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Fig. 12. Four sample sites illustrating the significance of combining both socioeconomic data and physical data. All the maps are circa 2010. The Google
images are provided as ground reference. Readers can focus on the red rectangles for observing the discrepancies between different maps, and the areas circled
in yellow are magnified. In addition, the right/wrong tick under these urban maps indicates that the map correctly/wrongly labels the region of interest.

the socioeconomic factors, and two existing urban maps (i.e., rectangles, the following three conclusions can be drawn.

GlobCover and MCD12Q1) are selected to represent the urban 1) Some suburban areas omitted by physical data can
maps produced by the physical factors [1]. In this manner, successfully be recognized by socioeconomic data. For
by observing the regions of interest highlighted by the red example, in sites A and B, correctly identify the
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Fig. 13.

Distribution of the thresholds derived by the proposed adaptive thresholding algorithm.

TABLE VIII

KAPPA COEFFICIENTS OF THE WHOLE STUDY AREA, DIFFERENT BIOMES, AND DIFFERENT CITY RANKS WHEN MODIS MULTISPECTRAL
BANDS ARE ADDED IN THE PROPOSED ENSEMBLE FRAMEWORK

Biomes City ranks Time
Features Whole Te Tr Ar Meg Lar 5 Med Sma (minutes)
LVGP 0.493 0.513 0.463 0.436 0.614 0.490 0.445 0.433 130.98
LVGPM 0.520 0.544 0.503 0.448 0.644 0.515 0.461 0.469 325.14
dk 0.028 0.031 0.040 0.012 0.030 0.025 0.016 0.036 -

Biomes: temperate (Te), tropical (Tr), arid or semi-arid (Ar);

City ranks: megacity (Meg), large city (Lar), medium city (Med), small city (Sma);
‘LVGPM’ represents the incorporation of MODIS data; ‘dk’ is increment of the Kappa when considering the MODIS multispectral bands

in the proposed mapping framework.

suburban areas, while GlobCover and MCD12Q1 misla-
bel these areas. This phenomenon is probably due to the
fact that suburban areas show moderate economic and
POP activity, but low-density buildings.

2) Similarly, consideration of physical data can reduce the
areas mislabeled by socioeconomic data. For instance,
for the mining areas with high socioeconomic values but
scarce buildings (as shown in sites C and D), they are
correctly classified as nonurban areas in GlobCover and
MCD12Q1, while they are mislabeled as urban areas in
the G and P maps.

3) To integrate the virtues of the multisource data, the urban
map produced by the proposed ensemble method
is superior to the LVGP map, which was obtained
by directly stacking and classifying all the sources.
As shown in Fig. 12, the regions of interest for all sites
are correctly labeled in the urban map obtained by our
method, while LVGP correctly labels these regions only
in sites A and B. This superiority partly comes from the
flexible combinations of the data sources in our method,
i.e., a comprehensive fusion of all the individual and
intermediate classifiers.

3) Adaptive Patch-Based Thresholding Technique: In this

paper, we have proposed an adaptive patch-based threshold-
ing method, in response to the variations of urban areas.

In Fig. 13, the distribution of the thresholds calculated by
the proposed adaptive patch-based thresholding algorithm is
presented, showing a similar threshold distribution pattern for
2005 and 2010, in spite of some local inconsistencies (e.g.,
sites C and D). Moreover, for each year, the cities with
different urbanization levels and different geographical loca-
tions present various thresholds, e.g., sites A-D in Fig. 13.
To further illustrate the heterogeneity of the thresholds of
patches within a city, Wuhan (I) and Lanzhou (II) are selected
as sample cities in Fig. 14. It is demonstrated that the
urban extent obtained by our method matches well with the
actual areas (i.e., Google map), and the proposed adaptive
thresholding algorithm presents a satisfactory capability in
detecting challenging small villages (e.g., site A in Wuhan
and Lanzhou). In addition, the adaptive thresholds for each
site in Wuhan (site A: 11, site B: 13, and site C: 12) and
Lanzhou (site A: 13, site B: 11, and site C: 13) are different,
showing that the preferred threshold of each urban patch
should be adapted to its own characteristics, rather than a
uniform criterion within a city. For example, for Wuhan, if the
threshold of site B was applied to site A, the urban areas of site
A would be overwhelmed, as the threshold of site B (i.e., 13)
is larger than the maximum DN of site A (i.e., 11). Therefore,
it is meaningful to employ adaptive thresholds to derive more
reasonable and detailed urban areas.
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Fig. 14.  Two sample cities illustrating the performance of the adaptive thresholding technique. For each city, three sample sites are shown: sites A-C. Site
A shows the urban patches of village and town, site B shows the urban patches of county and district, and site C shows the urban patches of the city core.
For each site, four subimages are provided. (a) Potential urban patches, which represent the nonzero pixels of the ensemble SVM score. (b) Urban map
obtained by our method. (c) Histogram of potential urban patches, where T is the threshold, and Max is the maximum scores of potential urban patches.
(d) 2010 Google map overlaid by potential urban patches (marked in the black lines).

C. Incorporation of MODIS Multispectral Data

The MODIS multispectral bands have been considered and
incorporated as an additional feature into the proposed ensem-
ble framework. Specifically, the eight-day composite MODIS
Surface Reflectance Product (MODO09A1) at 500-m resolution
is taken into account, covering the spectrum of visible and
near-infrared: bands 1 (red: 620-670 nm), 2 (near-infrared 1:
841-876 nm), 3 (blue: 459-479 nm), 4 (green: 545-565 nm),
5 (near-infrared 2: 1230-1250 nm), 6 (shortwave infrared 1:
1628-1652 nm), and 7 (shortwave infrared 2: 2105-2155 nm).
Similar to [60], we use the percentile images extracted from
the image collection of Year 2010 to exclude clouds and cloud
shadows.

The experimental results with MODIS spectral bands incor-
porated are listed in Table VIII. Compared to the results
obtained by the four features (LST, VANUI, GDP, and POP),
mapping accuracy increments (referred to as dk in Table VIII)
can be obtained for all the biomes and city ranks (dk =
0.028 for the whole study area) when considering MODIS
multispectral data as an additional feature. On the other hand,
however, the computational time (including both training and
testing) increases. Therefore, it can be stated that the proposed
mapping framework can be further enhanced by taking more
effective input features into account.

VI. CONCLUSION

In this paper, we have proposed a novel ensemble SVM
method for deriving accurate urban areas by combining socioe-
conomic and physical data. The proposed method contains
three contributions: 1) reliable and diverse samples are gen-
erated by an automatic procedure; 2) the information in the
multisource data is effectively utilized by constructing an
ensemble SVM model; and 3) an accurate and reasonable
urban extent can be captured by employing an adaptive patch-
based thresholding method. Finally, the urban map produced in
this paper was validated with the CLUD data set and compared
with the mainstream global data sets. The results confirmed the

superiority of the proposed method, especially in challenging
areas (such as tropical and arid or semiarid biomes [1], as well
as small cities [18]). In addition, the mapping accuracy can
be further increased when MODIS multispectral data are
incorporated as an additional source to the proposed ensemble
method.

In the future, it is possible to include more data sources,
due to the high flexibility of the proposed method. More-
over, the proposed method has the potential to map urban
areas and monitor urbanization at global scale, due to its
cost-effectiveness and high accuracy. Moreover, the proposed
method can be useful for studies of the effect of urban-
ization on the environment, e.g., urban heat islands [4], air
pollution, water contamination, habitat loss, and biodiversity
decline [5], [6]. In view of this, further exploring the potential
of the proposed method and generating a global urban map
are in our future agenda.
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