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ABSTRACT
Real-time urban expansion information is important for understand-
ing the socio-economic activities and construction policies in urban
areas. Night-time light data, which are available at annual and
monthly temporal resolutions, can facilitate better analysis of socio-
economic activities. In this study, we proposed a novel calibration
method for Defense Meteorological Satellite Program’s Operational
Line-scan System (DMSP/OLS) data based on Rational Function
Model (RFM). Stable lit pixels were employed to validate the effec-
tiveness of the proposed model. The deference of mean square error
shows that RFM method is better than traditional quadratic polyno-
mials method for 76% of the data sets. Urban areas from 1992 to
2013 were extracted based on the calibrated data. A correlation
analysis and multiple linear regression analysis between socio-eco-
nomic factors andDMSP/OLS datawere performed forWuhan, China.
The results of correlation factors showed that the correlation coeffi-
cient between night-time lights and socio-economic factors was
higher than 0.85. Population produced the highest correlation coeffi-
cient among all the socio-economic factors. Multiple linear regression
analyses were also performed, and the results showed that popula-
tion and urban area could enhance the R2 in Wuhan, and population
density could enhance the R2 in a comparative city Ordos. The
development driving forces of the city could be reflected in multiple
linear regression analysis of the night-time light data and socio-
economic factors. Moreover, we investigated the relationship
between construction policy and urban expansion using the time-
series night-time light data, and found that the night-time light data
could also reflect the construction policy and monitor the urban
expansion effectively.
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1. Introduction

China has undergone rapid economic development and urbanization in recent decades.
Urban area in China increased from 7438 km2 in 1981 to 32,520.7 km2 in 2005 (Liu et al.
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2012). Additionally, the population in China increased from 602 million in 1953 (First
Population Census) to 1,370 million in 2010 (Sixth Population Census), an increase of
1.28 times. However, the censuses that have been carried out every 10 years, have
limited the capability for updating urban expansion in real-time, which can be proble-
matic for cities in China that are changing every day (Zhu et al. 2016).

High temporal frequency night-time light satellite data provide a possible solution.
Night-time light data are indicator of human activity and urban lighting intensity
(Amaral et al. 2005; Liu et al. 2012; Shi et al. 2014b; Sutton et al. 2001; Zhao, Zhou,
and Samson 2015). Night-time light satellites can detect weak optical signals, and these
signals are not affected by sunlight, shadows, vegetation, or other features on the
Earth’s surface. Global night-time light composites are available monthly or annually.
They are useful for analysing urbanization and human activities in rapidly developing
areas. There are two main sources of night-time light data: the Defense Meteorological
Satellite Program’s Operational Line-scan System (DMSP/OLS) (Elvidge et al. 1995, 1997;
Johnson, Flament, and Bernstein 1994) and the Day/Night Band (DNB) on the National
Polar-orbiting Partnership Visible Infrared Imaging Radiometer Suite (NPP/VIIRS) (Lee
et al. 2006). The NPP/VIIRS data, which have a higher resolution and a wider spectrum
detection range, are the upgraded version of DMSP/OLS data. The two satellites are both
working at present. DMSP/OLS started working in 1973, and NPP/VIIRS was launched in
2009 (Elvidge et al. 2007). However, the earliest DMSP/OLS night-time light data that can
be obtained are from 1992, and the earliest NPP/VIIRS data are available since April 2012
on the National Oceanic and Atmospheric Administration/National Geophysical Data
C e n t e r ( NOAA /NGDC ) w e b s i t e ( h t t p : / / n g d c . n o a a . g o v / e o g / dm s p /
downloadV4composites.html). These night-time light data have been widely used in
many areas, such as fire monitoring (Elvidge et al. 1995), gas flaring (Elvidge et al. 2009),
urban area extraction (Imhoff et al. 1997; Shi et al. 2014a; Small, Pozzi, and Elvidge 2005;
Zhang and Seto 2011), urban expansion monitoring (Liu et al. 2012; Zhou et al. 2014),
socio-economic analysis (Amaral et al. 2005; Sutton et al. 2001), crisis monitoring (Li and
Li 2014; Li et al. 2015), CO2 emissions (Ou et al. 2015), and cloud detection (Xia et al.
2014). Asian cities have also gained much attention through the use of night-time light
data (Ma et al. 2012; Shi et al. 2014b). Previous research has shown that DMSP/OLS data
can be used to detect long time series of annual dynamic changes at a macro scale, and
NPP/VIIRS night-time light data, which feature a higher spatial resolution, can provide
better details of urban structure. There is a strong relation between urban development
and urban construction policy in some cities of China (Li 2008), but few researchers have
studied the correlation between them using night-time light data.

The long time series of night-time light data provide a great opportunity for monitor-
ing urban expansion. However, due to the degradation of each DMSP/OLS satellite and
the lack of on-board calibration, the satellites do not provide DMSP/OLS night-time light
data with good comparability (Elvidge et al. 2009). Therefore, it is critical to calibrate the
DMSP/OLS data before they can be used in long time-series analysis. Several researchers
have used relative radiance calibration for DMSP/OLS data, and the most common
method is calculating the correction factor using the quadratic regression model
(Elvidge et al. 2009; Liu et al. 2012).

Calibrated night-time light data can be used to analyse the socio-economic activities.
Correlation analysis is commonly used for this purpose (Amaral et al. 2005; Liu et al.
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2012; Ma et al. 2012; Shi et al. 2014b), but this method is only effective for analysing the
relation between a single factor and the night-time light data. There have been few
studies using the multiple regression method to analyse night-time light data and many
socio-economic factors altogether (Levin and Duke 2012). It is necessary to use the
multiple regression method for a more detailed analysis between the socio-economic
statistical data and the night-time light data, e.g. to reveal the relation between the
night-time light data and different combinations of the socio-economic factors.

In this research, we performed a case study of urban expansion monitoring in Wuhan,
China, using multi-scale time-series night-time light data in the following four steps.
First, we developed a novel DMSP/OLS data calibration method based on the Rational
Function Model (RFM), which had a better performance than the traditionally used
quadratic polynomial model. We also proposed a new method to verify the calibration
accuracy using stable lit pixels, which have a stable mapping relationship between two
data sets. Second, we extracted the urban areas using DMSP/OLS data and analysed the
expansion dynamics. Third, we investigated the correlations between the urban areas
and the socio-economic data through correlation analysis and multiple linear regression
analysis. Finally, we analysed the impacts of construction policy and human activity on
urban expansion using both DMSP/OLS and NPP/VIIRS time-series data, respectively.

2. Data

Our study area is in Wuhan (30°33ʹN, 114°19ʹE, the capital city of Hubei Province), China
(Figure 1), which is in the middle-lower Yangtze Plain. The Yangtze River flows across
Wuhan and divides Wuhan into three towns: Wuchang, Hanyang, and Hankou. Wuhan is
the core city of economic development in Wuhan city circle. Wuhan city circle is one of
the city circles that are under national major urban planning and will become the fourth
region in China after the Yangtze River Delta, Pearl River Delta, and Bohai Sea Economic
Zone. It contains nine cities (Wuhan, Huangshi, Ezhou, Huanggang, Xiaogan, Xianning,
Tianmen, Qianjiang, and Xiantao) with different levels of urban development.

Rapid growth of urban area, population, and gross domestic product (GDP) has
occurred since the twentieth century. Until 2013, the urban area in Wuhan had reached
534.28 km2, and the population had reached approximately 8 million, an increase of
20.1% from the population in 1992. Wuhan’s GDP rose multiple times from 1992 to 2013
(the GDP in 1992 was 255.42 trillion Chinese Yuan and the GDP in 2013 was 10,069.48
trillion Chinese Yuan).

In this study, the cities in Wuhan city circle, which is an important part of the Yangtze
Economic Zone in China, were selected for a comparative study.

Three categories of data, including night-time light data (DMSP/OLS data and DNB of
NPP/VIIRS data), statistical data (GDP, urban area, electricity consumption, population,
and population density), and administrative boundaries of the study area, were used in
this study. The DMSP/OLS data were obtained from the NOAA/NGDC website. We chose
the annual stable DMSP/OLS data in the Version 4 data set from 1992 to 2013, which
were acquired by six DMSP satellites, including F10, F12, F14, F15, F16, and F18. A
detailed list of the DMSP/OLS data we used is shown in Table 1. They all have 3000 km
swath with a resolution of 30 arc-second geographic grids. The digital number (DN)
values (ranging from 0 to 63 with 0 representing background value) represent the
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Figure 1. Study area.

Table 1. List of annual DMSP/OLS data.
Satellite
Year F10 F12 F14 F15 F16 F18

1992 F101992
1993 F101993
1994 F101994 F121994
1995 F121995
1996 F121996
1997 F121997 F141997
1998 F121998 F141998
1999 F121999 F141999
2000 F142000 F152000
2001 F142001 F152001
2002 F142002 F152002
2003 F142003 F152003
2004 F152004 F162004
2005 F152005 F162005
2006 F152006 F162006
2007 F152007 F162007
2008 F162008
2009 F162009
2010 F182010
2011 F182011
2012 F182012
2013 F182013
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average DN value of stable lights without filtering. The data were extracted according to
the administrative boundaries of the study area and projected using the Mollweide
projection (Snyder 1987), and then resampled to 1 km resolution.

The DNB data of NPP-VIIRS were also downloaded from the NOAA/NGDC website
(http://ngdc.noaa.gov/eog/viirs/download_monthly.html). The monthly average radi-
ance cloud-free composite images (January 2014, August 2014, December 2014, July
2015, and August 2015), which have undergone the stray-light correction procedure
(Mills, Weiss, and Liang 2013), were chosen for this study. All the original data were in
15 arc-second geographic grids, and the data were resampled to the resolution of
500 m to facilitate analysis. The DN value of each pixel represents the radiation value
of the pixel.

The socio-economic statistics used in this study were obtained from the Statistic
Yearbook of Wuhan (Wuhan Bureau of Statistics 1992-2013). Table 2 shows the statistical
data in details.

3. Methods

In our method, two types of night-time light data are used to monitor urban expansion
and analyse correlations among night-time lights, socio-economic activities, and con-
struction policy. Before the analysis, DMSP/OLS data need to be calibrated to improve
their comparability. The relative radiance calibration of the DMSP/OLS data from 1992 to
2013 was based on RFM. Urban areas were extracted from the night-time light data after
the calibration. Specially, urban areas were extracted from DMSP/OLS data based on the
weighted light area, which is defined as the summing lit pixels multiplied by the
normalized DN value (Ma et al. 2012). Areas were also extracted from NPP/VIIRS data
through a thresholding method (Milesi et al. 2003).

Table 2. The socio-economic statistics in Wuhan.

Year

GDP Urban area Electricity consumption Population Population density

(×109 Chinese Yuan) (km2) (×106 kWh) (×104) (people km−2)

1992 255.42 – 845669 684.46 –
1993 357.23 – 888289 691.69 –
1994 485.76 – 967882 700.01 827
1995 606.91 200.00 1011015 710.01 839
1996 782.13 202.00 1049970 715.94 846
1997 912.33 202.00 1086824 723.90 855
1998 1001.89 204.00 1079014 731.79 864
1999 1085.68 208.00 1024472 740.20 874
2000 1206.84 210.00 1186642 749.19 882
2001 1335.40 212.00 1524125 758.23 893
2002 1467.80 214.22 1587842 768.10 904
2003 1622.18 216.22 1788280 781.19 920
2004 1882.24 218.22 1855802 785.90 925
2005 2261.17 220.22 2108743 801.36 943
2006 2679.33 – 2308126 818.84 964
2007 3209.47 – 2586728 828.21 975
2008 4115.51 460.77 2864338 833.24 981
2009 4620.86 484.00 3102749 835.55 984
2010 5565.93 500.00 3536311 836.73 985
2011 6762.20 507.04 3836469 827.24 1180
2012 8003.82 520.30 4032605 821.71 1191
2013 9051.27 534.28 4372338 822.05 1203
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As noted above, the DMSP/OLS data from the Version 4 data set cannot represent the
real radiance value and cannot be used directly in long time-series urban analysis
because of the lack of on-board calibration. DN values under the same light condition
from different satellites are different. To address this problem, we developed a novel
calibration method for DMSP/OLS data based on RFM. The new method involves two
main steps: 1) inter-calibration of the annual data based on RFM, and 2) intra-annual
composition and series correction of the inter-calibrated data. We also extracted stable
lit pixels to verify the calibration method.

3.1. Inter-calibration of the annual data

The total number of lit pixels (Figure 2(a) and the average DN values (Figure 2(b)) were
counted in each satellite year in China. It is obvious that the data are not directly compar-
able. There are large differences between different satellites in the same year. To improve
the comparability of the time-series data, the data need to be inter-calibrated first. In this
study, the reference satellite year was chosen as F162005, which has the minimum variance
of the total lit pixel number and the average DN values between different satellites in the
same year in Wuhan. In addition, by analysing the socio-economic characteristics of
different cities in China, Jixi (a city in Heilongjiang Province), which has a wide spread of
DN values and a stable state of socio-economic development, was selected as the reference
calibration area (Liu et al. 2012). Inter-calibration was based on the aforementioned
reference satellite year and reference calibration area. The most widely used inter-calibra-
tion method was developed by Elvidge et al. (2009) using a quadratic regression model.
However, due to the characteristic of the quadratic regression curve, the points near the
minimum/maximum DN values cannot fit well in some reference areas. RFM offers a good
solution to this problem in our study. RFM, which can model functions with poles, is
superior to polynomials models. An RFM is the quotient of two polynomials (Press et al.
2007). In this study, quadratic polynomial is used as the numerator and denominator of the
RFM, which is given by the following equation:

DC ¼ p1 � D2 þ p2 � Dþ p3
D2 þ q1 � Dþ q2

; (1)

where
DC is the inter-calibrated DN value of the data;
D is the original DN value of the source satellite year data; and
p1, p2, p3; q1 and q2 are the coefficients of the second-order RFM;

The objective of this step is to inter-calibrate the lit pixels in each satellite year so that
they are more comparable in time-series analysis. It is worth noting that the dark pixels,
whose DN values are 0, are not involved in the inter-calibration.

3.2. Intra-annual composition and series correction of the inter-calibration data

The purpose of intra-annual composition is to make full use of the information derived
from the data acquired in the same year from different satellites and remove the
unstable lit pixels (Liu et al. 2012). Series correction is based on the assumption that
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the urban area would grow continuously outwards and the lit pixels would become
brighter over time (Liu et al. 2012).

Twelve composites acquired from two different satellites in the same year, containing
the data set from 1994 and the data sets from 1997 to 2007, were intra-calibrated in this

Figure 2. Total number of lit pixels (a,c,e) and average DN values (b,d,f) with respect to satellite year
in China. (a) and (b) show the data before calibration. (c) and (d) show the data after inter-
calibration. (e) and (f) show the data after both inter-calibration and intra-annual composition.
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study. The intra-annual composition results were the average values of the correspond-
ing pixels in each data set that have different DN values from the two satellites:

Dn ¼ Dn1 þ Dn2ð Þ=2; (2)

where
Dn is the DN value of the data in the nth year after intra-annual composition; and
Dn1 and Dn2 are the DN values acquired in the nth year from satellites 1 and 2,

respectively.
The intra-annual composition equation is applicable to the year n = 1994, 1997,

1998. . .,2007. For the other years in which there is only one satellite data available,
Dnremains unchanged.

After intra-annual composition, series correction of the data was performed by the
following equation (Liu et al. 2012):

D n;ið Þ ¼
0 D nþ1;ið Þ ¼ 0

D n�1;ið Þ D nþ1;ið Þ > 0 D n�1;ið Þ >D n;ið Þ
D n;ið Þ otherwise

;

8<
: (3)

where
D n;ið Þ;D n�1;ið Þ and D nþ1;ið Þ are the DN values of the i th pixel in the nth, ðn�1Þth, and

nþ 1ð Þth year, respectively. In the series correction, the data of the first year remained
unchanged, whereas all the data of other years were processed using the above
equation.

3.3. Stable lit pixel extraction

The calibration procedure aims to make the different DN values under the same night-
time light condition as close as possible. To evaluate the effectiveness of RFM-based
data calibration, we developed a method for generating stable lit pixels, whose DN value
mapping relationship is less influenced by noises and real light condition changes.

Owing to the differences of measurement equipment and procedure, the DN values
from different satellites under the same night-time light condition (acquired at the same
position and the same time) may not be the same. The general forms of the mapping
functions from the reference image to the calibrated images and from the calibrated
images to the reference image can be represented by the following equations,
respectively:

DR ¼ F n;Rð Þ Dnð Þ þ δ n;Rð Þ; (4)

Dn ¼ F R;nð Þ DRð Þ þ δ R;nð Þ;

where
DR is the DN value of the reference image,
Dn is the DN value of the calibrated image in the nth year,
F n;Rð Þ and F R;nð Þ are the mapping functions from the calibrated image to the reference

image and the mapping function from the reference image to the calibrated image,
respectively, and

δ n;Rð Þ and δ R;nð Þ are the noise or error existing in the relationship.
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By counting the DN value correspondences of the pixels at the same position between
the reference image and the calibrated image, we considered the maximum correspon-
dence numbers of all the DN values (1–62) as the candidates. The candidate sets are named
as O n;Rð Þ and O R;nð Þ, respectively. We defined the pixels that exist both in set O n;Rð Þ and in set
O R;nð Þ as stable lit pixels. For example, if (53, 48) is in O n;Rð Þ and (48, 53) is in O R;nð Þ, then 48
and 53 are a pair of stable lit pixels. Stable lit pixels are pixels with the stable DN value
mapping relationship on the same position of the reference image and the calibrated
images. As the distribution of the stable lit pixels is not always homogeneous on the DN
value dimension, these points are only used to verify the effectiveness of RFM. The closer
the fitted model is to the actual values of the stable lit pixels, the better the model is.

4. Results and discussion

4.1. DMSP/OLS data calibration results

Thirty-four DMSP/OLS data sets were calibrated using RFM. The calibration results (Figure 2)
show that the calibration method in this study improved the comparability of DMSP/OLS
data from 1992 to 2013. In Figure 2(c), the total number of lit pixels did not change after
inter-calibration, because the RFM method can only change the DN value of the pixels but
cannot change the lit pixels into non-lit pixels. We can find that after inter-calibration, the
average DN values (Figure 2(d)) increase more smoothly than those in an un-calibrated
image (Figure 2(b)). In most situations, inter-calibration reduced the discrepancies of the
DN values between two satellites in the same year (Figure 2(d)). However, there are some
abnormal fluctuations in the DN values from time-series data. The total number of lit pixels
(Figure 2(e)) and the average DN values (Figure 2(f)) after intra-annual composition and
series correction show that the discrepancies between the data were reduced. Overall, the
fluctuations in time-series data were generally removed and the continuity and compar-
ability of the time-series data were improved after the proposed calibration method.

To compare the performances of the RFM-based calibration and the traditional
calibration, the same DMSP/OLS data sets were also calibrated using quadratic poly-
nomials with the same reference satellite year (F162005) in Wuhan. Results from the two
calibration methods are evaluated and compared based on the stable lit pixels. The
mean squared error (MSE) of each fitted curve based on stable lit pixels was calculated
based on the following equations:

MRn ¼
XNn

i¼1

DC n;ið Þ � l n;ið Þ
� �2

=Nn; (5)

MQn ¼
XNn

i¼1

QC n;ið Þ � l n;ið Þ
� �2

=Nn; (6)

where
MRn is the MSE of RFM,
MQn is the MSE of quadratic polynomials,
DC n;ið Þ is the inter-calibrated DN value using the RFM method,
QC n;ið Þ is the calibrated DN value using quadratic polynomials,
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l n;ið Þ is the observed DN value of the extracted stable lit pixels in the nth data set,
Nn is the number of stable lit pixels, and
n represents the serial number of each data set.
We calculated the difference of mean square error (DMSE) between MRn and MQn as a

comparison as follows:

En ¼ MQn �MRn ; (7)

where Enis the DMSE of the nth year. Positive DMSE means RFM is better than the
quadratic polynomial. The larger the DMSE, the better the performance of the RFM
compared with the quadratic polynomial.

Figure 3 shows the estimated RFM curves and the quadratic polynomials with all the lit
pixels in each data set. From this figure, we can directly find that the RFMperforms better than
the quadratic polynomials. The RFM can fit the stable lit pixels well, especially for pixel DN
values close to 63. Figure 4 shows the quantitative analysis results of each data set. The DMSE
shows that RFM is better than the quadratic polynomials for 76% of the data set. Based on the
above analysis, the RFM was chosen in this study to calibrate the night-time light data.

4.2. Urban area expansion and construction policy analysis in Wuhan from 1992
to 2013

DMSP/OLS night-time light data, which have more observation years, are feasible for
long-term and macro-scale analysis. The weighted light urban areas in Wuhan in the
DMSP/OLS data set from 1992 to 2013 were extracted based on the weighted light area,
which was calculated by the sum of lit pixels multiplied by the normalized DN values
(Equation 8). Pixels with DN values larger than 11 and less than or equal to 63 are
considered in calculating the weighted light area to reduce the effects of dim lights (Ma
et al. 2012). As shown in Figure 5, urban expansion was tremendous in Wuhan from
1992 to 2013. Wuhan has been the core city among the cities in Wuhan city circle;
according to the city circle planning policy, the development of Wuhan was supposed to
promote the development of the other cities in the city circle. Figure 5 shows that the
development of the cities in Wuhan city circle had the same trend as that of Wuhan.

A ¼
X

Si � di=
X

di
� �

; ðdi ¼ 12; 13; 14 . . . 63Þ; (8)

where
A is the weighted light area,
Si is the pixel number of each DN value, and
di is the DN value.
The increment of weighted light area in the time-series data is shown in Figure 6. The

increment value in each year was calculated based on the following equation:

I nð Þ ¼ A nð Þ � A n� 1ð Þ; n ¼ 1993; 1994; 1995 . . . 2013; (9)

where
I is the increment value,
A is the weighted light area, and
n represents the year.
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According to Wuhan’s construction policies from 1988 to 2010, there were four
expansion stages in three Wuhan economic zones (Donghu New Technology
Development Zone, Wuhan Economic and Technological Development Zone, and
Wujiashan Economic Development Zone), including the start-up stage (1988–1993),
the first expansion stage (2000–2001), the second expansion stage (2005–2007), and
the third expansion stage (2010). Figure 6 shows five maximum values in five different
years, and four of them reflect the four stages of expansion. It is also interesting to see
that the maximum values in Figure 6 appear one year later than the end years of the
expansion stages. This time lag is reasonable because the annual average data cannot
reveal the constructions of buildings and roads that are finished and utilized in the end
of the year.

Figure 3. Fitted curves of RFM and the quadratic polynomials for the data sets. Each graph
corresponds to one different data set as listed in Table 1. The blue points are the extracted stable
lit pixels in each data set. The red lines are the RFM fitted curves with all the lit pixels and the green
lines are the quadratic polynomials fitted curves with all the lit pixels in each data set.
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Figure 4. The scatter plot of DMSE in each data set.

Figure 5. Comparative graph of the expansion of each of the cities in Wuhan city circle from
1992 to 2013.
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4.3. Socio-economic analysis in Wuhan and a comparative city Ordos

The relationships between the weighted light area and socio-economic factors, GDP
(X1), urban area (X2), electricity consumption (X3), population (X4), and population
density (X5), were calculated through linear correlation analysis. The correlation coeffi-
cients (r, Equation 10) between the weighted light area and the socio-economic factors
are shown in Figure 7. All the factors have a strong correlation with the weighted light
area with a correlation coefficient (r) higher than 0.75. The results show that night-time
light data have the highest correlation with population (X4).

r ¼
P

xi � �xð Þ yi � �yð ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
xi � �xð Þ2 P yi � �yð Þ2

q ; (10)

where
r is the correlation coefficient,
xi and yi are the weighted light area and the socio-economic factor, respectively, and
�x and �y are the mean values of the weighted light area and the socio-economic

factor, respectively.
We also performed linear regression analysis for all the five factors (X1, X2, X3, X4, and

X5). Table 3 shows the results of unary and multiple linear regression analysis. It is
identical to the correlation analysis results that the adjusted coefficient of determination
(R2, equation 11) of population (X4) is higher than that of any other factor in the unary
linear regression. In the two-factor regression analysis, we can see that the values of R2

of the combinations of urban area (X2) and other factors are always higher than those of
the single factors (i.e. R2 of XnX2 is higher than that of Xn and X2, n = 1, 3, 4, 5), and
population (X4) has the same enhancement effect on the other factors. Thus, we can
conclude that population and urban area are the enhancement factors in Wuhan. We
can also find that some combinations containing population density (X5) resulted in a
lower R2 than that of the single factors.

Figure 6. Increment of weighted light area per year in the time-series data in Wuhan. The arrows
represent the expansion stages reflected in DMSP/OLS data.
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R2 ¼ 1� m� 1
m� e

� �P
Yi � bYi� �2

P
Yi � Yi
� �2 ; (11)

Figure 7. Linear correlation analysis results. (a) GDP versus weighted lighted area, (b) urban area
versus weighted light area, (c) electricity consumption versus weighted light area, (d) population
versus weighted lighted area, and (e) population density versus weighted light area. The points are
the socio-economic factor values in different weighted light areas from 1992 to 2013. The lines are
the regression curves.
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where
R2 is the adjusted coefficient of determination,
Yi is the observed value,bYi is the estimated value,
Yi is the mean value,
m is the number of observations, and
e is the number of regression coefficients.
To illustrate the significance of multiple linear regression analysis, the same analysis

was performed for Ordos, a city in Inner Mongolia, China, as a comparative experiment.
Table 4 shows the multiple linear regression result in Ordos. It shows that GDP (X1) has
the highest R2 among all the factors, urban area has the lowest R2 among all the factors,
and population density is the enhancement factor in Ordos.

There was a good linear relation between electricity consumption (X3) and weighted
light area in Wuhan and Ordos, because electric lighting has a direct causal relationship
with electricity consumption. By comparison, we find that population (X4) and weighted
light area had the highest correlation (R2 = 0.951) in Wuhan. Population in Wuhan has
the highest R2 because the increasing population has similar growth trends as the urban
area. However, Wuhan has been developed around the Yangtze River, and there is an
urban expansion limit that made the R2 of the combination containing population
density (X5) lower than that of single factors in the corresponding combinations.
However, in Ordos, GDP (X1) and weighted light area have the highest correlation
(R2 = 0.908). Ordos is a typical resource-driven city in China. The exploitation of the
resources resulted in the rapid growth of GDP and urban expansion, but there was no
growth in population accordingly. Therefore, night-time light data in Ordos has a larger

Table 3. The R2 of unary and multiple linear regression analysis in Wuhan.
One factor R2 Two factors R2

X1 0.775 X1X2 0.776
X2 0.757 X1X3 0.911
X3 0.870 X1X4 0.981
X4 0.951 X1X5 0.738
X5 0.733 X2X3 0.880

X2X4 0.955
X2X5 0.791
X3X4 0.977
X3X5 0.864
X4X5 0.979

Table 4. The R2 of unary and multiple linear regression analysis in Ordos.
One factor R2 Two factors R2

X1 0.908 X1X2 0.907
X2 0.761 X1X3 0.904
X3 0.890 X1X4 0.899
X4 0.849 X1X5 0.914
X5 0.839 X2X3 0.881

X2X4 0.863
X2X5 0.874
X3X4 0.890
X3X5 0.928
X4X5 0.880
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correlation with GDP than population. Compared with analysing the relation between a
single socio-economic factor and night-time light data, multiple linear regression analy-
sis revealed more information about the city. The development driving forces of the
cities could be reflected according to our research.

4.4. Dynamic analysis between urban expansion and construction policy using NPP

NPP/VIIRS data, which have a higher resolution than DMSP data, were employed for a more
detailed study in the Wuhan City Administrative Region. The lit area was extracted through
an optimal threshold (Milesi et al. 2003), which was selected through the correspondence
between the lit area from the December 2014 and January 2015 NPP/VIIRS data and the
urban area in Statistic Yearbook of Wuhan (Wuhan Bureau of Statistics 1992-2013). Through
comparison between the lit area and the urban area in Wuhan, we used 24.72 as the
threshold of lit area extraction. The extracted urban and urban change information are
shown in Figure 8. The stable area (area that did not change in the different time phases),
the expansion area, and the shrinkage area from January 2014 to August 2015 were all
extracted by this method. By combining information on the construction policies, we
extracted five typical change regions, including A) the Gusaoshu expressway (open to traffic
on 28 April 2014), B) the Hanyang Binjiang Avenue (the second-stage project in 2015), C) the
Yingwuzhou Yangtze River Bridge (open to traffic on 28 December 2014), D) the Lizhi Road
(the first stage of reconstruction was completed at the end of 2014), and E) the Second
Yangtze River Bridge of Wuhan (traffic control was cancelled from 22 July 2015).

The NPP/VIIRS night-time light data not only reflected the urban construction policy
in the long term (blue rectangle in Figure 8), but also manifested the urban transport
policy in the short term (green rectangle in Figure 8). The micro-scale human activities,
e.g. those caused by traffic restriction on the Wuhan Yangtze River Bridge and the
opening of new roads, can be revealed in the NPP/VIIRS night-time light data.

5. Conclusions

This article presented a new data calibration method for DMSP/OLS based on RFM. The
proposed method achieved lower MSE than the conventional method (the quadratic poly-
nomial model). The urban areas of Wuhan were extracted based on DMSP/OLS data after the
calibration, and the extracted urban areas reflected the socio-economic activities and the
construction policy. Correlation analysis was applied between the socio-economic data and
the DMSP/OLS night-time light data from 1992 to 2013. Our results showed a strong correla-
tion between the night-time light data and the socio-economic factors, especially for the
population (r = 0.977). Multiple linear regression analysis showed that the R2 of the combina-
tion results that contained the urban area and the population was higher than that of any
other single factor in the corresponding combination result in Wuhan. A comparative experi-
ment of multiple linear regression analysis was also carried out in Ordos, and the results show
GDP has the highest R2 among all the factors, and population density is the enhancement
factor in Ordos. The comparative results indicated that the development driving forces of the
cities could be reflected in multiple linear regression analysis of the socio-economic data and
the night-time light data. A detailed study was carried out in Wuhan based on NPP/VIIRS
night-time light data to illustrate the capability of revealing short-term construction policy.
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The results showed that high-resolution night-time light data can be used in monitoring
micro-scale human activities caused by traffic restriction on the Wuhan Yangtze River Bridge
and by the opening of new roads.

This research provides a case study in Wuhan and a comparative study in Ordos,
which may not be representative of many other cities. Future research may focus on
applying our methods to other major cities in different parts of the world, and evaluat-
ing whether our methods can be well generalized.
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