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Abstract— Defense Meteorological Satellite Program
Operational Linescan System (DMSP-OLS) and Suomi National
Polar-orbiting Partnership Visible Infrared Imaging Radiometer
Suite (SNPP-VIIRS) data are valuable records of nighttime
lights (NTLs) in analyzing socioeconomic development. However,
inconsistencies between these data have severely restricted long
time-series analyses. Published time-series NTL data sets are not
widely available or accurate because the DMSP-OLS calibration
is inadequate and some missing data in the SNPP-VIIRS data
are seldom considered for patching. To address these issues,
we calibrated DMSP-OLS data (1992–2013) by using a quadratic
model based on a “pseudo-invariant pixel” method. Thereafter,
an exponential smoothing model was used to predict and patch
missing data in the monthly SNPP-VIIRS data (2013–2019).
Outliers and noise were also removed from the annual data.
In addition, a sigmoid model was employed to generate improved
simulated DMSP-OLS (SDMSP-OLS) data (2013–2019), which
were appended with the calibrated DMSP-OLS data (1992–2013)
to develop improved DMSP-OLS-like data (1992–2019) in China.
Finally, we qualitatively and quantitatively compared these data
with published NTL data to examine data availability. Results
showed that choosing invariant pixels to calibrate DMSP-OLS
data can minimize discontinuity. The correlation between
the SNPP-VIIRS data synthesized by the patched monthly
SNPP-VIIRS data and the official annual SNPP-VIIRS data in
2015 (R2 = 0.931) and 2016 (R2 = 0.930) was higher than those
of the two existing correction methods with R2 values below
0.90. Spatial patterns of pixels in the improved SDMSP-OLS
data in 2013 were more similar with the DMSP-OLS data
than those in the published data. Strong correlations likewise
existed between the total (average) pixel values of the improved
SDMSP-OLS data (2013–2019) and the DMSP-OLS data in
2012. We also found that the improved DMSP-OLS-like data
held strong linear correlations with different statistics, the
average R2 values of which were 0.931 and 0.654 at the national
and provincial levels, respectively. Meanwhile, the average
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regression R2 values between the two published data sets and
statistics were 0.858/0.506 and 0.911/0.611, respectively. Our
study has proven that the improved DMSP-OLS-like data
(1992–2019) have immense potential to effectively evaluate
socioeconomic development and anthropic activities.

Index Terms— China, Defense Meteorological Satellite
Program Operational Linescan System (DMSP-OLS),
integration, nighttime light (NTL) data, Suomi National
Polar-orbiting Partnership Visible Infrared Imaging Radiometer
Suite (SNPP-VIIRS), time-series.

I. INTRODUCTION

REMOTELY sensed nighttime light (NTL) data can effec-
tively record radiation signals produced by artificial

lights from anthropic activities. These data have been widely
used for the multiscale simultaneous monitoring of socioeco-
nomic activities [1], [2], such as extracting urban land [3]–[5],
evaluating electric power consumption (EPC) [6]–[8], estimat-
ing carbon emissions [9], and analyzing the social–ecological
environment [10], [11]. At present, data from the Defense
Meteorological Satellite Program’s Line Scanner System
(DMSP-OLS) and Suomi National Polar-orbit Partnership’s
Visible Infrared Imaging Radiometer Suite (SNPP-VIIRS)
are the most widely used remotely sensed NTL data. The
DMSP-OLS data acquired from 1992 to 2013 are observed
by six satellite sensors covering different periods, but the lack
of on-board calibration and sensor degradations have led to
data incompatibility, thereby limiting the use of DMSP-OLS
data in socioeconomic studies [12]. Inheriting the responsi-
bility of the DMSP-OLS data, the NTL data from SNPP-
VIIRS can be used to continue monitoring human activities
after 2012 and significantly improved upon the evaluation of
accuracy [13]–[15]. However, the availability of SNPP-VIIRS
data has been severely limited by the influence of transient
light sources and background noise; for example, aurora could
interfere with the sensors’ ability to detect surface NTLs at
mid-high latitudes, which causes missing data in the SNPP-
VIIRS data [16]. Given the differences in spectral resolution,
spatial resolution, radiometric resolution, and product update
cycles, the DMSP-OLS and SNPP-VIIRS data are incompat-
ible, resulting in difficulty conducting long-term analyses of
socioeconomic development. Thus, a continuous time-series
NTL data set should be developed to assess socioeconomic
development.

Previous studies have attempted to integrate DMSP-OLS
and SNPP-VIIRS data from different perspectives.
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Zhao et al. [17] and Li et al. [18] calibrated the DMSP-OLS
data using a stepwise method, applied a kernel density model
to blur SNPP-VIIRS data, and eventually converted the
SNPP-VIIRS data into simulated DMSP-OLS (SDMSP-OLS)
data based on a sigmoid function for the integration of time-
series DMSP-OLS-like data (1992–2018) in Southeast Asia
and globally. Although SDMSP-OLS data were relatively
consistent with the DMSP-OLS data in 2013 at the pixel
level, there were substantial levels of background noise and
missing pixels in the former in 2013–2018. Li et al. [19]
proposed a power function to simulate monthly DMSP-OLS
data from monthly SNPP-VIIRS data. However, the monthly
DMSP-OLS data were not freely available online, and the
calibrated NTL dynamic range (0–50) was incomplete.
Zheng et al. [20] interpolated radiance-calibrated DMSP-OLS
data from 1996 to 2013 and applied a residual-corrected
geographically weighted regression model to convert SNPP-
VIIRS data to SDMSP-OLS data in China. However,
radiance-calibrated DMSP-OLS data began in 1996 and only
eight sets of data could be downloaded, which limited long
time-series data analyses.

Numerous studies have attempted to explore a method
to simulate NPP-VIIRS data from DMSP-OLS data.
Tu et al. [21] used Beijing, Shanghai, and Guangzhou as study
areas, produced simulated SNPP-VIIRS data (SVIIRS), and
constructed an SNPP-VIIRS-like data set on the basis of
the connection between the vegetation-adjusted DMSP-OLS
and SNPP-VIIRS data. However, exclusively choosing typical
cities was not universal without validating the data in other
cities in a country. With the wide application of machine
learning, some studies have attempted to use machine-learning
algorithms (MLAs) for developing time-series NTL data.
Sahoo et al. [22] utilized MLAs to develop a relationship
between DMSP-OLS and SNPP-VIIRS data, and produced
SNPP-VIIRS-like data (2004–2012) thereafter for the state of
Uttar Pradesh in India. Chen et al. [23] simulated SNPP-VIIRS
data from vegetation-adjusted DMSP-OLS data with an auto-
encoder model, and generated global SNPP-VIIRS-like data
(2000–2018) thereafter. However, the temporal coverage of a
long time-series NTL data set processed by machine learning
depends on the temporal coverage of auxiliary data, which
leads to the NTL data sets’ failure to cover products from
before 2000, thereby limiting the time range of application.

In general, although numerous studies have success-
fully constructed a long time-series NTL data set comb-
ing DMSP-OLS and SNPP-VIIRS data, some issues still
remained. Notably, a common feature of the preceding studies,
in which DMSP-OLS data were relatively calibrated based on
pseudo-invariant regions, has often been to choose a city, such
as Hegang [24], Jixi [25] in Heilongjiang, or Sicily in Italy [4],
as a pseudo-invariant region to calibrate DMSP-OLS data.
However, choosing a city as a pseudo-invariant region would
cause pixel change instability and discontinuity problems,
particularly in a rapidly developing country, such as China,
because Chinese cities have experienced rapid socioeconomic
development and spatial extension since 1978. Accordingly,
DMSP-OLS data should be calibrated based on a proper
pseudo-invariant region. Meanwhile, the preceding studies

have seldom considered and repaired missing data in the
monthly SNPP-VIIRS data to develop a composite annual
SNPP-VIIRS data set for subsequent tests. The reason is that
light pixels in the mid-high latitudes were lost. Moreover,
MLAs that could be time-consuming and laborious had the
potential for the integration of DMSP-OLS and SNPP-VIIRS
data. Unstable light pixels processed by MLAs limited the
accurate application of data, and the coverage period of the
product depended on historical auxiliary data. Thus, some
considerably simple and rapidly robust empirical and semi-
empirical methods should be developed to address the afore-
mentioned data processing defects.

To address the above-mentioned issues, this study took
China as an experimental subject and developed improved
time-series DMSP-OLS-like data (1992–2019) by integrating
DMSP-OLS and SNPP-VIIRS data. First, “pseudo-invariant
pixels” were selected using a pixel-by-pixel linear regres-
sion, and DMSP-OLS data were cross-calibrated thereafter to
resolve data discontinuities. Second, we manipulated miss-
ing pixels in the SNPP-VIIRS data using an exponential
smoothing model. Finally, we attempted to utilize a sig-
moid model to generate SDMSP-OLS data (2013–2019)
based on the “S”-relationship at the pixel level in differ-
ent regions of China and combined them thereafter with
the calibrated DMSP-OLS data (1992–2013) to develop
improved time-series DMSP-OLS-like data (1992–2019).
Moreover, this study could evaluate the accuracy of improved
DMSP-OLS-like data from different qualitative and quantita-
tive aspects compared with the published NTL data.

II. STUDY AREA AND DATA

A. Study Area

China has experienced a rapid process of urbanization,
during which urban development has also been substantially
improved with a large range of NTL changes. In addition,
some pixels of the SNPP-VIIRS data in Northern China were
often missing owing to the influence of auroras, which are con-
sistent with the situation in the world’s high-latitude regions.
Thus, the typicality of China indicated that the construction
methods of long time-series NTL data in this country could
also be applied to other countries. Moreover, China’s uneven
development in various regions has resulted in evident differ-
ences in the NTL changes in these regions, thereby causing
NTL in different cities to present different spatial and temporal
patterns. For improved data conversion, China was subdivided
into ten regions: Northeast China (NEC), Inner Mongolia
(IM), Southwest China (SWC), Tibet (TB), South China (SC),
Xinjiang (XJ), Northwest China (NWC), North China (NC),
East China (EC), and Central China (CC) [26], [27] (Fig. 1).

B. Data Collections

Three types of data were used in this study: NTL data, statis-
tical data, and administrative boundaries. Stable annual com-
posite DMSP-OLS (version 4) data from 1992 to 2013 and the
monthly SNPP-VIIRS data (version 1) of the “vcm” (VIIRS
Cloud Mask) version from 2013 to 2019 were collected from
the Payne Institute for Public Policy, Colorado School of
Mines (https://payneinstitute.mines.edu/eog/nighttime-lights/).
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Fig. 1. Location of the study area. Note: NEC, IM, SWC, TB, SC, XJ,
NWC, NC, EC, and CC.

DMSP-OLS data included digital number (DN) values rang-
ing from 0 to 63 with about a 30 arc-second spatial resolution.
SNPP-VIIRS data included land-surface light radiance values
with an enhanced spatial resolution of about 15 arc-second
segments. Socioeconomic indicators included gross domestic
product (GDP), population (POP), urban population (UPOP),
GDP per capita (PGDP), energy consumption (EC), EC per
capita (PEC), GDP of the secondary industry (GDP2), GDP
of the tertiary industry (GDP3), EPC, and EPC per capita
(PEPC). National and provincial statistics were obtained from
the China Statistical Yearbook (1993–2019). Vector data of
the provincial-, prefectural-, and county-level boundaries were
downloaded from the National Geomatics Centre of China.

All spatial data were projected into an Albers equal-area
conic projection with reference to the WGS-84 datum and
were resampled to a spatial resolution of 1 km.

III. METHODOLOGY

The following steps were applied to develop the improved
DMSP-OLS-like data set (1992–2019) (Fig. 2). First, invari-
ant pixels were selected as a calibration site (CS) to cali-
brate the DMSP-OLS data [Fig. 2(a)]. Second, we patched
the missing pixels in the original monthly SNPP-VIIRS
(OMS) data, applied average value composite to acquire the
annual SNPP-VIIRS data, and removed noise in these data
[Fig. 2(b)]. Third, we converted the SNPP-VIIRS data resam-
pled using the kernel density method to the SDMSP-OLS
data based on the relationship between the two data. Lastly,
we appended the SDMSP-OLS data (2013–2019) to the cali-
brated DMSP-OLS data (1992–2013) to integrate the improved
time-series DMSP-OLS-like data [Fig. 2(c)].

Fig. 2. Data processing framework. (a) Calibration of DMSP-OLS data.
(b) Correction of SNPP-VIIRS data. (c) Integration of long time-series NTL
data.

Fig. 3. (a) Linear fitting slope values. (b) Histogram distribution of the linear
fitting slope (0–4.03). (c) Invariant pixels in the study area.

A. Calibration of DMSP-OLS Data

The selection of invariant regions was the premise of
enhancing the continuity of DMSP-OLS data from different
satellites. China has experienced rapid changes in cities since
1992; thus, selecting a city as an invariant region would
relatively cause a deviation in this country. To avoid the defects
of traditional invariant regions, a reasonable “pseudo-invariant
pixel region” should be identified through pixel-by-pixel cor-
relation analysis. The details are as follows. First, we shielded
the dim pixels (i.e., pixel with DN = 0) and selected pixels
with stable lighting values in 1992–2013 according to the
character of the pixel change. Second, we performed pixel-
by-pixel linear fitting on these pixels and calculated the
linear fitting slope of each pixel from 1992 to 2013, and
all pixels shown in Fig. 3(a) passed the 5% significance
test [28]. Third, we used a histogram to show the number
of pixels with slope ranging from 0 to 4.03 and found a
significant peak before 0.16; histogram frequency began to
decline after 0.16 [Fig. 3(b)]. Thus, lighting pixels with slope
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Fig. 4. Cloud-free cover observation days from March to August in 2013.

values below 0.16 were selected as pseudo-invariant areas from
which to extract the invariant pixels as CS to calibrate the
DMSP-OLS data [Fig. 3(c)]. Eventually, the DMSP-OLS data
of F162006 were used as reference data, and a quadratic model
was selected as calibration model for the DMSP-OLS data
calibration on the basis of selecting a suitable invariant region.

B. Correction of SNPP-VIIRS Data

Missing pixels of OMS data should also be corrected in
this study. As Fig. 4 shows, cloud-free cover observation days,
given that clouds and stray lights impede satellites from receiv-
ing lights from the earth’s surface [28], some no-data pixels
with no observation in the images were necessary to patch
these missing pixels before further quantitative analysis. Thus,
we applied an exponential smoothing model to interpolate
the no-data pixels in the monthly time-series images, thereby
creating patches [29]. The details are as follows:

St = αxt + (1 − α)St−1

=
t−1∑
j=0

α(1 − α) j xt− j + (1 − α)t xt (0 < α < 1) (1)

S1 = (x0 + x1)/2 (2)

where x is the radiance value of OMS data, S is the predicted
value, t is the period, and α is the smoothing coefficient. The
first exponential smoothing value of phase t is used as the
predicted value of phase t + 1.

A patched SNPP-VIIRS image was produced by combining
the original and estimated SNPP-VIIRS images using the
following equation:

SNPPpatched =
{

SNPPori , SNPPori �= 0

SNPPest , SNPPori= 0
(3)

where SNPPpatched , SNPPori , and SNPPest represent radiances
in the patched, original, and estimated SNPP-VIIRS images,
respectively.

Fig. 5. Variations of the TPVs in different CSs. (a) Hegang, China. (b) Jixi,
China [25]. (c) Sicily, Italy [31]. (d) Invariant pixels in China.

According to the existing methods of annual SNPP-VIIRS
data synthesis, average value composite was used to average
the pixels in the same position at 12 months for devel-
oping composite annual SNPP-VIIRS data [26]. However,
the annual SNPP-VIIRS data still had numerous background
noise and outliers after compositing the annual data. Thus,
taking reference to the study of Shi et al. [13], the minimum
and maximum thresholds were used to remove background
noise and outliers. Specifically, some sample areas were
theoretically selected from Google Earth images, including
lakes, large reservoirs, woodland, farmland, and other areas
without light sources. Mean values of the selected areas
without light sources in the annual SNPP-VIIRS data were
set as the minimum threshold, and pixels below this thresh-
old were uniformly replaced with 0 to remove background
noise. In addition, we selected the maximum pixel values
at airports as maximum thresholds to remove outliers in the
annual SNPP-VIIRS data [13]. In the subsequent sections,
SNPP-VIIRS data refer exclusively to the annual SNPP-VIIRS
data.

C. Integration of Long Time-Series NTL Data

A cross-sensor conversion method was utilized to convert
SNPP-VIIRS data to SDMSP-OLS data to extend the tem-
poral coverage of DMSP-OLS data. First, a kernel density
method was used to resample the spatial resolution (1 km)
of SNPP-VIIRS data for blurring the SNPP-VIIRS data [30].
Second, a logarithmic transformation of the data was per-
formed to reduce the variance of changes in radiation values
in the SNPP-VIIRS data [18]. Third, data from 2013 were
selected to develop the model because the SNPP-VIIRS data
in 2012 were available from April. Finally, a sigmoid model
was chosen to convert SNPP-VIIRS data to SDMSP-OLS
data based on an “S”-curve between the DMSP-OLS and
logarithmic SNPP-VIIRS data

Y = a + b

(
1

1 + e−c(x−d)

)
(4)
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TABLE I

PARAMETERS IN THE SIGMOID MODELS

where Y is the DN value of the SDMSP-OLS data, and
x is the value of the logarithmic SNPP-VIIRS data. Given
the economic differences among the different regions of
China, we reconstructed sigmoid models in different regions,
as shown in Fig. 1. The coefficients of a, b, c, and d with
the determination coefficients (R2) and corresponding root
mean squared error (RMSE) of the sigmoid models in different
regions are presented in Table I. Thereafter, a 3 × 3 pixel win-
dow was applied to smooth the SNPP-VIIRS data. We likewise
selected lighting pixels as a mask to remove the remaining
noise amplified by the kernel density method and simultane-
ously retained the spillover effect of the SDMSP-OLS data.

Data conversions for the remaining SNPP-VIIRS data
(2014–2019) were also performed according to the 2013 cri-
teria to develop SDMSP-OLS data covering the same period.
We rounded off DMSP-OLS and SDMSP-OLS and assigned
the DN value above 63–63. By appending the two data sets,
long time-series NTL data (i.e., improved DMSP-OLS-like
data), which comprise the DMSP-OLS (1992–2013) and
SDMSP-OLS (2013–2019) data, were developed. We desig-
nated the DMSP-OLS and SDMSP-OLS data as the calibrated
DMSP-OLS and improved SDMSP-OLS data, respectively,
in the improved DMSP-OLS-like data.

D. Accuracy Evaluation

Given that the extended global DMSP-OLS-like and
SNPP-VIIRS-like NTL data in 1992–2018 developed by
Li [18] and Chen [23] (referred to hereafter as Li DMSP-OLS-
like data and Chen SNPP-VIIRS-like data, respectively) have
been published and proven to have relatively high accuracy,
this study performed a comparative analysis for accuracy
verification. To effectively distinguish different data, we used
“Li DMSP-OLS data” and “Li SDMSP-OLS data” to represent
the DMSP-OLS and SDMSP-OLS data, respectively, in the Li
DMSP-OLS-like data set. For the SVIIRS data in the Chen
SNPP-VIIRS-like data set, we called them Chen SVIIRS data
in the remainder. In particular, we first compared the calibrated

DMSP-OLS data with other DMSP-OLS data to investigate
the effect of the invariant region’s improvement. Thereafter,
we analyzed the total pixel values (TPVs) variation in the
original and patched monthly SNPP-VIIRS data and utilized
official annual SNPP-VIIRS data in 2015 and 2016 to validate
the robustness of the SNPP-VIIRS data processing. Finally,
the differences between the published NTL data and improved
DMSP-OLS-like data were analyzed using visual comparison
and quantitative analyses to validate data accuracy in China.

IV. RESULTS AND DISCUSSION

We would evaluate the accuracy of data from the fol-
lowing aspects: evaluations of the calibrated DMSP-OLS
data and SNPP-VIIRS correction, correlations between the
SDMSP-OLS data and DMSP-OLS data, and the performance
comparison analysis of the improved DMSP-OLS-like data
and published NTL data sets.

A. Evaluation of the Calibrated DMSP-OLS Data
We compared traditional CSs (i.e., Hegang, Jixi, and Sicily)

with invariant pixels, and the coefficients of variation (CV) of
TPVs in different CSs are shown in Fig. 5 [24], [25], [31].
Given that the DMSP-OLS data in 2010–2013 had a sharp
change, CVs of four CSs were calculated in 1992–2009.
As shown in Fig. 5, TPVs in Hegang, Jixi, and Sicily evidently
presented significant upward trends with CVs of 0.288, 0.246,
and 0.102, respectively, while that in the invariant pixels had
a relatively flat trend with a CV of 0.093 in 1992–2009.

Moreover, Fig. 6 shows TPVs of DMSP-OLS data from
satellites F10-18 calibrated based on the four CSs, and the
normalized difference index (NDI) for years when annual data
was synthesized from two different satellites was summated
to compare the system deviations to verify the calibration
performance [32]. NDI of the calibrated results selecting
Hegang, Jixi, and Sicily as CSs varied from 0.297 to 0.460,
while NDI of the calibrated result selecting invariant pixels
as a CS was 0.203. The results proved that the performance
of invariant pixels was superior to that of cities as CSs to
achieve relative calibration. The calibrated DMSP-OLS data
compared with other data increased steadily over time except
for special years (i.e., 2007–2009). The possible reason is
that the serious financial crisis in 2007–2009 substantially hit
the global economy, which affected China’s exports, thereby
slowing its economic growth [33]–[35]. The rapid decline of
the economic growth rate of China in 2007–2009 (see Fig. 7)
confirmed the preceding fact, implying that the calibrated
DMSP-OLS data were markedly consistent with the trend
of socioeconomic development in China. Meanwhile, China’s
economic development cannot affect the development of
Sicily. As shown in Fig. 6(c), TPVs increased in 2007–2009.
Thus, selecting invariant regions from other countries
would lead to the calibrated results deviating from the
status quo.

B. Evaluation of the Corrected SNPP-VIIRS Data

We found that the OMS data from April to August had the
problem of missing data in the mid-high latitudes, and this
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Fig. 6. Variations of the TPVs in the calibrated results. (a) Hegang, China [24]. (b) Jixi, China [25]. (c) Sicily, Italy [31]. (d) Invariant pixels in China.

Fig. 7. Economical growth rates in China in 1993–2019.

Fig. 8. Dynamics of the TPVs of the SNPP-VIIRS data in (a) and (b) June
and (c) and (d) December by longitude and latitude (1◦ bins) in 2013.

issue was most serious in June. To compare the performance
of the patched SNPP-VIIRS data, Fig. 8(a) and (c) showed
the latitudinal dynamics of TPVs of the SNPP-VIIRS data in
June and December, respectively. Given that the OMS data
in June had the largest areas of missing data in the mid-high
latitudes, TPVs approximately from 31◦ N–53◦ N decreased
to 0 [Figs. 4(d) and 8(a)]. After the data were patched, TPVs
in the patched monthly SNPP-VIIRS in June had similar
dynamics with TPVs in the OMS data in December, as shown
in Fig. 8(c). In the longitudinal direction, owing to missing
data, longitudinal TPVs in the OMS data shown in Fig. 8(b)
were lower than that in December [Fig. 8(d)], while TPVs in
the patched monthly SNPP-VIIRS data in June also presented
a similar pattern with that in December. In general, the
preceding analyses indicated that missing data would affect the
dynamics of TPVs in the OMS data from the latitudinal and
longitudinal directions. Accordingly, this situation may further
affect the accuracy of the annual data and fail to satisfactorily
reflect the change in socioeconomic activities.

To compare the accuracy of the patched SNPP-VIIRS data,
regressions were performed between the official SNPP-VIIRS
data in 2015 and 2016 and the average SNPP-VIIRS data
(excluding monthly data from May–August) [26], the weighted
average SNPP-VIIRS data that weighted the summation of

Fig. 9. Scatter density plots of the (I) 2015 and (II) 2016 official annual
SNPP-VIIRS data with (a) average SNPP-VIIRS data without monthly data
from May to August [26], (b) weighted average SNPP-VIIRS data [18], and
(c) average patched SNPP-VIIRS data. The dotted line (gray) denotes the 1:1
line and the solid line (red) denotes the regression fitted line.

annual SNPP-VIIRS data with the proportion of cloud-free
observation days in each month as weights [18], and the
patched SNPP-VIIRS data (Fig. 9). The results showed that the
regression R2 values between the three types of SNPP-VIIRS
data and official annual SNPP-VIIRS data in 2015 were 0.878,
0.864, and 0.931, and the corresponding RMSEs were 3.443,
3.460, and 2.560, respectively. The regression R2 values in
2016 were 0.882, 0.867, and 0.930, respectively, and the cor-
responding RMSEs were 3.230, 3.415, and 3.248, respectively.
The validation results implied that the patched SNPP-VIIRS
data outperformed the other SNPP-VIIRS data, indicating that
compositing annual data after patching missing data was more
reasonable.

C. Evaluation of the Improved SDMSP-OLS Data

The feasibility of the SDMSP-OLS data converted from
SNPP-VIIRS data was evaluated by comparing the sim-
ilarity between the calibrated DMSP-OLS and improved
SDMSP-OLS data. Histogram distributions of the DN values
regarding the calibrated DMSP-OLS data, Li SDMSP-OLS
data, and improved SDMSP-OLS data are shown in
Fig. 10. Compared with the calibrated DMSP-OLS data,
Li SDMSP-OLS data excessively simulated the distribu-
tion of DN values in low-value regions, particularly at
DN = 7 and DN = 8, while partial optimization was achieved
in the improved SDMSP-OLS data [Fig. 10(a)]. As shown in
Fig. 10(b) and (c), the improved SDMSP-OLS data had better
conformity with the calibrated DMSP-OLS data compared
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Fig. 10. Histograms of the calibrated DMSP-OLS data (blue), improved SDMSP-OLS data (green), and Li SDMSP-OLS data (orange) in 2013 with DN
values ranging from (a) 0 to 20, (b) 21 to 40, and (c) 41 to 63.

Fig. 11. Scatter plots between the simulated and corresponding NTL data at the pixel level in China. (a) 2013 DMSP-OLS versus 2013 Li SDMSP-OLS.
(b) 2013 DMSP-OLS versus 2013 improved SDMSP-OLS. (c) 2012 SNPP-VIIRS versus 2012 Chen SVIIRS. The dotted line (gray) denotes the 1:1 line and
the solid line (red) denotes the regression fitted line.

with the Li SDMSP-OLS data when the DN value ranged
from 21 to 63.

Linear regressions were also performed between simulated
NTL data and corresponding NTL data at the pixel level
(Fig. 11). As shown in Fig. 11(a), the regression R2 value
was 0.835 with an RMSE of 7.401 for the Li SDMSP-OLS
data. However, the slope of the regression fitted line deviated
from 1. For the improved SDMSP-OLS data, the regression
R2 value was 0.837 with RMSE of 7.358, and the slope of
the regression fitted line significantly corresponded with 1.
These results indicated that the DN values were evenly
distributed on both sides of the 1:1 line, thereby implying
that the improved SDMSP-OLS data positively corresponded
with the calibrated DMSP-OLS data in 2013. Although Chen
SVIIRS data (2000–2012) with a 500 m spatial resolution
in Chen SNPP-VIIRS-like data converted from DMSP-OLS
data would provide numerous spatial details and substan-
tially clear urban hierarchy structure, the regression R2 value
was 0.512 with RMSE of 6.621 between the SNPP-VIIRS
data and Chen SVIIRS data in 2012, and the slope of the
regression fitted line sharply deviated from 1. These results
indicated that the quality of the Chen SVIIRS data still
had considerable potential for improvement. In general, the
compared results indicated that the improved SDMSP-OLS
data have relatively higher similarity to the corresponding
NTL data than the two published data sets at the pixel
level.

Given the significant similarity of NTL data between
different years, we utilized DMSP-OLS data in 2012 to
regress with SNPP-VIIRS data, Li SDMSP-OLS data, and
improved SDMSP-OLS data in 2013–2018. We also adopted
SNPP-VIIRS data in 2013–2018 to regress with the Chen
SVIIRS data in 2012. The regression R2 values are listed
in Tables II and III at multiscale levels (i.e., province,
prefecture, and county). From the perspective of the aver-
age DN value in Table II, the average R2 values between
the SNPP-VIIRS and DMSP-OLS data were 0.884, 0.821,
and 0.668 at the aforementioned three levels, respectively.
Correspondingly, the average R2 values between the Li
SDMSP-OLS and DMSP-OLS data were 0.977, 0.960, and
0.971, respectively. The average R2 values between the
Chen SVIIRS and SNPP-VIIRS data were 0.907, 0.925,
and 0.871, respectively. The average R2 values between the
improved SDMSP-OLS and DMSP-OLS data were 0.987,
0.975, and 0.978, respectively. From the perspective of TPVs
in Table III, SNPP-VIIRS data had R2 values of 0.714, 0.702,
and 0.602 at the three levels, respectively. Li SDMSP-OLS
data had R2 values of 0.508, 0.481, and 0.477, respectively.
The Chen SVIIRS data had R2 values of 0.773, 0.827,
and 0.824, respectively, while the improved SDMSP-OLS
data achieved the highest accuracy with R2 values of 0.927,
0.909, and 0.885, respectively. The results emphasized that
after mutual calibration, the improved SDMSP-OLS data
performed a higher consistency with DMSP-OLS data than
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TABLE II

REGRESSION RESULTS OF THE AVERAGE DN VALUES OF THE SIMULATED NTL DATA IN 2013–2018 WITH THE CORRESPONDING NTL DATA IN 2012 AT
MULTIPLE SCALES (A) PROVINCE, (B) PREFECTURE, AND (C) COUNTY

TABLE III

REGRESSION RESULTS OF THE TPVS OF SIMULATED NTL DATA DURING 2013–2018 WITH THE CORRESPONDING NTL DATA IN 2012 AT MULTIPLE

SCALES (A) PROVINCE, (B) PREFECTURE, AND (B) COUNTY

the SNPP-VIIRS and Li SDMSP-OLS data. Given the con-
sistency between the simulated and corresponding NTL data,
the improved SDMSP-OLS data also outperformed the Chen
SVIIRS data. Fig. 12 shows the spatial patterns of the
DMSP-OLS, Li SDMSP-OLS, and improved SDMSP-OLS
data in 2013; and the Chen SVIIRS and SNPP-VIIRS data
in 2012. Given that the Chen SVIIRS data in 2013 were
not published in the Chen SNPP-VIIRS-like data set and the
light layout differences between adjacent years were slightly
small, Chen SVIIRS in 2012 were used to replace the data
in 2013 for analysis. The Li SDMSP-OLS and improved
SDMSP-OLS data showed markedly similar spatial patterns
to the DMSP-OLS data. However, Li SDMSP-OLS data
exhibited extensive background noise that severely affected
the accuracy of the simulation of urban economic activities
[Fig. 12(II)]. Different from the Li SDMSP-OLS data, the
improved SDMSP-OLS data could accurately reflect tenebrous
and lighting areas, avoiding errors in monitoring human activ-
ities or urban development studies. To present changes in the
DN values along a line and further examine the effect of
conversion, the profiles of the DMSP-OLS, Li SDMSP-OLS,
improved SDMSP-OLS, SNPP-VIIRS, and Chen SVIIRS data
are shown in Fig. 12. The spatial variation in the DN values

of the improved SDMSP-OLS data had better consistency
with the DMSP-OLS data than with the Li SDMSP-OLS
data according to the profiles. The Li SDMSP-OLS data
overestimated the DN value in some areas highlighted in
a dotted circle (red) in Figs. 12 and 13. In addition, the
comparisons of spatial patterns between the Chen SVIIRS
and SNPP-VIIRS data in Fig. 12 indicated that the spatial
pattern distribution of the two NTL data was similar, while
that of some cities was relatively different (marked in a black
dotted circle). Although the Chen SVIIRS data had evident
advantages in the detailed depiction of urban interiors and
high ability to distinguish ground features, radiances could be
overestimated or underestimated in urban areas highlighted in
a dotted circle (black) in Figs. 12 and 13 compared with the
SNPP-VIIRS data in 2012. Accordingly, this situation could
misidentify polycentric cities.

D. Evaluation of the Time-Series Improved DMSP-OLS-Like
Data

To evaluate the enhancement of the improved DMSP-OLS-
like data, we compared the data with the published NTL data
from the perspective of the temporal variation of TPVs and
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Fig. 12. Spatial patterns of (I) DMSP-OLS, (II) Li SDMSP-OLS, (III) improved SDMSP-OLS, (IV) SNPP-VIIRS, (V) Chen SVIIRS data, and (VI) Google
Earth images in different urban size cities. (a) Beijing. (b) Chengdu. (c) Wuhan. (d) Xi’an. (e) Chongqing. (f) Pearl River Delta.

total lighting pixels (TLPs). The correlations between different
NTL data sets and ancillary socioeconomic statistics were also
utilized to evaluate data accuracy.

NTL intensity of each pixel in the Li DMSP-OLS-like and
improved DMSP-OLS-like data was recorded as DN values.
Thus, Fig. 14 presents the variation of TPVs and TLPs in the
improved DMSP-OLS-like (1992–2019) and Li DMSP-OLS-
like (1992–2018) data, and the overlapping year (2013) was
highlighted by a red dotted circle. Different from the Li
DMSP-OLS-like data, the improved DMSP-OLS-like data had
a relatively consistent temporal trend regarding the growth of
TPVs and TLPs presenting an overall upward growth trend
with slight fluctuations. Given that the Li SDMSP-OLS data
had numerous noise, we calculated the variation of TPVs and
TLPs according to the following four cases for further analysis
of the NTL dynamics in China: DN > 0, DN > 9, DN >
19, and DN > 29. For the improved DMSP-OLS-like data,

although TLPs of the improved SDMSP-OLS data decreased
in 2013–2018 when DN > 0, the data had a smooth temporal
variation of TPVs and TLPs that fluctuated steadily and
upward even near the overlapping year between the improved
SDMSP-OLS and calibrated DMSP-OLS data in the other
cases. The Li DMSP-OLS-like data had a sharp increase in
TDV and TLPs in the overlapping year and sharply declined
in 2018 when DN > 0. When DN > 9, TDV and TLPs
of the Li DMSP-OLS data calibrated using the stepwise
method were discontinuous with those of the Li SDMSP-OLS
data in 2013, which presented a downward trend. The same
phenomenon occurred with DN > 19 and DN > 29 in the Li
DMSP-OLS-like data. Although the overall intensity of eco-
nomic activities decreased since China’s economy was affected
by the financial crisis in 2007–2009, the Chinese government
has actively regulated the market to reduce risks from the
financial crisis, thereby enabling China’s urban development
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Fig. 13. Profiles of spatial cross-section: DMSP-OLS (purple), improved
SDMSP-OLS (green), Li SDMSP-OLS (red), Chen SVIIRS (blue gray), and
SNPP-VIIRS (light green) in (a) Beijing, (b) Chengdu, (c) Wuhan, (d) Xi’an,
(e) Chongqing, and (f) Pearl River Delta. Note: Geographic locations of
profiles were the same as those in Fig. 12.

to continue moving steadily forward [36]. Thus, the scope of
economic activities still increased owing to urban expansion.
Correspondingly, Fig. 14 shows that the pixel of low DN
value increased and the DN values of the original urban
region decreased overall in the improved DMSP-OLS-like
data, while pixel variation in the Li DMSP-OLS-like data had
an opposite trend. These results indicated that the improved
DMSP-OLS-like data achieved superior performance and
that the temporal trend of TPVs and TLPs was consistent
with the actual development in China. Thus, the preceding
analyses confirmed that the improved DMSP-OLS-like data
had a strong temporal continuity on the growth of TPVs and
TLPs.

Furthermore, Fig. 15 presents the temporal trend in TPVs
of the three time-series NTL data sets in 2000–2018 from
within four municipalities, in which the special administrative
powers of these municipalities led to faster urban development
than other cities. For the Li DMSP-OLS-like data set, TPVs
in Chongqing had a significant increase in 2013, causing
a disconnect from previous TPVs and inconsistent with the
urban development situation, even though TPVs in the other
three municipalities showed a steady increasing trend. For
the Chen SNPP-VIIRS-like data set, TPVs in Beijing and
Shanghai exhibited large fluctuations in growth, and TPVs in
2006 particularly exceeded those in subsequent years (2012
and 2013). As shown in Fig. 15, TPVs in the improved
DMSP-OLS-like data increased stably with slight fluctuations
compared with those in the two other data sets, indicating
that the former had a suitable capacity to reveal China’s
socioeconomic changes.

Owing to difficulties in collecting statistical data at the
prefecture and county levels, we used statistical data from
the national (1992–2018) and provincial (2000–2018) levels
to perform linear regression with TPVs in the improved
DMSP-OLS-like data and published NTL data at the national
and provincial levels. Tables IV and V list the regression
R2 values at the different administrative levels. Moreover,
Fig. 16 shows regressions between partial socioeconomic
parameters (i.e., population, GDP, GDP3, and EPC) and TPVs
at the national level. Given the space constraints, we only
reported the average R2 values from the regression results at
the provincial level in Table IV, and the detailed R2 values

for the different statistics are shown in Fig. 17. According to
regressions between the NTL data and statistics at the national
and provincial levels, the average R2 values are as follows:
Li DMSP-OLS-like data, 0.858 and 0.506, respectively; Chen
SNPP-VIIRS-like data, 0.911 and 0.611, respectively; and
improved DMSP-OLS-like data, 0.931 and 0.654, respectively.
In general, Tables IV and V prove that the accuracy of
the socioeconomic parameter estimations was significantly
improved by the improved DMSP-OLS-like data. The majority
of the R2 values exceeded 0.70, which implies that the
two published NTL data partially reflect the socioeconomic
status in China. However, the improved DMSP-OLS-like data
with the highest average R2 values can accurately depict the
socioeconomic status in China.

Given that the Li SDMSP-OLS data overestimated the
DN values in dim areas, we also compared the improved
DMSP-OLS-like data with the Li DMSP-OLS-like data to
regress with the statistics based on four cases (i.e., DN >
0, DN > 9, DN > 19, and DN > 29) at the national and
provincial levels. The regression R2 values of the improved
DMSP-OLS-like data higher than those of the Li DMSP-OLS-
like data were marked by a gray background color in Tables
IV and V. When DN > 0, the Li DMSP-OLS-like data had
average R2 values of 0.858 and 0.506, while the improved
DMSP-OLS-like data had 0.931 and 0.654; when DN > 9,
the average R2 values of the Li DMSP-OLS-like data were
0.926 and 0.658 and those of the improved DMSP-OLS-like
data were 0.907 and 0.672; when DN > 19, the average
R2 values of the Li DMSP-OLS-like data were 0.932 and
0.670 and those of the improved DMSP-OLS-like data were
0.927 and 0.670; when DN > 29, the average R2 values
of the Li DMSP-OLS-like data were 0.942 and 0.666 and
the improved DMSP-OLS-like data had average R2 values of
0.937 and 0.656. Therefore, in terms of the fitting ability of
the socioeconomic parameters at the national- and provincial-
levels, the improved DMSP-OLS-like data were superior to
the two published NTL data sets based on the preceding
analysis.

E. Limitations

This study has some limitations. First, we disregarded the
saturation effect of DMSP-OLS data during the construction
of the long time-series data set. In future studies, we will
focus on how to desaturate DMSP-OLS data and remove the
corresponding spillover effect. Although the continuity of the
DMSP-OLS data from the F18 satellite with other satellite
data increased, the convergence between the DMSP-OLS data
from the F18 satellite and that from the F16 satellite should be
improved. Then, we only utilized a mask to reduce the influ-
ence of amplified noise in the improved SDMSP-OLS data.
The data conversion process will be optimized to suppress
the overestimation of the DN values in dim areas. Also, the
inconsistent overpass times of the two satellites may cause
different NTL intensities in the urban areas observed [37], [38]
and thus reducing the influence of different overpass times
will be considered in future research. Finally, the observation
geometry may also impact the annual composites [39], [40],
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Fig. 14. Temporal trend of the improved DMSP-OLS-like (1992–2019) and Li DMSP-OLS-like (1992–2018) date for the TPVs and lighting pixels.
(I) DN > 0. (II) DN > 9. (III) DN > 19. (IV) DN > 29.

Fig. 15. Temporal trend of the TPVs in different NTL data sets in 2000–2018. (a) Beijing. (b) Chongqing. (c) Shanghai. (d) Tianjin.

which caused the signal of each pixel contained informa-
tion from the area without grid coverage. As an improve-
ment, a pixel averaging window method is conducted for
temporal analysis before synthesizing the annual data in
future.

V. CONCLUSION

This study attempted to calibrate the DMSP-OLS data via
the application of the “pseudo-invariant pixel” method and
patch missing data in the OMS data before synthesizing the
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TABLE IV

COMPARISON RESULTS OF THE REGRESSION R2 VALUES AT THE NATIONAL LEVEL

TABLE V

COMPARISON RESULTS OF THE AVERAGE REGRESSION R2 VALUES AT THE PROVINCIAL LEVEL FROM 2000 TO 2018

Fig. 16. Comparisons of the TPVs of the Li DMSP-OLS-like (red), Chen NPP-VIIRS-like (green), and improved DMSP-OLS-like (black) data with the
(a) population, (b) GDP, (c) GDP3, and (d) EPC.

annual SNPP-VIIRS data. Thereafter, the improved time-
series DMSP-OLS-like data (1992–2019) were developed by
appending the calibrated DMSP-OLS data (1992–2013) and
improved SDMSP-OLS data (2013–2019) converted from the
SNPP-VIIRS data. To investigate data accuracy, comparison
analyses were performed through qualitative and quantitative
analyses. The evaluation results showed that choosing
invariant pixels rather than a city as CS to relatively calibrate
DMSP-OLS data can effectively improve data continuity.
Correlation between the SNPP-VIIRS data synthesized by
the patched monthly SNPP-VIIRS data and official annual
SNPP-VIIRS data in 2015 (R2 = 0.931) and 2016 (R2 =
0.930) exceeded those of the two existing correction methods,
the R2 values of which were below 0.90. Moreover, spatial

pattern similarity analyses, including histograms, scatter
plots, profiles, and spatial pattern comparison, proved that
the differences between the SDMSP-OLS and DMSP-OLS
data were small, and SDMSP-OLS data in 2013–2019
were highly correlated with DMSP-OLS data in 2012.
The improved DMSP-OLS-like data have a relatively
consistent temporal trend on TPVs and TLPs. By performing
regressions between statistical data and the three long
time-series NTL data sets, the improved DMSP-OLS-
like data outperformed the two published NTL data with
average R2 values of 0.931 and 0.654 at the national and
provincial levels, respectively, while the average R2 values of
the other two data were 0.858/0.506 and 0.911/0.611,
respectively. The results indicate that the improved
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Fig. 17. Trends of the regression R2 values at the provincial level
from 2000 to 2018 for (a) population, (b) GDP, (c) GDP2, (d) GDP3,
(e) PGDP, and (f) EPC. The dotted line represents the year 2013.

time-series DMSP-OLS-like data had significant potential
to evaluate socioeconomic development and anthropic
activities.
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