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A B S T R A C T

Satellite-based human settlement extraction methods have limited practical applications, due to merely studying
the difference between human settlements and other land cover/use types in physical attributes (e.g., spectral
signature and land surface temperature) instead of considering basic anthropogenic attributes (e.g., human dis-
tribution and human activities). To deal with this challenge, we proposed a novel method to accurately extract
human settlements by integrating mobile phone locating-request (MPL) data and remotely sensed data. In this
study, human settlements for selected cities were mapped at a medium resolution (30 m) by redistributing the
MPL data using Landsat Normalized Difference Vegetation Index (NDVI) adjusted weights, with an overall ac-
curacy of above 90.0%. Additionally, by extending the proposed method to the MPL and Moderate Resolution
Imaging Spectroradiometer (MODIS) data, a coarse-resolution (250 m) map of human settlements in China was
created with an overall accuracy of 95.2%. Compared with the widely used nighttime light based methods, the
proposed method could solve the long-existing problems such as data saturation and blooming effects, as well as
characterizing human settlements with fine spatial details. Our study provides an alternative approach to human
settlement extraction by combining its physical and anthropogenic attributes, and it can be easily adjusted with
multi-scale remotely sensed data and applied to human settlement extraction at different scales.
1. Introduction

Human settlements typically include cities, towns, villages, and other
agglomeration of buildings where people live and work (Ridd and Hip-
ple, 2006). Despite of their small proportion (<1%) covering the land
surface (Schneider et al., 2010), human settlements exert a dispropor-
tionate influence on their surroundings in terms of mass, energy, and
resource fluxes (Cao et al., 2009). Thus, understanding the spatial extent
and geographic distribution of human settlements is fundamentally
important for landscape management (Zhang et al., 2016), urban plan-
ning (Matsuoka and Kaplan, 2008; Pauleit et al., 2005), as well as (i)
evaluating the impacts of urbanization on environmental problems such
as vegetation loss and degradation (Waseem and Khayyam, 2019), urban
heat island effects (Zhou and Chen, 2018), water and air pollution (Shao
et al., 2006), and climate change (Carter et al., 2015; Zhou et al., 2004);
and (ii) health problems (Xu et al., 2016), such as ambient pollution
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exposure (Song et al., 2019) and epidemic disease spreading (Tian et al.,
2016). All these issues require timely and accurate information on urban
human settlements.

Fortunately, satellite remote sensing has greatly facilitated the
monitoring and extraction of human settlements by providing spatially
explicit and temporally continuous information on dynamic land surface
change (Chen et al., 2017). Over the past two decades, numbers of pio-
neering studies have attempted to extract human settlements using
remotely sensed images. Here we classified them into four major cate-
gories in terms of the data and methods used in their implementation: (i)
optical images; (ii) microwave-based images; (iii) nighttime light images;
and (iv) multi-source data integration.

Optical images with high, medium, and coarse spatial resolutions,
such as IKONOS, QuickBird, SPOT (Syst�eme Probatoire d’Observation de
la Terre), Landsat series, and MODIS (Moderate Resolution Imaging
Spectroradiometer), have been widely employed for mapping the
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Fig. 1. The geographic locations of three selected cities in China. (a) Beijing, (b) Shanghai, and (c) Guangzhou. The base maps are NIR-red-green composition of
Landsat-8 data. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

B. Chen et al. Science of Remote Sensing 1 (2020) 100003
magnitude, location, and distribution of human settlement areas from
individual-city scale to regional and global scales (Lu et al., 2008; Lu and
Weng, 2006, 2009; Patel et al., 2015; Pesaresi et al., 2013; Ridd and
Hipple, 2006; Weng, 2012). However, mapping human settlements based
on optical images remains challenging due to the following obstacles:
firstly, human settlements are commonly composited with artificial fa-
cilities built using diverse materials, thereby increasing the intra-class
variability and heterogeneity of settlements. They are quite difficult to
spectrally separate from other land use types (Li and Gong, 2016; Weng,
2012). Secondly, the sensitivity of optical remote sensing sensors to
weather conditions during data acquisition is another primary limitation
for information extraction and analysis.

Although less often applied than optical data, microwave-based im-
ages have already been popularly discussed for characterizing urban
human settlements (Gamba et al., 2011; Pelizari et al., 2018), as a result
of (i) the increasing number of High Resolution (HR) and Very High
Resolution (VHR) synthetic aperture radar (SAR) sensors, including
Envisat ASAR, ALOS PALSAR, RADASAT-1, TerraSAR-X, and Cosmo/S-
kymed; (ii) the priority of penetrating cloud cover and thus eliminating
weather condition impacts on microwave-based data; and (iii) the
characteristics of capturing texture and height information. The basic
idea for human settlement extraction from SAR data is to differentiate
2

spatial properties through a mix of basic spatial elements to allow la-
beling scene segments as settlements instead of non-settlements (Gamba
et al., 2011). For example, a total of 180,000 TerraSAR-X and TanDEM-X
scenes were processed to create the Global Urban Footprint (GUF)
product (Esch et al. 2010, 2013) with three land cover types (urban area,
land surface, and water). However, the majority of VHR SAR is inac-
cessible due to the mandated “opportunistic” acquisition policy, thus
hindering fine-resolution human settlement extraction at large scales.

Nighttime light images, including DMSP-OLS (the Defense Meteoro-
logical Satellite Program’s Operational Line-scan System) and Suomi NPP
VIIRS (the Suomi National Polar-orbiting Partnership Visible Infrared
Imaging Radiometer Suite), have been extensively demonstrated to be a
cost-effective data source to indirectly reflect human activities (Cao et al.,
2009; Elvidge et al., 2001; Huang et al., 2015; Xie and Weng, 2016;
Zhang et al., 2013) and characterize the spatial distribution and dynamic
expansion of human settlements (Elvidge et al., 2001; Liu et al., 2012;
Weng, 2012; Xie and Weng, 2016). However, nighttime lights are often
affected by two sources of noises: saturation effects (nighttime light
signals gradually reach saturation in bright urban cores) and blooming
effects (the propensity for light to spread into areas surrounding the
actual source). Both effects often result in omission in the areas with
small proportional settlements such as towns and villages and
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overestimation on urban extents, which cause information loss and
distortion of spatial patterns (Lu et al., 2008; Zhang et al., 2013).

Mapping human settlements with multi-source data integration has
become more and more popular over the past few years. Spectral sig-
natures from optical images such as Landsat, MODIS, and SPOT-VGT
were commonly integrated with nighttime light images (DMSP-OLS
and VIIRS) to map pixel-based human settlements (Goldblatt et al., 2018;
Lu et al., 2008; Zhang et al., 2013). Land surface temperature (LST) data
were also combined with optical and nighttime light images to better
differentiate human settlement areas with other land cover types (Zhang
and Li, 2018; Zhang et al., 2015). Human settlements are sometimes
confused with dark objects such as water or shadows in spectral signa-
tures, but their land surface temperatures are different, thus LST-based
expert rules can be established to distinguish them. In addition, given
the rich spectral signatures from optical images and the detailed texture
features from radar data, these two types of data sources were also in-
tegrated to better extract human settlement areas (Lu et al., 2011; Sale-
ntinig and Gamba, 2015).

However, existing satellite-based human settlement extraction
methods have another shortcoming in practical applications, because
they merely study the difference between human settlements with other
land cover/use types in physical attributes (e.g., spectral signature,
texture, and land surface temperature) rather than considering the direct
anthropogenic attributes (e.g., human distribution and human activities).
Therefore, they cannot successfully differentiate impervious areas
without dense agglomeration of human activities (e.g., living or working)
apart from the actual human settlement areas. In recent years, the rapid
growth of location-based services and social media platforms provides
new opportunities to discover the spatial characteristics of human dis-
tribution and activities (Cai et al., 2017; Chen et al., 2018b; Song et al.,
2018; Steiger et al., 2015). Previous studies have revealed the high
correlation between geo-spatial big data (e.g. mobile phone records,
social media, taxi trajectories and smart card records) and human dis-
tribution (Chen et al., 2018c; Frias-Martinez et al., 2012; Jurdak et al.,
2015; Steiger et al., 2015). For example, Chen et al. (2018c) used
Tencent-based social media big data to map the global distribution of
Chinese population, and Deville et al. (2014) used mobile phone network
operators to provide accurate and detailed maps of population distribu-
tion at a national scale cost-effectively.

To address the aforementioned limitations of existing methods, we
proposed a novel method to extract human settlement areas using real-
time mobile phone locating-request (MPL) data from active smart
phone users and remote sensing data. Compared with previous methods,
the proposed method has the following highlights: (i) characterizing the
intrinsic property of human settlements; (ii) integrating mobile phone
locations and remote sensing data to produce finer-resolution human
settlement maps; and (iii) producing the 250-m human settlement layer
derived from mobile phone location-based and remote sensing data in
China.

2. Study area and data description

2.1. Study area

As shown in Fig. 1, the study area focuses on three rapidly urbanized
cities (Beijing, Shanghai, and Guangzhou) in China. Driven by the effects
of politics, economy, science, technology and culture, these three cities
with the top GDPs (gross domestic products) have continuous population
growth, which leads to the extensive expansion of human settlements
over the past decades (Huang et al., 2015). Given the large difference in
geographic locations and urban morphology patterns, the selected cities
enable us to better verify the effectiveness and robustness of the proposed
method.

Beijing, the capital of China, is the biggest city (16,411 km2) in
northern China with a population of more than 21.7 million, and its GDP
has reached 414.71 billion US dollars in 2017. Located in the northern
3

China Plain, the flat topography contributed to its rapid urban expansion.
As the economic center of China, Shanghai is densely populated with
over 24,18 million citizens within an urban area of 6,341 km2 located in
the Yangtze River Delta. In 2017, its GDP was up to 386.45 billion US
dollars, roughly 4% of the total GDP in China. As the capital of Guang-
dong Province, Guangzhou is the largest municipality (7,434 km2) in
southern China with a population of 14.5 million, and its GDP reached
342 billion US dollars in 2017. Similar to Shanghai’s superior water-rich
location, Guangzhou is situated at the heart of the Pearl River Delta plain,
which also experiences a stable ecological environment.

2.2. Mobile phone locating-request big data

In this study, we used the mobile phone locating-request (MPL) data
to monitor human movement by retrieving real-time locating requests
from mobile phone users’ activities in applications (Apps). The MPL data
is from Tencent big data platform, which is one of the largest Internet
service providers worldwide. All of the MPL data are produced by Ten-
cent company through retrieving real-time locations of active mobile
phone users when they are using Tencent Apps and Tencent’s location-
based services (LBS) called by other mobile Apps. Due to the wide-
spread use of Tencent’s service and Apps (e.g., Wechat, QQ, Tencent
Map, etc.), the monthly active users of Tencent have reached 700million,
and the daily locating records have reached 36 billion from more than
450 million users globally in 2016 (Tencent, 2016). Thus, the MPL big
data could represent unique indicators to characterize human activities at
a fine spatiotemporal scale. The dataset used in this study was collected
from March 14, 2016, to June 29, 2016, with a spatial resolution of 36
arc-second (~1.2 km) and a temporal resolution of 5-min updating fre-
quency using the application program interface (API) from the Tencent
website (http://heat.qq.com). Information regarding users’ identities
and privacies was removed from the publicly released dataset.

2.3. Landsat series

Landsat level-2 surface reflectance product archived in Google Earth
Engine was directly used as the major moderate-resolution data source to
redistribute the MPL data. We used the full stack of Landsat-8 Opera-
tional Land Imager (OLI) in 2016 that was able to spatially cover each
city. Specifically, a total of 149 images from 8 adjacent paths/rows were
used for Beijing, a total of 59 images from 2 adjacent paths/rows were
used for Shanghai, and a total of 43 images from 2 adjacent paths/rows
were used for Guangzhou. We first did a pixel-based quality check to
screen and filter out the poor-quality surface reflectance values using
cloud mask and quality assessment information in the Landsat metadata,
and then we did cloud-free composite over the certain temporal period to
generate the base Landsat imagery.

2.4. MODIS data

Two types of MODIS products (MOD09A1 and MOD13Q1) were used
in this study. Surface reflectance of MODIS bands 1–7 from MOD09A1
version 6 product was used to calculate remote sensing indexes and
verify their potential relationship with location-based data in this study.
We redistribute the mobile-phone locating request data using weights
derived from Normalized Difference Vegetation Index (NDVI) data to
generate human settlement mapping in China. The 16-day composites of
NDVI covering the entirety of China were extracted from the MOD13Q1
version 6 product. Both products temporally spanning the entire year
were downloaded from the NASA Earth Data portal (https://earthdata.
nasa.gov/).

2.5. Social media POIs dataset

Point-of-interests (POIs) represent places or locations with certain
functions.Peopleusuallygo todifferentPOIs for different kinds of purposes,
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Fig. 2. Flowchart of the research methodology.
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e.g., dining, shopping,working, entertaining, etc.POIsextracted fromsocial
media check-in records arewidely used for identifyinghumanactivities and
characterizing urban structures (Cai et al., 2017; Kaplan and Haenlein,
2010). The POIs data used in this study were from one of the most popular
Chinese social media platforms, Weibo (similar to Twitter). Different from
the POIs in othermap services (e.g., GoogleMaps, BaiduMaps, and Tencent
Maps, etc.), the related information ofWeiboPOIs are all recorded byactive
Weibo’s users rather than any other third-party information companies or
agencies. When people stay or arrive at a specific place, some of them will
make check-in activities using the Weibo App on their smartphones by
recording their physical location, the name of the place, and sharing their
mood. The dataset with more than 5.4 million POIs was collected through
the Weibo API (http://open.weibo.com/) in December 2014. Specifically,
each POI record consists of a series of information including location name,
coordinates, function category (POIs type), and the number of check�in
records. All POIs are classified into nine groups (i.e. Catering, Retailing,
Automobile, Accommodation, Recreation, Public Facility, Transportation,
Culture&Media, Others). Therefore, in this study, the POIs highly relevant
to human daily life were labeled as human settlements based on the cate-
gory of POIs (Supplementary Table S1) and were used for validation.
Although the collected POI dataset had a 2-year difference from other
datasets used in 2016, it did not impact much on our validation due to the
fact that (i) the POI record was relatively stable and would not change
considerably over time; and (ii) the POI dataset was only used to represent
human settlements in this study. Even the sub-category of somePOI records
changed, it still represented human settlements.

3. Methods

Fig. 2 presents a flowchart outlining the methodology applied in this
study, including five major procedures as follows. First, data pre-
processing was conducted by converting discrete location-based data into
raster images, time-series filtering of MODIS data, and converting both
Landsat and MODIS into the comparable NDVI data. Second, a self-
4

developed spatiotemporal adaptive fusion model for NDVI products
(STAFFN) was used to produce dense time-series NDVI data with mod-
erate spatial resolutions (Chen et al., 2018a). Third, the vegetation index
was adjusted to redistribute the coarse-resolution MPL data. Fourth,
human settlements were extracted using the adaptive threshold. Fifth,
the accuracy validation of extracted human settlements was conducted.
3.1. Data preprocessing

The original MPL dataset was recorded by summing real-time loca-
tions of active mobile users using pairs of geodetic coordinates (longi-
tude, latitude). To use this location information, we first constructed a
grid with a spatial resolution of 36 arc-second (~1.2 km) (which was
consistent with the spatial resolution of MPL data). Using the grid
structure, we assigned people to particular grid cells based on the loca-
tion of their mobile-phone records (Chen et al., 2018c). In this way, the
geographic distribution of discrete location records could be presented
and visualized using the grid structure of raster images. The MPL data
was recorded with a 5-min updating frequency, providing dense
time-series dynamics of population movements from hourly to daily,
weekly, and monthly temporal scales. We incorporated all the collected
MPL records to simulate the general geographic distribution of human
beings. Specifically, we first aggregated the 5-min MPL records per day
together to produce the daily sum of MPL records, which stood for the
daily geographic pattern of human beings, and then averaged all the
daily records fromMarch 14, 2016, to June 29, 2016 to get the final MPL
layer obtaining the general pattern (Chen et al., 2018c).

As Landsat level-2 surface reflectance product had been calibrated
and atmospherically corrected by the Landsat ecosystem distribution
adaptive processing system (LEDAPS) (Masek et al., 2013), no further
atmospheric correction was required. Thus, the Landsat NDVI imagery
was derived from the mosaic surface reflectance data according to
Equation (1) (Rouse et al., 1974),

http://open.weibo.com/


Fig. 3. Correlation between remote sensing metrics (NDVI, IBI, NDBI, and UI) and mobile-phone locating-request times (MPL) in Beijing (a–d), Shanghai (e–h), and
Guangzhou (i–l).
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NDVI¼NIR� Red
NIRþ Red

(1)
where NIR and Red denote the near-infrared band and red band,
respectively.

Given the fact that the MOD13Q1 remained significant residual effect
from subpixel clouds, variable illumination conditions and viewing ge-
ometries, and other remnant errors (Jin and Xu, 2013), in this study, an
automated compound smoother, named the Running Median, Mean
Value, Maximum Operation, End Point Processing, and Hanning
Smoothing (RMMEH) (Jin and Xu, 2013), was adopted to efficiently
reduce noise of theMOD13Q1NDVI time series, and to reconstruct a high
quality NDVI time-series dataset. Finally, the MODIS NDVI data were
applied and blended with Landsat NDVI imagery to produce a dense
time-series and fine-spatial-resolution NDVI dataset.

3.2. Choice of remote sensing index integrated with MPL data

Previous studies have shown that vegetation abundance is closely and
inversely correlated with impervious surfaces, which is regarded as an
evident characteristic of many urban environments (Small, 2001; Weng
et al. 2004, 2006). Generally, in most urbanized regions, the urbanization
process results in significant land cover changes from natural vegetation,
cultivated land, and bare land to built-up areas. Human activity pattern
surveys show that human beings spend an average of 87% of their time in
enclosed buildings (Klepeis et al., 2001), and the estimated proportion
has reached 90% in developed countries (Klepeis et al., 2001). It is
rational to infer that human activities commonly take place in built-up
areas or areas of lower vegetation, and we do not expect extensive
human activities in densely vegetated areas. In this study, the intensity of
human activities is estimated by MPL records. The larger MPL records
evidently indicate a higher intensity of human activities. To explore the
possible relationship between human activities and remote sensing
metrics, we tested the correlation between MPL and the widely used
indexes including NDVI, Index-based Built-up Index (IBI) (Xu, 2008),
Normalized Difference Built-up Index (NDBI) (Zha et al., 2003), and
Urban Index (UI) (Kawamura, 1996). For each city, the remote sensing
metrics were calculated from the MOD09A1 greenest composite and then
aggregated to the 36-acr-second grids, making their spatial resolution
5

consistent with that of the MPL dataset.
As the pixel-to-pixel scatter plots shown in Fig. 3, it is evident that

NDVI and MPL are negatively correlated while the three urban indexes
are positively correlated with MPL. Statistical results showed that
compared with the other three indexes, NDVI achieved a higher and
more robust correlation with MPL for all three cities, i.e., Beijing (R2 ¼
0.56, p< 0.001), Shanghai (R2¼ 0.50, p< 0.001), and Guangzhou (R2¼
0.46, p < 0.001). This experimental test would support the rationale of
our assumption that vegetation and human activities are negatively
correlated.
3.3. Fusion of landsat NDVI with MODIS NDVI data

Compared with existing spatiotemporal fusion models, the spatio-
temporal adaptive fusion model for NDVI products (STAFFN) is proposed
to improve blending highly resolved spatial and temporal information
from multiple sensors (Chen et al., 2018a). This model integrates an
initial prediction into a hierarchical selection strategy of similar pixels,
and can capture temporal changes very well. Landsat NDVI data (30 m)
was assigned as the base-date Landsat scene, and the resampled MODIS
NDVI data (30 m) was temporally closest to Landsat data assigned as the
base-date MODIS scene. Then, we applied STAFFN to produce 16-day
Landsat-like NDVI time series spanning the entire year from August
2015 to July 2016, by fusing fine temporal information from MODIS and
fine spatial information from Landsat data. For redundancy reduction
and computational efficiency, the pixel-based maximum NDVIs were
extracted from the one-year fused NDVI time series in this study.
3.4. Redistributing coarse-resolution MPL data using NDVI adjusted
weights

Inspired by previous studies using vegetation index to downscale
nighttime light data for improved urban variability (Zhang et al., 2013),
we proposed to redistribute the coarse-resolution location data using the
NDVI adjusted weights. In this study, we defined NDVI adjusted
locating-request times (NAL) data through Equations (2) and (3). The
schematic diagram of implementing NAL is illustrated in Fig. 4. As
described above, pixels with larger NDVI values should contribute less to



Fig. 4. Schematic diagram of redistributing the coarse-resolution MPL data using NDVI adjusted weights. (a) original MPL data (~1.2 km) at a pixel scale, (b) the
fused Landsat NDVI data (30 m) in the same geographic region, and (c) the redistributed fine-resolution MPL data (30 m) derived from (a) and (b).
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proportionate the coarse-resolution locating-request times, therefore we
used the normalized reciprocal of NDVI as the adjusted weightWi (range
from 0 to 1):

Wi ¼ 1=NDVIi
Pw �w

i
1=NDVIi

; 0 < NDVIi � 1 (2)

NALi ¼L �Wi (3)

where L denotes the total number of locating-request times for each
coarse-resolution MPL pixel (Fig. 4a), NDVIi is the ith pixel of the fine-
resolution maximum NDVI data (Fig. 4b) derived from the Landsat
data in Section 3.1. w is the spatial-resolution difference between the
locating-request times and NDVI data, and w is 40 in this study. NALi
denotes the corresponding ith pixel of the redistributed locating-request
times data (Fig. 4c). As the negative or zero NDVIs are usually associated
with water body covers, we use the threshold “NDVI � 0” to exclude
potential water bodies before implementing NAL. In this way, the range
of NDVIs can be constrained as NDVI 2 ð0;1�.

3.5. Extraction of human settlements with adaptive thresholds

The redistributed MPL data has greatly increased its intra-urban
variability within sub-pixel resolutions, and is a useful indicator to
characterize human activities and estimate human settlement areas.
Extensive studies have used thresholding techniques to map urban and
human settlement extent from NTL images at both regional and global
scales due to their simplicity and intuitivity, especially when an optimal
threshold is available (Imhoff et al., 1997). With the thresholding
method, pixels with digital number (DN) values (e.g., NAL in this study)
larger than a predefined value would be identified as “human settle-
ment”. However, there are several limitations using the thresholding
methods employed in previous studies. First, it is difficult to define the
optimal thresholds, and no single predefined threshold is valid to extract
human settlement extent for various cities (Imhoff et al., 1997; Small,
2001; Xie and Weng, 2016). Second, empirical thresholds are incom-
patible across different spatiotemporal scales. In this paper, we proposed
a robust training scheme using massive POIs data to adaptively define
optimal thresholds for extracting human settlements. Specifically, we
collected 21,789 training POI samples for Beijing, 19,227 training POI
samples for Shanghai, and 11,817 training POI samples for Guangzhou.
For each selected city, each POI sample Pi will have a corresponding NAL
value Ni. After excluding the potential noises with Ni ¼ 0, we then sorted
the valid NAL data Nj from small to large order. The adaptive NAL
threshold NT for each city was determined through Equations (4) and (5)

t¼ �
ρ � numðNjÞ

�
(4)

NT ¼Nt (5)
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where num(Nj) denotes the total number of pixels in the NAL data, ρ
denotes the cutting-off probability, which is assigned as 5% based on the
experimental tests (see Results). t is the adaptive number order for the
resorted NAL sequence.

3.6. National-scale human settlement extraction

The method above can be easily adjusted for redistributing the MPL
data by other remotely sensed data. We further created the national-scale
human settlement map with a 250-m spatial resolution by combining
MPL data with time-series MODIS data. The max NDVI values were
extracted from the one-year MODIS NDVI time series after noises being
removed as elaborated in Section 3.1. The water layer (IGBP classifica-
tion code: 0) from the MODIS collection 5 IGBP classification product
(MCD12Q1) product (Friedl et al., 2010) was extracted and resampled to
the same spatial resolution (250 m) as the MODIS NDVI data. Then, the
extracted water layer was used to exclude water bodies from the MODIS
NDVI data. Consequently, we could eliminate potential biases caused by
low NDVI values of water bodies. Similar to the method described in
Section 3.2, we further redistributed the MPL data using MODIS NDVI
adjusted weights.

Given the differences of physical environment and socio-economic
development in various areas of China, the usage of a uniform
national-scale NAL threshold delineating human settlements will
certainly result in the underestimation of small settlement areas and
overestimation of those large ones. To solve this problem, we determined
adaptive thresholds for each prefectural-level city in China by means of
sample training with referenced POIs dataset. Similar to the method
described in Section 3.4, for each prefectural-level city, each POI sample
Pi will have a corresponding NAL value Ni. After excluding the potential
noises with Ni ¼ 0, we then sorted the valid NAL data Nj from small to
large order. We assigned the cutting-off probability as 5%, and the
adaptive NAL threshold NT for each prefectural-level city was deter-
mined through Equations (4) and (5).

3.7. Accuracy assessment of settlements extraction

To assess the performance of extracting human settlements quanti-
tatively, we used POIs data as the ground truth reference to validate the
accuracy. In this study, a total of 5.4 million POIs that are highly relevant
to human daily life were acquired. In terms of accuracy assessment for
30-m human settlement mapping, we first created a grid mesh with a 30-
m spatial resolution being consistent to that of the extracted human
settlements and overlapped it with the POIs data. In this way, the total
number of POIs within each grid can be calculated. Grids having a higher
number of POIs are assumed to be with higher probabilities of human
settlements. A cutting-off probability of upper 15% was assigned to
define human settlements. For each city, the amount of POIs above the
top 85 percentile was defined as the threshold, and grids with POIs larger
than the threshold were defined as human settlements. Similarly, as for



Table 1
Brief description of datasets used for comparison.

Dataset Spatial
resolution

Year Reference

Global human settlement layer
(GHSL)

250 m 2015 (Pesaresi et al. 2013,
2016)

Global human built-up
settlement extent (HBASE)

250 m 2010 Wang et al. (2017)

Global man-made impervious
surface (GMIS)

250 m 2010 Brown de Colstoun
et al. (2017)

LandScan 1000 m 2016 Dobson et al. (2000)
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the accuracy assessment for 250-m human settlements in China, the
initial grid mesh was generated with a 250-m spatial resolution, and the
subsequent procedures were the same as that of accuracy assessment for
30-m human settlement mapping. In contrast, non-settlement samples
were randomly generated outside those settlement samples. Specifically,
there were 9,112 samples selected for Beijing, 4,030 samples for
Shanghai, 8,879 samples for Guangzhou, and 34,600 samples for China.
The overall accuracy accompanied with producer’s accuracy and user’s
accuracy would be regarded as the major indicators of extraction
accuracy.

3.8. Comparison with other datasets

We collected global human settlement layer (GHSL), global human
built-up and settlement extent (HBASE), and global man-made impervious
surface (GMIS) as comparable datasets (Table 1) to assess their accuracies.
Additionally, we also collected the population dataset-LandScan (Table 1)
to calculate the total population within the extracted human settlement
Fig. 5. Visualization of original mobile phone locating-request (MPL) data and NDVI
Shanghai, and (c) Guangzhou.
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layer, and then derived the percentage against the entire country. This
indicator was further compared with the urbanization rate reported from
National Bureau of Statistics of China in 2016.

4. Results

4.1. Deriving the redistributed NAL data

For each selected city, we fused the cloud-free fine-resolution Landsat
OLI data and the coarse-resolution NDVI data derived from MOD13Q1
products to generate synthetic NDVI time series and calculate the max
NDVI values from the fused intra-annual time series. The annual max
NDVI data was chosen as the adjusted weights to downscale the original
coarse-resolution MPL data according to the equations (2) and (3). As
shown in the top row of Fig. 5, the MPL data could characterize the
spatial distribution of active population very well in all three cities we
examined. In addition, the MPL data recorded the total number of
locating-request services from active users, thus averting the saturation
of data values for each grid (1.2 km � 1.2 km). However, the ability of
MPL data to characterize intra-urban variation was limited due to its
coarse spatial resolution, especially for heterogeneous urban core areas
(Fig. 5). In contrast, the NAL data could keep a consistent spatial distri-
bution of active population with MPL data and capture the fine spatial
details of NAL variations within urban areas (Fig. 5). With an inter-
comparison between the zoomed-in MPL and NAL data in the bottom
rows of Fig. 5, we could clearly find that the MPL data, serving as a
coarse-resolution spatial distribution of population density, was inca-
pable to detect sub-pixel variations of population distribution, whereas
the NAL data was able to characterize the fine-resolution distribution of
population density and spatial allocation of human settlements.
-adjusted locating-request (NAL) data in the three selected cities (a) Beijing, (b)



Fig. 6. The frequency and percentage of NAL values extracted by POIs training datasets in Beijing (a), Shanghai (b), and Guangzhou (c).

Fig. 7. Extracted human settlement areas for Beijing (a), Shanghai (b), and Guangzhou (c) in China.
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4.2. Extracting human settlements using the NAL data

As the coarse-resolution MPL data was derived from averaging all
daily records from March 14, 2016 to June 29, 2016, it represented the
general geographic distribution of population by incorporating all the
daily-, weekly-, and monthly-fluctuations of population movement. The
NAL layer, obtained by redistributing coarse-resolution MPL using NDVI
adjusted weights has already been approximate to the actual geographic
extent of human settlement areas. As shown in Fig. 6, we found that the
vast majority of the POIs training dataset extracted NAL values ranged
from 1 to 100 for all the three selected cities. In order to exclude potential
biases (e.g., negative values or null values) from the NAL, we assigned the
cutting-off probability as 5% to refine NAL values extracted by the POIs
training dataset.

After identifying the settlement areawith the adaptive thresholdNT for
each selected city, we derived urban human settlement areas (Fig. 7). As
shown in Fig. 7, the extracted results could generally reflect the detailed
geographic distribution of human settlements in these three cities.
8

4.3. Validation of extraction accuracy using the POIs dataset

The quantitative accuracy of human settlement extraction was vali-
dated with randomly selected POI samples. As summarized in Table 2,
experimental results showed that our method to extract human settle-
ments achieved robust overall accuracies of 91.2% in Beijing, 90.0% in
Shanghai, and 92.3% in Guangzhou. The Kappa coefficients were also
above 0.82 for all three selected cities.
4.4. National-scale human settlement map in China

As shown in Fig. 8a, by extending the weighted redistributing method
to the MPL and MODIS data, we could obtain the MODIS NDVI adjusted
locating-request (NAL) data in China. The adaptive NAL threshold for
each prefectural-level city was determined by means of sample training
with referenced POIs dataset in Fig. 8b. We then extracted human set-
tlement areas for each city and conducted the image mosaic to produce
the national-scale human settlement map in China (Fig. 8c). Statistically,



Table 2
Confusion matrix and accuracy assessment of 30-m human settlement mapping
in Beijing, Shanghai, and Guangzhou.

(1) Beijing Overall accuracy: 91.2%; Kappa coefficient:0.82

Class\Reference Settlement Non-
settlement

Total Pro. Acc.
(%)

User Acc.
(%)

Settlement 3,915 159 4,074 85.9 96.1
Non-settlement 641 4,397 5,038 96.5 87.3
Total 4,556 4,556 9,112

(2) Shanghai Overall accuracy: 90.0%; Kappa coefficient: 0.80
Class\Reference Settlement Non-

settlement
Total Pro. Acc.

(%)
User Acc.
(%)

Settlement 1,678 67 1,745 83.3 96.2
Non-settlement 337 1,948 2,285 96.7 85.2
Total 2,015 2,015 4,030

(3) Guangzhou Overall accuracy: 92.3%; Kappa coefficient: 0.85
Class\Reference Settlement Non-

settlement
Total Pro. Acc.

(%)
User Acc.
(%)

Settlement 3,827 77 3,904 86.2 98.0
Non-settlement 611 4,364 4,975 98.3 87.7
Total 4,438 4,441 8,879

Fig. 8. MODIS NDVI adjusted locating-request (NAL) data in China (a), POI data for t
a 250-m spatial resolution (c).
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as for the 250-m human settlement mapping in China (Table 3), the
overall accuracy was up to 95.2% with a Kappa coefficient of 0.90.

In the meantime, using the same 34,600 validation samples, the
overall accuracies were 90.2% for GHSL, 89.2% for HBASE, and 89.7%
for GMIS, which were all slightly lower than our extracted one.
Compared with the entire country, Landscan-based population estimate
is 64.7% within the extracted urban human settlements, which was quite
close to the urbanization rate (i.e., 57.4% in 2016) in China (National
Bureau of Statistics of China, 2017).
raining and validation (b), and final national-scale human settlement extent with

Table 3
Confusion matrix and accuracy assessment of 250-m human settlement mapping
in China.

Class\Reference Overall accuracy: 95.2%; Kappa coefficient: 0.90

Settlement Non-
settlement

Total Pro. Acc.
(%)

User Acc.
(%)

Settlement 15,916 272 16,188 92.0% 98.3%
Non-settlement 1,384 17,028 18,412 98.4% 92.5%
Total 17,300 17,300 34,600



Fig. 9. Comparison of human settlements characterized by nighttime light data (NTL) and vegetation-adjusted nighttime light data (VANTL) derived from DMSP/OLS
and VIIRS, mobile-phone locating-time data (MPL), and NDVI-adjusted mobile-phone locating-time data (NAL) in Beijing (a), Shanghai (b), and Guangzhou (c).
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5. Discussion

5.1. Comparison between NTL and NAL based methods

Nighttime light (NTL) data have been extensively used to extract
human settlement areas and related urban extent in previous approaches
(Cao et al., 2009; Liu et al., 2012; Xie and Weng, 2016; Zhang et al.,
2013). Here we further compared original NTL and vegetation adjusted
NTL (VANTL) derived from DMSP-OLS and Suomi NPP VIIRS, original
mobile phone locating-time data (MPL), and NDVI-adjusted loca-
ting-time data (NAL) simultaneously in three selected cities. As shown in
Fig. 9, all six indicators captured the general spatial patterns of human
settlement distribution in different cities. However, the blooming effect
of NTL data was serious, thus leading to an inevitable overestimation of
human settlement extraction. Integrated with fine-resolution NDVI data,
VANTL was improved to be useful in characterizing human settlements
with more spatial details, but it was still limited by the blooming effects
of NTL data and would overestimate the extent of human settlements.
Due to the coarse spatial resolution and easy-to-reach oversaturation, the
blooming effect was especially serious for the characterization of human
settlements using only DMSP-OLS data (the first column in Fig. 9). With
the improvement of spatial resolution and the enlarged range of night-
time light signals, the blooming effect was eliminated significantly for
VIIRS data (the third column in Fig. 9), but it still led to biases in over-
estimating the extent of human settlements outside the urban cores. In
contrast, MPL could perfectly solve the long-existing problems of NTL
data including the saturation of data value, and blooming effects, which
provided a possible alternative to characterize the extent and
intra-structure of our human settlements.
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5.2. Implications and uncertainties of methods

Geospatial big data have been widely recognized in providing op-
portunities for the characterization of human activities. In this study,
with the unique geotagged information from the Tencent MPL data, we
dig out the geographic distribution of people with unprecedented spatial
details. By incorporating the population distribution inferred from the
MPL data with remotely sensed data, we have a new way to extract
human settlements by considering both physical and anthropogenic at-
tributes. In addition to the abovementioned merits, some potential con-
cerns about our research methods and results need to be addressed. First,
although the negative correlation between NDVI and MPL has been
verified to be significant in all three cities, its variation accountability
remains to be at a low level because of the biased noises from massive
samples. Better refining the adjusted weights that redistribute coarse-
resolution MPL data into fine-resolution grids requires to integrate
with more input variables, such as building density and land surface
temperature. Second, the extracted human settlements using our method
can well exclude the broad roads in rural areas, but our current human
settlement map cannot exclude roads or streets within the urban cores
since the MPL data are massively recorded at these areas with dense
human activities. In contrast, human settlements in rural areas with less
active MPL records will be underestimated. Therefore, in a broader view,
our nationwide human settlement mapping is more focused on urban
areas. Third, the Tencent-based MPL data tend to leave out some popu-
lation groups of the society because the children, the elderly, and the
poor are less-frequent active users. Nevertheless, the current data can still
well quantify population distribution patterns on account to the massive
volume of data records. The MPL data has been recorded and released



B. Chen et al. Science of Remote Sensing 1 (2020) 100003
since late 2015, therefore, we cannot produce historical human settle-
ment maps before 2015 using current data sources. However, we can
incorporate other possible geotagged information from mobile-phone
towers and other location-based social media data such as Weibo,
Twitters, and Flickr that have longer-term historical records. The pro-
duction of time-series human settlement maps from the past to date is still
an open question for our future research.

6. Conclusions

With the integration of location-based and remotely sensed data, our
study provides a novel approach to extract human settlements by
combining the physical and socio-economic properties simultaneously.
Experimental tests in selected sites with a medium resolution (30 m) and
in a national scale with a coarse resolution (250 m) were verified to map
human settlement extent accurately. In addition, the proposed method
can be easily adjusted with multi-scale remotely sensed data and applied
to human settlement extraction at different spatial scales.
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