hernandez,
Boyd, and Foody 2007). For instance, Cao et al. (2009) proposed a SVM-based method to
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extract urban areas of 25 Chinese cities by combining NDVI and DMSP-OLS data. Yang,
He, and Du (2011) presented a stratified SVM-based method to map urban land of China.
Pandey, Joshi, and Seto (2013) employed the SVM-based method to extract urban areas of
India. However, SVM relies heavily on the choice of parameters and kernel, which often
leads to a trial-and-error approach. In addition, the speed and size of SVM limit its
applications in practice (Burges 1998; Mountrakis, Im, and Ogole 2011). Thus, devising
a robust one-class classification method remains necessary in order to extract urban land
more quickly, easily, and accurately.
Interestingly, Phillips, Dudík, and Schapire (2004) developed software (MAXENT),
based on the maximum entropy model, to solve the one-class problems in ecological niche
modelling. This model can conveniently offer the potential distribution of one or more
given species according to presence-only data (Phillips, Dudík, and Schapire 2004;
Phillips, Anderson, and Schapire 2006) since reliable absence data are difficult to obtain
(Hirzel et al. 2002). Recently, MAXENT has been applied to one-class classification of
remote-sensing images, the results of which proved to be superior of this novel method
compared with one-class SVM (Li and Guo 2010). Accordingly, our study proposes a
maximum entropy method to extract urban land by combining MODIS surface reflectance, NDVI, and DMSP-OLS data.
The main purpose of this study is to demonstrate the effectiveness of combining
MAXENT, MODIS reflectance, NDVI, and DMSP-OLS data in one-class classification of
remote-sensing images as well as to illustrate the unreliability of MODIS land-cover type
product (MCD12Q1 in this study). The remainder of the article is organized as follows.
Section 2 introduces the data used in this study. In Section 3, we describe the details of the
proposed method. Section 4 presents the results from a case study. Finally, the discussion
and conclusions are provided in Section 5.
2. Data and pre-processing
All the data used in this study were obtained freely through the Internet. The following are
detailed information on the data (brief descriptions are listed in Table 1).
2.1. MODIS products
Available at http://reverb.echo.nasa.gov/reverb/, MODIS provides products with spatial
resolution including 250 m, 500 m, and 1000 m. In this study, 500 m spatial resolution is
more suitable when considering time and labour. Urban land extraction necessitates the
use of the surface reflectance product (MOD09A1 for short) and vegetation index product
(MOD13A1). Besides, the MCD12Q1 product was used for comparison, as shown in
Section 4.2.
Table 1.

Brief descriptions of the data used in this study.

Data set
MOD09A1
MOD13A1
DMSP-OLS

Brief description

Acquisition time

Surface reflectance product, 500 m,
8-day composite
Vegetation index product, 500 m,
16-day composite
Night-time lights product, 1000 m,
yearly composite

From January to December for
2000, 2005, and 2010
From January to December for
2000, 2005, and 2010
2000, 2005, and 2010
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2.1.1. MOD09A1
MODIS surface reflectance product has seven bands, namely bands 1 (620–670 nm), 2
(841–876 nm), 3 (459–479 nm), 4 (545–565 nm), 5 (1230–1250 nm), 6 (1628–1652 nm)
and 7 (2105–2155 nm). This product is an estimate of the surface spectral reflectance for
each band (Vermote and Kotchenova 2008). To achieve better performance, cloud screening was first performed based on the quality control flag of the images per scene each
year. Next, we double checked the images to select the most cloud-free one. Each band of
the images was separated as one independent environmental layer input for the implementation of MAXENT.

2.1.2. MOD13A1
The MODIS vegetation index product provides consistent spatial and temporal comparisons
of global vegetation conditions, including two types of vegetation indices, namely NDVI
and the enhanced vegetation index (EVI) (Solano et al. 2010). With a 16-day interval and
500 m spatial resolution, the NDVI data set from MOD13A1 product was selected as
another environmental layer. To distinguish urban land and non-urban land thoroughly, a
series of multi-temporal images were processed to a new (NDVI)max image per calendar
year through the maximum value composite procedure as follows (Lu et al. 2008):


ðNDVIÞmax ¼ max ðNDVIÞ1 ; ðNDVIÞ2 ;:::; ðNDVIÞn ;

(1)

where (NDVI)1, (NDVI)2, …, (NDVI)n are the multi-temporal NDVI values for each
image within a 1-year period, each pixel is treated independently. This procedure can
minimize the influence of clouds, water vapours, aerosols, and so on (Holben 1986).

2.1.3. MCD12Q1
The MODIS land-cover type product provides data for five different global land-cover
classification systems such as the International Geosphere–Biosphere Programme (IGBP)
global vegetation classification scheme and University of Maryland scheme. It has been
produced annually since 2001 using a decision tree classification algorithm that is
estimated with a database of high-quality land-cover training sites. We chose the commonly used IGBP scheme, which includes 17 land-cover types.

2.2. DMSP-OLS data
DMSP-OLS can detect the lights from human settlements such as cities, towns, and fires
at night. In recent decades, the night-time lights product has been widely employed in
mapping urban land. As a consequence, this product was naturally selected as the last
environmental layer, which can avoid the intercalibration procedure. It has also been
investigated that both the blooming effect and saturation phenomenon of the product can
be reduced by using NDVI data (Lu et al. 2008; Cao et al. 2009).

2.3. Study area
The selected study area, China, has witnessed rapid urbanization since the implementation
of reform and opening-up policy in 1978. Despite the economic development, a series of
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severe problems arose such as arable land loss (Li and Yeh 2004; Liu, Wang, and Long
2010) and environmental damage (Chan and Yao 2008; Güneralp and Seto 2008; Pei et al.
2013). Consequently, analysis of urban land expansion in China during the past decade is
an urgent and meaningful endeavour.
3. Methodology
In general, training samples of all land-cover types are necessary for image classification.
In contrast, this study only required data of a positive class, namely urban land, which can
be regarded as a species. In ecological niche modelling, a group of species tends to live in
regions with suitable temperature, precipitation, elevation, soil type, and so on (Guo,
Kelly, and Graham 2005). Similarly, the image pixels of urban land should have higher
values in DMSP-OLS data and lower values in NDVI data. Accordingly, we are able to
predict the potential distribution of the given species ‘urban land’ in the geographical
region of interest based on the MAXENT. The flowchart of the proposed method is
presented in Figure 1.
3.1. Maximum entropy model
Entropy, a concept borrowed from thermodynamics, can measure how much ‘choice’ is
involved in the selection of an event (Shannon 1948). Higher entropy of a distribution
indicates that more choices are involved. First proposed by Jaynes (1957), the MAXENT
is especially well suited for presence-only data sets (Phillips, Anderson, and Schapire
2006). The principle behind this concept is to model everything that is already known and
assume nothing about that which is unknown (Berger, Pietra, and Pietra 1996).
Just let a finite set X denote the geographical region of interest, a number of random
points x1, x2,…, xm in X denote positive training samples, together with a set of features f1,
f2,…, fn denoting several constraints, which are the incomplete information about the
target distribution. Our goal is to estimate the unknown probability distribution π over X.
We need to construct a distribution π^ that approximates π. The empirical distribution can
be denoted as follows (Phillips, Dudík, and Schapire 2004):
π~ðxÞ ¼

jf1  i  m : xi ¼ xgj
;
m

(2)

where m is the number of positive training samples.
The empirical average of fj is defined as:
π~½ fj  ¼

m
1X
fj ðxi Þ;
m i¼1

for each feature fj ;

(3)

where each feature
 fj assigns a real value fj ð xÞ to each
  x in X.
close
to
its
expectation
π
fj and attempt to find an approximaWe expect π~ fj to be

 
tion π^ that satisfies π^ fj ¼ π~ fj . There will be a number of distributions meeting these
constraints, while the maximum entropy principle recommends that we should choose the
one with maximum entropy from all of these distributions. The entropy of π^ is defined as:
Hð^
πÞ ¼ 

X
x2X

π^ðxÞ ln^
π ðxÞ;

(4)

Downloaded by [The Science and Technology Library of Guangdong Province] at 17:11 21 October 2014

International Journal of Remote Sensing

Figure 1.

6713

Flowchart of urban-land extraction based on maximum entropy model.

where ln is the natural logarithm.
More detailed information about the MAXENT can be seen in the works of Phillips,
Dudík, and Schapire (2004) and Phillips, Anderson, and Schapire (2006).

3.2. Implementation of MAXENT
MAXENT is software developed by Phillips, Dudík, and Schapire (2004), which can be
freely downloaded at http://www.cs.princeton.edu/~schapire/maxent/. This user-friendly
software requires only two sets of data for running: georeferenced locations of presenceonly training samples and several corresponding environmental variables of the whole
study area (Phillips, Dudík, and Schapire 2004; Phillips, Anderson, and Schapire 2006).
MAXENT is both time- and labour-saving because absence data are unnecessary. In this
study, we randomly selected 2000 sample points of urban land and 1000 sample points of

J. Lin et al.

non-urban land from MOD09A1 images per scene by visual interpretation, and then saved
their x and y coordinates as a CSV file. Only 1000 presence samples were available for
training, and the remaining 1000 presence and absence samples were available for threshold tuning (described in the next section).
All of the data mentioned in Section 2 were used as the environmental layer inputs
after rescaling into the range [0, 1]. The logistic output format was chosen because it can
achieve better performance compared with cumulative and raw output formats (Phillips
and Dudík 2008). Moreover, we chose the default option ‘auto features’, which automatically determines the most suitable complexity based on the sample size of presence
records (Merckx et al. 2011; Syfert, Smith, and Coomes 2013). The random test percentage was set as 25% (Young, Carter, and Evangelista 2011). Other user-specified parameters were set to their default values in accordance with related studies: regularization
multiplier = 1, maximum iterations = 500, and convergence threshold = 10−5 (Li and Guo
2010; Guo et al. 2011). To obtain more reliable results, we ran MAXENT 15 times and
then averaged the results from all models created.
3.3. Threshold tuning
After running MAXENT, only a probabilistic output will be given by the software.
Taking Figure 2 (the Pearl River Delta, PRD region in 2000) as an example, the
different colour of each pixel indicates different probability of being positive. As a
consequence, a threshold is necessary for converting the probabilistic output to binary
prediction. However, the difficulty in threshold selection is a major drawback of
MAXENT. Finding the appropriate threshold automatically poses difficulty if binary
images are needed (Phillips, Anderson, and Schapire 2006; Guo et al. 2011). Thus, the
thresholds were determined through an empirical method in this study, that is to say, we
tuned the thresholds within the range [0, 1] with a 0.01 step increment, and then chose
the one that maximizes the accuracy calculated by both presence and absence samples.
To reduce subjective errors as much as possible, this task was fulfilled by the same
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researcher with a consistent standard. It is interesting that the thresholds of a certain
scene are quite similar each year. In addition, the thresholds are relatively lower in
economically developed regions.
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3.4. Validation methods
3.4.1. Internal validation
MAXENT provides two major internal validation methods, namely response curve and
receiver operating characteristic (ROC) curve. The former illustrates how each environmental variable affects the MAXENT prediction, while the latter plots the sensitivity
(true-positive rate) against specificity (false-positive rate) (Phillips, Anderson, and
Schapire 2006). The larger the area under the ROC curve (AUC), the better will be the
performance of the model. Since China is such a large area that up to 19 scenes of MODIS
images should be involved for covering the whole country per year, we just selected a
scene for analysis.

3.4.2. External validation
Given the finer spatial resolution (~30 m), the classified Landsat TM images were deemed
to be validation references after being rescaled to the same resolution as the MODIS
images. First, the probabilistic output was analysed by calculating the mean probability
values of both urban and non-urban pixels in the classified Landsat TM images. Second,
we compared the classification results of a scene using different combinations of the three
data sets. Accuracy assessment was conducted by using a confusion matrix and kappa
coefficient. We randomly selected 100 sample points of both urban land and non-urban
land. Another 1000 sample points of both urban land and non-urban land each year were
still required for validation of the final results. The potentially misleading high accuracies
caused by the large amount of non-urban land in the whole country can be avoided by this
random selection.
Third, the results of the proposed method were compared with those obtained from
DMSP-OLS (the thresholds for binary classification were defined by comparing with the
TM images [Henderson et al. 2003]) and MCD12Q1 data. Finally, studies have shown
that urban growth correlates well with change in urban population and gross domestic
product (GDP) (Elvidge et al. 2001; Liu et al. 2012). Therefore, we also conducted
correlation analysis for further validation.

3.5. Monitoring urban expansion
Traditionally, researchers were apt to analyse land-use and land-cover change at national
scale by administrative division. However, due to significant regional variations in such a
large area like China, it is problematic to do so, no matter by province or by city. For
instance, Guangdong Province is one of the most urbanized provinces in China, but the
levels of urbanization and economic development vary from eastern to western regions.
Moreover, the spatial distribution of urban land in the whole big country remains difficult
to display distinctly. To address the aforementioned problems, we built a 25 km × 25 km
square grid and then calculated the mean value (proportion) of urban land pixels within
each grid per year. The spatiotemporal distribution of urban land can then be presented in
a direct manner.
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4. Results
4.1. Internal validation
The scene ‘h28v06’ in 2010 was selected for analysis. The corresponding response curves
and ROC curve are shown in Figures 3 and 4, respectively. We can see from the response
curves that urban areas are likely to occur in certain spectral conditions in NDVI and
bands 1–7 of MOD09A1, and the probability of being positive increases with the DN
value of DMSP-OLS data. In addition, an AUC value of 0.884 suggests that the model is
well-performed (Phillips, Anderson, and Schapire 2006; Merckx et al. 2011). Since the
response curves and ROC curves of different scenes are quite similar, the results of the
proposed method are reliable.

4.2. External validation based on remote sensing data with fine spatial resolution
Taking Figure 2 as an example, the mean probability value of urban pixels in the
corresponding classified TM images is 0.64, while the value of non-urban pixels is
only 0.13. In addition, Figure 5 displays the comparison among extraction results
using different combinations of the three data sets in PRD (scene ‘h28v06’) in 2005,
and Table 2 lists the corresponding confusion matrices. Undoubtedly, the best results
can be obtained when all three data sets were used (marked by the green circles in
Figure 5). For example, distinguishing urban land and some rivers can be difficult
without DMSP-OLS data (marked by the black ellipses), whereas the results extracted
only using DMSP-OLS data were severely affected by the blooming effect and
saturation.

Figure 3. Response curves of the environmental layers. The curves show the mean response of the
15 replicate runs (purple) and the mean ±1 standard deviation (blue).
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ROC curve of the scene ‘h28v06’ in 2010. The AUC value is 0.884.

Figure 5. A comparison among extraction results using different combinations of the three data
sets in the Pearl River Delta in 2005. The location map is shown at the bottom, and the longitude
and latitude of the upper left corner of each box are 112.9° E, 23.6° N. The black and green ellipses
highlight the differences among the results.
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Table 2. Confusion matrix of extraction results using different combinations of the three data sets
(with units of 500 m × 500 m pixels). The classified Landsat TM images were used as the reference
data. ‘M’ stands for MODIS surface reflectance, ‘N’ for MODIS NDVI, and ‘D’ for DMSP-OLS
data.
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M, N, D

M, N

Nonurban
land

Results
Reference

Urban
land

Urban land
Non-urban land
Producer’s accuracy
User’s accuracy
Overall accuracy
Kappa

62
38
0
100
0.62
1.00
1.00
0.72
0.81
0.62

Urban
land

M, D

Nonurban
land

Urban
land

57
43
2
98
0.57
0.98
0.97
0.70
0.78
0.55

M

N, D

Nonurban
land

58
42
0
100
0.58
1.00
1.00
0.70
0.79
0.58
N

Nonurban
land

Urban
land

48
52
2
98
0.48
0.98
0.96
0.65
0.73
0.46
D

Results
Reference

Urban
land

Non-urban
land

Urban
land

Non-urban
land

Urban
land

Non-urban
land

Urban land
Non-urban land
Producer’s
accuracy
User’s accuracy
Overall accuracy
Kappa

57
1
0.57

43
99
0.99

59
4
0.59

41
96
0.96

53
0
0.53

47
100
1.00

0.70

0.94

0.70

1.00

0.98
0.78
0.56

0.78
0.55

0.68
0.77
0.53

Therefore, by using a combination of the three data sets, the final urban land extraction results of China in 2000{C}, 2005{C}, and 2010{C} are presented in Figure 6. It is
apparent that urban land of China was mainly distributed in several coastal areas such as
the Yangtze River Delta region, PRD region, Beijing–Tianjin–Hebei metropolitan region,
and followed by areas around several provincial capitals inland. With overall accuracies
>0.75 (Table 3), the assessment indicates that the proposed method is rather effective
compared with previous similar study (Liu et al. 2012) and MCD12Q1 data (Table 4). All
the urban land extraction results are reliable enough for further analysis.
In addition, Figure 7 displays the comparison among extraction results obtained from
the proposed method, Landsat TM images, and classification results of DMSP-OLS data
by focusing on three major fast-growing cities in China. The comparison distinctly reveals
the drawbacks of DMSP-OLS data as well as the success of the MAXENT-based method.
Finally, we can see from Figure 8 that the image pixels of urban land in MCD12Q1
data hardly change from 2001 to 2010 (only available since 2001). Meanwhile, the
extraction results of the proposed method are comparable to the classified Landsat TM
images. The spatiotemporal distribution patterns are rather similar between the latter two.

4.3. External validation based on socioeconomic statistical data
To further evaluate the performance of the MAXENT-based method, we also conducted
correlation analysis between change in urban land by province and change in urban
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Urban land extraction results of China in 2000{C}, 2005{C}, and 2010{C}.

Table 3. Confusion matrix of final urban land extraction results (with units of 500 m × 500 m
pixels). The classified Landsat TM images were used as the reference data.
2000
Results
Reference
Urban land
Non-urban land
Producer’s accuracy
User’s accuracy
Overall accuracy
Kappa

Urban
land
533
467
0.991
0.533

Non-urban
land
5
995
0.681
0.995
0.764
0.528

2005
Urban
land
518
482
0.990
0.518

Non-urban
land
5
995
0.674
0.995
0.757
0.513

2010
Urban
land
529
471
0.987
0.529

Non-urban
land
7
993
0.678
0.993
0.761
0.522

Table 4. Confusion matrix of MCD12Q1 data (with units of 500 m × 500 m pixels). The classified
Landsat TM images were used as the reference data.
2001
Results
Reference
Urban land
Non-urban land
Producer’s accuracy
User’s accuracy
Overall accuracy
Kappa

Urban
land
457
543
0.996
0.457

Non-urban
land
2
998
0.648
0.998
0.728
0.455

2005
Urban
land
489
511
0.994
0.489

Non-urban
land
3
997
0.661
0.997
0.743
0.486

2010
Urban
land
504
496
0.988
0.504

Non-urban
land
6
994
0.667
0.994
0.749
0.498
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Figure 7. A comparison among (i) extraction results obtained from the MAXENT-based method,
(ii) Landsat TM image, and (iii) classification results obtained from DMSP-OLS data in 2005. The
location map is shown to the right, and the longitude and latitude of the upper left corner of each
box are indicated at the bottom.

Figure 8. Urban expansion in (i) the MAXENT-based method, (ii) classified Landsat TM images,
and (iii) MCD12Q1 data from 2000 to 2010. The location map is shown to the right, and the
longitude and latitude of the upper left corner of each box are indicated at the bottom. ‘BTH’ stands
for Beijing–Tianjin–Hebei metropolitan region, ‘YRD’ for Yangtze River Delta region, and ‘PRD’
for Pearl River Delta region.
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Figure 9. Correlation analysis between change in urban land and change in (i) urban population
and (ii) GDP during (a) 2000{C}–2005{C} and (b) 2005{C}–2010{C}. r stands for correlation
coefficient.

population, change in GDP, respectively. Change in urban population and change in GDP
by province were calculated by referring to statistical data acquired from the National
Bureau of Statistics of China in 2000{C}, 2005{C}, and 2010{C}. The results shown in
Figure 9 suggest that the change in urban land correlates well with both change in urban
population and GDP by province, with Pearson correlation coefficients around 0.70 (all
correlations are significant at the 0.01 level).

4.4. Monitoring urban expansion in China
According to the final urban land extraction results, the urban area in China significantly increased from 27,406.55 km2 in 2000 to 48,628.13 km2 in 2005, and further to
63,434.21 km2 in 2010, with growth rates of 77.43 and 30.45%, respectively.
Figures 10–12 illustrate the spatio-temporal distribution of urban land. In 2000, highly
urbanized regions were mainly distributed in several city cores around coastal areas,
such as Beijing, Tianjin, Shanghai, Guangzhou, and Shenzhen. In addition, Dongguan,
Qingdao, Xi’an and Suzhou, Chengdu, Dalian, etc. reached a higher level of urbanization in 2005 and 2010, respectively. We focused on three different fast-growing
regions each year, clearly showing the urbanization process in metropolitan areas
and their positive effects on neighbouring regions. For instance, the rapid urbanization
of Guangzhou has spurred the development of city cores of Dongguan and Foshan.
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Figure 10.

Spatial distribution of urban land in 2000.

Figure 11.

Spatial distribution of urban land in 2005.
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Spatial distribution of urban land in 2010.

5. Discussion and conclusions
It is often the case that researchers are only interested in extracting urban land from
remote sensing images such as MODIS products. However, mere dependence on spectral
information of several bands from surface reflectance data poses problems in applying
traditional methods of remote sensing image classification. For instance, distinguishing
urban and bare lands become difficult.
Moreover, traditional classification methods are inefficient because training samples of
all land-cover types are necessary. Although SVM shows promise in one-class classification, this method relies strongly on the choice of parameters and kernel (Burges 1998;
Mountrakis, Im, and Ogole 2011). In fact, it underperformed compared with MAXENT, a
current cutting-edge classifier in ecological niche modelling, as stated in a previous study
(Li and Guo 2010). One major advantage of MAXENT is that it only requires presence
data for running, which can significantly save time and effort. But the application of
MAXENT in remote sensing remains limited. Therefore, this study has developed a
MAXENT-based method to extract urban land by combining MODIS surface reflectance,
MODIS NDVI, and DMSP-OLS data, all of which can be freely downloaded via the
Internet. Despite the limitations of DMSP-OLS (e.g. blooming effect [Imhoff et al. 1997])
and NDVI (e.g. difficulty in distinguishing urban land and other non-vegetation landcover [Loveland et al. 2000]) data, a combination of them can provide more information
to assist in the classification of MODIS images.
A multi-temporal case study of China demonstrates that this innovative method is
rather effective for one-class classification of remote sensing images. It is especially
promising in large-scale areas. Two internal validations indicate that the extraction results
are reliable. Moreover, with overall accuracies >0.75, the results are comparable to the
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classified Landsat TM images and are much better than the MODIS land-cover type
product (MCD12Q1) with respect to both quantitative and visual comparisons. Since
other global urban maps also have their own limitations (Global Rural–Urban Mapping
Project severely overestimates city size for example) (Potere et al. 2009) and TM image
classification spends massive time, effort, and money, the newly proposed method can be
a feasible alternative for other periods and regions, especially at large scales.
Certainly, the MAXENT-based method still needs to be further tested and improved.
For example, the probabilistic output can potentially be regarded as a development
probability map, which is very useful in simulating and predicting urban growth. While
some waterbodies were easily misclassified as urban land (Schneider, Friedl, and Potere
2009), they can be distinguished in our results. But the extraction results are fragmented to
some extent. Besides, finding the optimal threshold automatically is difficult for
MAXENT. Future efforts will be taken to overcome these drawbacks. Nevertheless, the
newly created urban land data sets of China in 2000, 2005, and 2010 presented in this
study might significantly help researchers and policy makers in various fields such as
urban planning, urban ecology, simulation, and prediction of urban growth. Additionally,
the proposed method can be further applied to other periods and regions ranging from
regional to global scales.
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