
remote sensing  

Article

A Human Settlement Composite Index (HSCI)
Derived from Nighttime Luminosity Associated
with Imperviousness and Vegetation Indexes

Ting Ma 1,3,6,* ID , Tao Xu 1,4, Lin Huang 2,3,* and Alicia Zhou 5

1 State Key Laboratory of Resources and Environmental Information System, Institute of Geographical
Sciences and Natural Resources Research, Chinese Academy of Sciences, Beijing 100101, China;
isaxut@163.com

2 State Key Laboratory of Remote Sensing Science, Institute of Remote Sensing and Digital Earth,
Chinese Academy of Sciences, Beijing 100012, China

3 University of Chinese Academy of Sciences, Beijing 100049, China
4 Information Science Academy, China Electronics Technology Group Corporation, Beijing 100081, China
5 Department of Mathematics & Statistics, College of Art and Science, Boston University,

Boston, MA 02215, USA; azhou96@bu.edu
6 Jiangsu Center for Collaborative Innovation in Geographical Information Resource Development and

Application, Nanjing 210023, China
* Correspondence: mting@lreis.ac.cn (T.M.); huanglin@radi.ac.cn (L.H.); Tel.: +86-10-64889769 (T.M.)

Received: 13 February 2018; Accepted: 10 March 2018; Published: 14 March 2018

Abstract: Satellite-derived nighttime light data have been increasingly used for studying urbanization
and socioeconomic dynamics, because there are notable quantitative relationships between
anthropogenic nocturnal radiance and the degree of human activity over time and space at
different scales. When considering the visible impacts of saturation and over-glow effects from
original nighttime light images, several composite indexes, which mainly include the introduction
of vegetation index, have been studied to improve the application of nighttime light data for
investigating the spatial patterns in human settlements. To overcome the shortcomings of
previous composite indexes, especially in areas of highly intensified human activity, such as urban,
non-man-made surfaces, and low density human activity, such as in rural residential sites, we propose
a new human settlement composite index (HSCI). The establishment of this proposed HSCI is based
on a combination of three different remote sensing datasets: nighttime light brightness (derived from
the Defense Meteorological Satellite Program, DMSP), the normalized difference vegetation index
(NDVI, derived from the Moderate Resolution Imaging Spectroradiometer, MODIS), and the percent
impervious surface area (PISA, derived from the GlobeLand30 land cover and land use dataset
produced from Landsat data). We defined the calculation of HSCI as the arithmetic mean of the
normalized difference urban index and normalized difference imperviousness index with respect to
both the magnitude of socioeconomic activity and the distribution of artificial surface across human
settlement, respectively. Analysis results clearly demonstrate the utility of HSCI in delineating
spatial patterns for different kinds of human settlement, particularly for identifying non-man-made
surfaces in urbanized areas, various densities of human activities in peripheral areas and small
human settlements in rural and remote areas. Our method and findings provide an effective way
to investigate human settlements with a nighttime brightness-based composite index, as well as
valuable insights into further studies of the composite index related to nocturnal luminosity data.

Keywords: human settlement; composite index; DMSP nighttime light; vegetation index; impervious
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1. Introduction

Owing to the significant quantitative relations between nighttime light radiance (NTL) and several
demographic and socioeconomic parameters over time and space, satellite-derived anthropogenic
nocturnal luminosity data are used increasingly for estimating human activity related to urban
expansion and socioeconomic development [1–7]. This data was previously provided by the
Defense Meteorological Satellite Program (DMSP) [8] and is currently being derived from the Visible
Infrared Imaging Radiometer Suite (VIIRS) on the Suomi National Polar-orbiting Partnership satellite
(Suomi-NPP) [9–16]. Although there are some limitations in the spatial resolution, diffusion and
saturation effects in comparison with VIIRS data, the long-term archive of DMSP nighttime light
data is still an irreplaceable data source due to globally consistent observations for the development
of human settlements and socioeconomic dynamics [17–21]. Nighttime light data generally have
a notable advantage for investigating the total degree of human activity at the regional and country
levels based on the positive and monotonic response of observed NTL to corresponding socioeconomic
variables. However, using remotely sensed nocturnal radiance data to identify and characterize human
settlements spatially remains a major challenge because of the lack of texture information for artificial
lighting objects in current nighttime light images [22,23]. Therefore, previous studies of nighttime
light data-based urbanization typically used land cover data to evaluate the accuracy of extracting
nocturnal brightness signals in response to urbanized land spatial expansion. Some studies used the
land cover map as a reference for partitioning the NTL local threshold algorithm for the delineation of
urban extent based on nighttime light images [24–28]. In practice, there exists spatially conspicuous
differences between nighttime light signals and visible or infrared remote sensing data across human
settlements; the former is affected by artificial lighting sources at night and the latter is determined
by the spatial arrangement of constructed facilities, vegetation, water bodies and other landscape
objects [29]. Hence, for integration into a comprehensive index that reflects both the degree of human
activity and characteristics of the land surface across human settlements, it is advantageous to use
nighttime light data and other remote sensing images [30,31].

In recent studies, the normalized difference vegetation index (NDVI) has been used to improve
DMSP by reducing the saturation effect of NTL and enhancing the spatial details of human
settlements due to the negative relation between the vegetation index and urban impervious surface.
A representative instance is that Lu et al. [32] proposed a human settlement index (HSI) by combing
MODIS derived NDVI and DMSP to extract the distribution of residential sites, as follows:

HSI =
(1 − NDVI) + DMSP

(1 − DMSP) + NDVI + DMSP × NDVI
(1)

where DMSP is normalized and NDVI is composed of MODIS products over the growing season
using the maximum value composite method. Theoretically, for a given site in a human settlement,
a large HSI value generally indicates locally intensified human activity, whereas the DMSP shows an
increase in NTL and MODIS data show a decline in NDVI. When comparing results with high spatial
resolution Landsat ETM+ data suggested that composited HSI can characterize the patterns of human
settlement better than using only DMSP or NDVI. A practical problem for the application of HSI is that
when DMSP NTL approaches zero in the dim light areas, HSI is mainly determined by NDVI. Thus,
the estimated value of HSI for bare soil or water bodies with small NDVI values could be potentially
higher than those in suburban or township areas. In particular, urban water bodies with low NDVI
values and relatively high NTL values due to the over-glow effect of nighttime light signals could
make a high HSI value even larger than those in central urban areas.

In particular, Zhang et al. [33] found that NDVI and radiance calibrated DMSP show a significant
negative correlation in those areas where digital NTL reaches a saturated value. Hence, they developed
a vegetation adjusted NTL urban index (VANUI) to reduce the saturation effect of DMSP, particularly
for central urban areas:

VANUI = DMSP × (1 − NDVI) (2)
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where DMSP is normalized, and NDVI is the annual average used to reduce the seasonal and
inter-annual fluctuations. Because the term of (1 − NDVI) typically reverses the spatial fluctuations
in NDVI along the urban-rural gradient, VANUI can efficiently enhance the nighttime light signals
in detail for central urban areas, as well as suppress nighttime radiances in the periphery of urban
lands. However, VANUI still remains a challenge to use for areas like urban water bodies due to
locally indistinguishable nighttime lights, which are primarily contributed by neighborhood activities.
Liu et al. [34] proposed a normalized urban area composite index (NUACI), in which the normalized
difference water index (NDWI) and enhanced vegetation index (EVI) are involved to eliminate the
impact of water bodies when mapping impervious surface areas. The information regarding the
magnitude of human activity are likely to be reduced for emphasizing impervious surfaces, and the
calculation of NUACI could vary with the size and form of urban lands.

The primary objective of the present study is to develop a human settlement composite index
(HSCI) for spatially delineating the patterns of human settlement to overcome the abovementioned
limitations of previous composite indexes. An additional aim in this study is to improve the capability
of nighttime light data for investigating human activity, with a more detailed look at combined artificial
lighting signals and land cover information. HSCI is derived from DMSP nighttime light images in
association with MODIS NDVI data and Landsat-derived percent impervious surface area (PISA) data.
The HSCI origin will be explained in detail based on distinctive feature analyses of DMSP data and
other two remote sensing datasets. The utility of HSCI for investigating human settlements will be
demonstrated with comparisons of previous indexes at both local and regional scales.

2. Materials and Methods

2.1. DMSP Nighttime Luminosity Data

Annual cloud-free composited stable DMSP nighttime light products in 2010 (downloaded from
https://ngdc.noaa.gov/eog/dmsp.html) was used for the study of HSCI and the demonstration of its
application to match corresponding impervious surface area data. Original DMSP images consist of
a 30 by 30 arc-second (approximately 1 by 1 km at the equator) gridded cell-based nocturnal luminosity,
ranging from a digital number of 0 to 63 under the WGS84 coordinate reference system.

It is well documented that there exists over-glow (blooming or diffusion) and saturation effects
from nighttime lighting in DMSP imagery [29,35,36]. The former is largely attributed to the low
resolution of the sensors and the influence of the adjacent gird cells. The latter is because of the limited
capability of the 6-bit quantization sensors, in which the high density nighttime brightness in areas
with high density human activity generally exceeds the sensors’ collection range in a high-gain regime.
Both of the effects can markedly affect the application of DMSP data for spatially characterizing
human settlements.

Figure 1 illustrates the diffusion effect by overlaying a translucent DMSP image on a Google Earth
image for Wuhan. Empirically, we can find that most of the city’s impervious surfaces are spatially
distributed within the red-highlighted area, which generally indicates intensified human activity.
However, some red-highlighted areas that are located in the periphery of the city and yellow-highlighted
areas with DN > 40 still contain lots of farmlands and woodlands. These findings imply that these
lands are lit by the diffused nighttime lights and cannot be connected to the degree of socioeconomic
activity. Moreover, the Yangtze River and inland lakes located in the urbanized land area are also lit by the
neighborhood nighttime lighting sources. In practice, these areas are completely indistinguishable from
nighttime light images due to the over-glow effect directly causing false urbanized pixels, which would
result in an overestimate of urbanized lands and a loss of detailed human settlement information.

https://ngdc.noaa.gov/eog/dmsp.html
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Figure 1. Original Defense Meteorological Satellite Program (DMSP) nighttime light image overlaid on
Google Earth image for Wuhan.

The saturation effect in the DMSP images is demonstrated in Figure 2 through a longitudinal
cross-section comparison in Nanjing. The radiance calibrated NTL indicates that there are conspicuous
fluctuations in nightlight brightness surrounding the urban center in response to spatial variations of
human activity. Moreover, the reduced local NTL differences in the original DMSP images, which are
crucially important for identifying various human activities across the settlement, can markedly impact
the utility of nighttime light data.

Despite these shortcomings, long-term DMSP data time series still play an irreplaceable role in
relative studies due to the globally consistent and timely observations of diverse human activities
with significantly quantitative connections to several variables of urbanization and socioeconomic
dynamics. Therefore, using ancillary data with spatially explicit information regarding land covers to
enhance the heterogeneity of NTL, responding to diverse degrees of human activity over inter and
intra-urban lands is desirable for further applications of DMSP nighttime light images.
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Figure 2. Longitudinal profiles of nighttime light signals across Nanjing. (a) Google Earth image;
(b) Radiance calibrated DMSP nightlight image; (c) Original DMSP nightlight image; and, (d) Quantitative
comparisons of radiance calibrated DMSP nightlight brightness and original DMSP signals.

2.2. Vegetation Index Data

NDVI data that were used in this study are derived from MODIS land data products.
Monthly NDVI data at 1 km spatial resolution were obtained using daily NDVI data based on the
maximum value composite method [37]. To reduce the effect of seasonal and monthly variations
in NDVI across the whole country, we used the average monthly NDVI over the growth period
(from May to October) for the subsequent calculation of the human settlement composite index (HSCI).
It is well documented that the NDVI value for water bodies is typically a smaller positive or negative
value [38], and bare soils generally range from about 0.2–0.3. Owing to the complex component
materials, there is no a fixed range of NDVI for urbanized lands. In general, NDVI is usually low and
decreases as the proportion of impervious surface increases. NDVI values among urbanized lands,
bare lands, and water bodies are relatively close, and thus, these lands are quite difficult to distinguish
in mixed pixels. Therefore, we should pay attention to this problem during the construction of HSCI,
in which NDVI is used to improve DMSP nighttime lighting signals.

2.3. Impervious Surface Area Data

To overcome the abovementioned difficulties and to increase the utility of HSCI in investigations
of human settlements with diverse features of land cover and human activity, we introduce impervious
surface area data in the human settlement composite index computation. The percent impervious
surface area (PISA) data are derived from GlobeLand30 land cover and land use datasets with 30 m
spatial resolution from Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+)
images [39], in which man-made surfaces include roads, roofs, parking lots, and other artificial
surfaces (available at http://globallandcover.com/GLC30Download/index.aspx). Although PISA
can provide a quantitative estimate for the degree of anthropogenic disturbance in land cover related

http://globallandcover.com/GLC30Download/index.aspx
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to socioeconomic activities [40,41], there remains the saturation effect, which is especially apparent
in urbanized areas with high densities of human activity. Figure 3a shows that the distribution
of nearly saturated PISA around the central area of Beijing forms an approximately homogeneous
region, in which differences in the degree of local human activity are not shown by PISA. In contrast,
NDVI signals show conspicuous variations across the same region (see Figure 3b), and hence, this can
provide correction information to saturated DMSP signals. The major utility of impervious surface
area data for HSCI is that less impervious or non-impervious surface areas can be explicitly identified
in PISA images, which are typically less distinguishable in both the NDVI and DMSP images.
The combination of three different kinds of remote sensing derived datasets with distinct features
should benefit the human settlement composite index utility for characterizing human settlements.
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Figure 3. A comparison of spatial distributions using (a) percent impervious surface area (PISA) and
(b) normalized difference vegetation index (NDVI) over the urbanized areas in Beijing.

2.4. The Calculation of Human Settlement Composite Index (HSCI)

Considering the concerns regarding different kinds of data sources, which was addressed
above, the construction of HSCI is based on the combination of normalized DMSP, NDVI and PISA.
The calculation of HSCI starts with the normalized difference urban index (NDUI) proposed by Zhang
et al. [31] as follows:

NDUI =
DMSP − NDVI
DMSP + NDVI

(3)

To introduce impervious surface area to HSCI, we further construct the normalized difference
imperviousness index (NDII) as follows:

NDII =
PISA − NDVI
PISA + NDVI

(4)

Thus, HSCI is obtained by averaging NDUI and NDII:

HSCI =
1
2
(NDUI + NDII) (5)

Substituting Equations (3) and (4) into Equation (5) yields the following:

HSCI =
DMSP × PISA − NDVI2

(DMSP + NDVI)(PISA + NDVI)
(6)
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Here, HSCI is normalized into [0, 1] from the original range of [−1, 1] for convenience in
subsequent analyses. In general, HSCI is positively correlated with both DMSP and PISA, it is
and negatively correlated with NDVI. By incorporating the vegetation index and impervious surface
data into the nighttime brightness, HSCI can offer notable improvements in the delineation of human
settlements, which mainly include the reduced diffusion effect, declined saturation effect, enhanced
heterogeneity of multi-sourced signals, and increased capability of water bodies and bare lands,
especially for the central area of the city. Figure 4 illustrates the theoretical features of HSCI for
different types of land areas, which mainly include the following: (1) for type A, which consists of both
lighting and impervious surfaces and appears to occur in urbanized areas, HSCI will trend toward
1 with rapidly decreased NDVI; (2) for type B, which has lighting signals, no impervious surface
and is usually linked to peripheral areas of the city or water bodies, negative NDII (nearly −1) can
suppress the lighting diffusion of DMSP after being averaged with NDUI, and thus, HSCI typically
ranges from 0 to 0.5 for such areas; (3) for type C, which has an impervious surface, no or less lighting
signals and is commonly located in rural areas with low densities of human activity, negative NDUI
and NDII can result in relatively lower HSCI when compared to those areas with the same PISA in
urbanized lands; and, (4) for type D, which does not have a lighting signal or impervious surface area
and appears to occur in remote lands with much less human disturbance, the HSCI value is expected
to be approximately zero.
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Figure 4. Schematic illustrations of human settlement composite index (HSCI) features for different
types of areas.

3. Results and Discussion

3.1. Fundamental Characteristics of HSCI

Human settlement refers to communities inhabited by human beings, and ranges from urban,
township, village, and any place where human beings live and work. To examine the utility of HSCI for
spatially delineating the patterns of human settlement, two typical DMSP and NDVI derived indexes,
HSI (Equation (1)) and VANUI (Equation (2)), are involved in a comparative analysis. Figure 5 exhibits
pixel-level fluctuations in original signals (DMSP, NDVI, and PISA) and three composite indexes
(HSCI, HIS, and VANUI) along a longitudinal transect in Beijing. This longitudinal transect is
representative of diverse land covers and different degrees of socioeconomic activities across the
urban-rural gradient (Figure 5a).

As shown in Figure 5b, saturated DMSP lighting signals from Xiangshan to the east urban-rural
fringe cannot be used for distinguishing the degree of socioeconomic activities in these areas. The value
of PISA changes more drastically throughout the longitudinal transects, and it shows a marked
drop near the Summer Palace, golf course, and green belt, respectively. NDVI signals with spatial
fluctuations could be employed to compensate for the deficiencies in both DMSP and PISA in HSCI.
In parts of urbanized areas with saturated DMSP signals, PISA can be used to portray the local
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differences in the density of human settlements in HSCI. While both DMSP and PISA signals reach the
maximum value in urbanized areas, local changes in relatively high HSCI are mainly determined by
fluctuations in NDVI, which likely occur around the high density human activity area of the National
Stadium. Under the effect of PISA, there are two small peaks in HSCI values near the commercial
center and art district (labeled in Figure 5a), both of which are in urbanized areas and have experienced
extremely high density human activities locally. In the urban-rural fringe, HSCI decreases and greatly
fluctuates, which reflects the fact that the urbanization activities in these areas are intense, and the
development is unbalanced. Moreover, HSCI shows conspicuously local fluctuations in the urban-rural
fringe, which could imply a clumped distribution of dense human activity in the urban-rural transition
zone. Overall, the HSCI index combined three different kinds of remotely sensed data in order to
maintain the spatial trends in the DMSP signals in the urban periphery and rural areas, as well as to
improve the saturation effect of DMSP signals in urbanized areas.

By comparing HSCI with VANUI and HSI (see Figure 5c), we find distinct similarities and
differences among these three indexes for delineating patterns of human settlement. Although different
in the calculation, VANUI and HIS commonly show a similar trend along the longitudinal transect,
owing to the joint effect of NDVI and DMSP. By contrast, HSCI can present more detailed observations
of human settlement than VANUI and HSI due to the introduction of PISA signals, such as around
the Summer Palace and art district. Furthermore, HSI might overestimate the magnitude of human
activity if the NDVI signal approaches zero (e.g., the area around the National Stadium), and an
underestimation could be generated by VANUI, while NDVI is relatively high, especially in the
urban-rural fringe, due to the lack of man-made surface information in both composite indexes.
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Figure 5. (a) Google Earth image covering part of Beijing, (b) Longitudinal profiles of DMSP
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human settlement index (HSI), and HSCI values.

3.2. HSCI-Based Spatial Delineations of Human Settlements

Figure 6 shows the spatial distribution of HSCI-based delineations of human settlements across
seven individual cities and two urban agglomerations. This figure demonstrates that HSCI can provide
us with more detailed quantitative observations of diverse anthropogenic activities across human
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settlements. At the fine scale, it is generally not possible to identify individual locations with highly
intensified human activity, such as airports and seaports, from the original DMSP signals due to
the saturation effect. As shown in Figure 6, the HSCI values in these areas are markedly high and
conspicuously different from adjacent locations because of the dual correction of NDVI and PISA
signals. At the local scale, we can use HSCI to distinguish and separate non-artificial land covers
(e.g., water bodies, vegetated lands, and bare areas), which can be affected originally by the over-glow
effect of nighttime radiances from human settlements, and hence, we can obtain a clear image of the
spatial distribution of diverse human activities. At the regional scale, HSCI-based representations of
human settlements provide a more efficient means of intra-regional characterization and inter-regional
comparison of the patterns of metropolitan areas and urban agglomeration with spatially detailed
delineations. For example, as the two largest conurbations in China, the Yangtze River Delta and
the Pearl River Delta show different spatial patterns of urbanization: the former shows a regionally
multi-center urban development process, and the latter shows an intra-regionally connected urbanized
areas. At the country scale, the estimated value of HSCI for the same degree of human activity might be
slightly lower in the eastern region of China than in the western region due to an increased vegetation
index in the east. Obviously, this problem is inevitable for all of the composite indexes with corrections
based on vegetation index. When compared with other indexes using NDVI as the improvement factor,
the inter-regional deviation can be partially compensated by PISA signals in HSCI.
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(b) Tianjin; (c) Yangtze River Delta; (d) Pearl River Delta; (e) Daqing; (f) Kunming; (g) Dalian; (h) Xi’an; and,
(i) Urumqi.
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3.3. The Urban Water Body Response of HSCI

Water bodies within the city, which are generally lit by surrounding lighted areas due to the
diffusion effect of the original DMSP signals, can significantly impact the nightlight derived estimate
for both the total degree and spatial distribution of socioeconomic activities. As has been discussed
previously, composite indexes based on DMSP and NDVI generally yield abnormally large values for
urban water bodies, in which NDVI usually approaches 0. In these areas, the value of HSCI-based
estimation is limited to the range of [0, 0.5], under the effect of PISA signals. As exemplified by
Wuhan, in which the Yangtze River passes through and several lakes are scattered near the city center
(Figure 7), HSCI shows a distinct drop across the three water bodies along the longitudinal transect,
whereas both VANUI and HSI show conspicuously abnormal values, which are even larger than
for neighboring man-made surfaces. To further verify the utility of HSCI for outlining urban water
bodies, a comparative analysis is conducted spatially across three typical waterfront cities, including
Nantong, Dongguan, and Wuhan, which is represented in Figure 8. Overall, both indexes VANUI
and HSI commonly yield large anomalies across almost all water bodies in the three cities. In contrast,
the response of HSCI to urban water bodies is maintained in the normal range, and hence would have
less impact on investigations of socioeconomic activities across human settlements at both the local
and city levels.
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3.4. HSCI-Based Spatial Delineations of Rural Settlements

Rural settlements, including small towns and villages, have typically been excluded from previous
studies regarding nighttime brightness-based investigations of human settlements because of dim
lighting signals in the original DMSP images. Figure 9 shows the spatial changes in three kinds of
remote sensing signals and HSCI along a longitudinal transect across the rural area neighboring the
western side of Dezhou. From this figure, the DMSP brightness stays nearly constant over the rural area,
and thus, it cannot be used to distinguish and separate rural residential sites from ambient croplands.
HSCI appears to have the most conspicuous response signals over rural settlements in comparison
with VANUI and HSI (see Figure 10), and HSCI keeps the value lower than in urbanized areas and the
rural-urban transition zone. These findings indicate the potential applicability and efficiency of HSCI
for portraying a small-sized human settlement. The utility of HSCI is also demonstrated in Figure 10,
in which numerous rural settlements spreading all over mid-eastern China have been explicitly
represented by HSCI-based estimates for the degree of human activity. In contrast, both VANUI and
HSI show only limited improvement based on the original DMSP data for delineating these small-
sized human settlements.
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Figure 10. Spatial patterns of human settlements (most are villages and small townships) in
mid-eastern China, which are delineated by HSCI, VANUI, HSI, and original DMSP (normalized)
signals, respectively.
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4. Conclusions

Ranging in size from village to city and distributed widely across the Earth, human settlements
play a crucial role in anthropogenic environmental alterations, especially in continuously increasing
urban areas with high densities of human activity. Thus, understanding the patterns of human
settlement and dynamics of human-dominated landscapes is increasingly important for a range of
issues, such as planning, resource conservation, and sustainability. Investigations of human settlements
address the spatial distribution and expansion of man-made surfaces, as well as quantitative estimates
of the magnitude of human activity. Owing to notable relationships between artificial nocturnal
brightness and several demographic and socioeconomic variables, satellite-derived nighttime light
images have been extensively used to estimate urbanization and socioeconomic dynamics. In practice,
it is typically difficult to obtain a spatially explicit delineation for human settlements by directly using
nighttime light data because of saturation and over-glow, particularly for DMSP nightlight signals.
Hence, vegetation index (typically NDVI) data have been introduced into composite indexes to reduce
the impact of the effects of DMSP signals, as well as to improve the utility of the composite index in
the spatial delineation of human settlements. Despite the notable improvement in the delineation of
urbanized lands, DMSP and NDVI derived composite indexes still have some limitations, especially
for urban water bodies, bare lands, and rural residential sites, which is due to indistinguishable signals
from both DMSP and NDVI in those areas because of ambient features.

In the present study, we developed a human settlement composite index, HSCI, by combining
DMSP nighttime radiance, MODIS NDVI signal, and the percent impervious surface PISA data for
delineating the spatial patterns of human settlement. HSCI is defined as the arithmetic mean of the
normalized difference urban index and normalized difference imperviousness index. The primary
goal of HSCI aims at the improvement of the composite index for investigating non-man-made
surfaces in urbanized areas, various density human settlements in peripheral areas and scattered
human settlements in rural areas. Overall, the spatial profile of HSCI is determined mainly by DMSP
and PISA, with reduced saturation and increased variations in the human activity contributed by
NDVI signals. In urbanized areas, one notable advantage of HSCI is that it can distinctly highlight
the saturated areas with high densities of human activity (e.g., airports, seaports, and commercial
centers) and can identify non-man-made surfaces (e.g., water bodies, greens and parks). HSCI can
assess the comparative degree of human activity in water bodies and other urban lands of the city,
while other indexes such as VANUI and HSI show unexpected high values. In suburban areas,
which are conspicuously affected by the diffusion effect of original DMSP signals and usually consist
of artificial surfaces, arable land, woodland, and other types of land covers, HSCI can greatly reduce
the diffusion effect and clearly depict the local variations in the magnitude of human activity along
the urban-rural gradient. In rural areas, scattered human settlements are hardly captured by DMSP
data only due to dim nighttime lighting signals. When incorporated with PISA and NDVI, HSCI can
distinctly identify small-sized human settlements from ambient signals. Moreover, the value of HSCI
approaches zero for remote and wild lands with neither nightlight radiances lighting nor impervious
surface signals.

In addition, HSCI in western areas might be slightly higher than in the eastern regions due to
inter-regional variations in NDVI signals. The performance of other vegetation indexes for the potential
improvement of a composite index should be investigated in further studies. Also, although recently
obtained VIIRS images have a relatively high resolution and fewer saturation effects of nighttime light
signals, this data still faces the challenge of the over-glow effect and lack of explicit texture information
for identifying man-made surfaces and portraying the patterns of human settlement. As demonstrated
by HSCI, the composite index derived from multiple remotely sensed data sources can provide an
efficient way to improve the application of VIIRS nighttime light data in studies of demographic and
socioeconomic dynamics across diverse human settlements in a spatially explicit manner.
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