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Abstract: Rapid assessment of natural disasters is essential for disaster analysis and spatially explicit
strategic decisions of post-disaster reconstruction but requires timely available data. The recent
daily data of the National Polar-Orbiting Partnership Visible Infrared Imaging Radiometer Suite
(NPP-VIIRS) day/night band (DNB) provide new opportunities to detect and evaluate natural disasters.
Here, we introduce an application of NPP-VIIRS DNB daily data for rapidly assessing the damage of
a severe typhoon that struck the urban agglomerations along the western Taiwan Straits in China.
Our research explored the methods of rapid identification and extraction of the areas based on changes
in nighttime light (NTL) after the typhoon disaster by using a statistical radiation-normalization
method. We analyzed the correlations of NTL image derivatives with human population, population
density, and gross domestic product (GDP). The strong correlations were found between NTL image
light density and population density (R2 = 0.83) and between the total nighttime light intensity and
GDP (R2 = 0.96) at the prefecture level. In addition, we examined the interrelationships between
changes in NTL images and the areas affected by the typhoon and proposed a method to predict the
affected population. Finally, the affected area and the affected population in the study area could be
rapidly retrieved based on the proposed remote sensing method. The overall accuracy was 83.2% for
the detection of the affected population after disaster and the recovery rate of the affected area was
86.9% in the third week after the typhoon. This research demonstrates that the NTL image-based
change detection method is simple and effective, and further explains that the NPP-VIIRS DNB daily
data are useful for rapidly assessing affected areas and affected populations after typhoon disasters,
and for timely quantifying the degree of recovery at a large spatial scale.

Keywords: NPP-VIIRS; DNB daily data; nighttime light; remote sensing; Taiwan Straits; typhoon;
disaster statistics; rapid assessment; hurricane

1. Introduction

A typhoon is an extreme weather event with excessive destructive force [1] and is one of the most
serious natural disasters on Earth. The southeastern coastal areas of China, which are intensively
populated and extensively developed, are vulnerable to frequent typhoons. The annual economic
losses and casualties caused by typhoon disasters in this region are enormous [2]. With increased

Remote Sens. 2019, 11, 1709; doi:10.3390/rs11141709 www.mdpi.com/journal/remotesensing

http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
https://orcid.org/0000-0002-9176-756X
https://orcid.org/0000-0001-7975-2472
https://orcid.org/0000-0001-7397-0524
http://dx.doi.org/10.3390/rs11141709
http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com/2072-4292/11/14/1709?type=check_update&version=2


Remote Sens. 2019, 11, 1709 2 of 26

climate variability in recent decades, many super-typhoons occurred in the northwestern Pacific
Ocean [3]. The super-typhoons, characterized by strong winds, heavy rainfall, and storm surges,
which can cause extremely high loss of lives and widespread damage to properties and infrastructures,
have been widely investigated [4,5].

A rapid and accurate assessment of typhoon disaster impacts is not only a prerequisite for
analyzing typhoon disasters and managing typhoon disaster rescues but also the basis for making
information-based strategic decisions on post-typhoon reconstruction [6]. Therefore, a rapid assessment
of the situation is necessary after any typhoon disasters. Such a rapid assessment refers to the rapid
estimation and prediction of disaster-related losses after a typhoon. The timely availability of disaster
information is particularly important in this case.

With traditional labor-intensive field survey methods, data collection is inefficient, dangerous,
and limited by ground conditions [7], making it difficult to conduct rapid disaster assessment over
a large area. Remote sensing images can provide objective, near-real-time, and large-scale surface
information and thus, are useful for disaster assessment after typhoons. Compared with optical and
radar remote sensing, which mainly identifies ground deformations caused by natural disasters [8],
nighttime light (NTL) remote sensing data directly reflects human socioeconomic activities as it records
artificial lights from cities, towns, industrial sites, fishing boats, and other human activities [9,10].
Typhoon disasters can seriously damage buildings and infrastructures, resulting in power outages and
the concomitant reduction in human activities, all of which can cause changes in light output. Thus,
NTL can directly reveal the affected area and indirectly estimate the size of the affected population.

At present, two sources of NTL data are available worldwide: One is the Operational Line-scan
System of the National Defense Meteorological Satellite Project (DMSP-OLS), and the other is the visible
infrared imaging radiometer (VIIRS) day-and-night band (DNB) from the Suomi National Polar-orbit
Partnership (S-NPP) satellite. The DMSP-OLS has been used for detecting surface activities at night and
producing NTL images since the early 1970s, but it has limitations such as lower radiation accuracy, a
low spatial resolution, and lack of onboard calibration [11,12]. The next-generation NPP-VIIRS DNB
data are acquired by systems that use on-board calibration to enable the detection of light of extremely
low-brightness and thereby provide improved capabilities for NTL observation that overcome some of
the limitations of DMSP-OLS images [13]. The NPP-VIIRS DNB data provide global coverage with a
revisit time of 12 h (at about 1:30 a.m. and 1:30 p.m. local time) and provide a spatial resolution of 742 m.

A high correlation exists between NTL data and human activities, and NTL data have the
advantages of temporal-spatial continuity, independence, and objectivity. Yearly or monthly composite
NTL data are increasingly used as an index to assess various socioeconomic indicators such as gross
domestic product (GDP) [14–16], population [17,18], electricity and energy consumption [19–21], carbon
emissions [22–24], and urbanization [25,26]. They are also used to extract urban built-up areas [27,28],
analyze the evolution of urban agglomerations [29–31], and assess major disaster events [32,33].
However, because of their low temporal resolution, yearly or monthly composite NTL data are not
suitable for speedy assessment of disasters.

The use of the DMSP-OLS daily images to assess disasters is limited by the cost of the images
and by internal limitations [34]. The NPP-VIIRS DNB daily data, however, are free of charge and
readily available for rapid disaster assessment. The daily NTL data from both NPP-VIIRS DNB and
DMSP-OLS have been used to monitor power outages caused by typhoons and to assess the impacts of
typhoons and other natural disasters. For example, Elvidge et al. [35] overlaid the daily NTL image
after hurricane Fran with the DMSP-OLS stable NTL data to form a color-composite image to visually
identify the areas without power. Molthan et al. [36] used daily NPP-VIIRS DNB data to produce
false-color-composite images of before- and after-hurricane NTL to detect light changes and identify
potential areas of power outage. Kohiyama et al. [32] used DMSP-OLS time-series images to evaluate
the impact of the 2001 West India earthquake and found that the results of monitoring disaster loss
from NTL images were highly consistent with the field-survey data. Cao et al. [37] used NPP-VIIRS
images to evaluate the power outage caused by two extreme weather events in the United States
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and found that the power-outage range extracted from NTL images was very close to the results of
on-ground investigations. Cole et al. [33] distinguished the NTL images before and after the hurricanes
based on NPP-VIIRS DNB and generated percent of normal light (PNL) images and advanced a
neural-network model for detecting power outages. Wang et al. [38] used the National Aeronautics
and Space Administration (NASA) Black Marble nighttime data (a type of high-quality NTL data from
NPP-VIIRS DNB) and PNL to assess disaster-related power outages. Zhao et al. [39] evaluated the
power recovery after a hurricane disaster based on NPP-VIIRS images. In the Hurricane Hudhud
incident, NPP-VIIRS image-based estimations of the proportion of users without power were consistent
with the reported power-outage situation, showing that the NPP-VIIRS DNB daily data were effective
for detecting damage and power outage caused by the storm. In summary, the most commonly used
methods for detecting changes in NTL remote-sensing images include pixel-based image comparisons
before and after events [33,35,37,39] and region-based time-series analyses [32,38].

Because NTL data contain light intensity information, they can reflect social-attribute information
and attenuation characteristics of the population and thus, have great potentials for studying population
spatial distribution [40]. For example, when analyzing the radiation characteristics of NTL data,
Sutton et al. [41] analyzed the relationship between population and NTL data and demonstrated its
application potential. Amaral et al. [42] examined the relationship between the Brazilian population
and areas in the NTL images. Zhuo et al. [43] used the intensity information from DMSP-OLS data,
and simulated population density both inside and outside light patches, whose results were consistent
with other estimates but exhibited more spatial heterogeneity and richer information. Yang et al. [18]
investigated the population spatialization based on NTL images and different spatial distribution
models and reduced the average relative error by 17.7%, which improved the accuracy significantly.
Chen et al. [44] showed that NPP-VIIRS data had advantages for retrieving population in small-scale
underdeveloped areas and could provide adequate information to determine the population.

It is evident that NTL remote sensing has achieved important theoretical and practical results in
natural disaster statistics and for estimating socioeconomic parameters such as population spatialization.
However, more research efforts are needed to investigate the use of the NPP-VIIRS DNB daily data
for rapid estimations of affected areas and affected population or recovery assessment after typhoon
disasters. In this study, NPP-VIIRS DNB is used as a data source to examine the rapid acquisition
technology and method for typhoon disasters. We thus focus on investigating how to rapidly identify
and extract changes caused by a typhoon by using NTL data and statistical radiation normalization.
We also investigate the interrelationships of the affected area derived with NTL data with the area and
population affected by the typhoon reported from other sources. The overall methodology will be
useful to provide supplementary information and decision support for emergency rescue services to
alleviate the problems of insufficient and lagging information on super-typhoon disasters.

2. Materials

2.1. Study Area

The study area includes 20 cities along the western Taiwan Straits on the eastern coast of China,
which belong to one of the national-level urban agglomerations (Figure 1). Fujian Province is the
main administrative area within the agglomeration, surrounded by Zhejiang, Jiangxi, and Guangdong
Provinces. The total area of the agglomeration is approximately 270,000 km2. This agglomeration is
one of the key development regions in China’s regional development strategy and connects the Yangtze
River delta in the north and the Pearl River delta in the south. It forms an essential part of China’s
coastal economic belt and is at the forefront of cross-strait cooperation and exchanges. The study area
is a special geographical location characterized by a high incidence of typhoon disasters [45]. On the
morning of 11 July, 2018, the region was hit by the super typhoon Maria [46], which was one of the
most intense tropical cyclones in China’s that year, with a central pressure of 920 hPa (Figure 1b).
The super typhoon Maria led to the shutdown of the high-speed railway in Fujian, Zhejiang, and other
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provinces, a large number of power outages, and a large area of damage, affecting 1173000 people in
Fujian, Jiangxi, and Zhejiang Provinces [47].
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Figure 1. (a) The geographical location of the research area, (b) the path of super typhoon Maria.

2.2. Data Source

In this study, the NTL data were obtained from the National Oceanic and Atmospheric
Administration/National Geophysical Data Center (NOAA NGDC, NOAA’s National Geophysical Data
Center, https://ngdc.noaa.gov/eog/viirs/download_dbs.html). The data were acquired by the visible
infrared imaging radiometer (VIIRS) on the Suomi-NPP satellite and contained a yearly composite
dataset for 2016, two monthly composite datasets from May to June 2018, and 32 daily DNB datasets
(acquired at night) from 1 July to 1 August, 2018 [48]. At the same time, for the purpose of the typhoon
disaster assessment, we used population, GDP, and various socioeconomic statistical data. In addition,
the path of super typhoon No. 201808 ”Maria” was derived from the China Central Meteorological
Observatory Typhoon Network [46]. The vector administrative boundary of the research area was
obtained from the 1:4 million prefecture-level city- and county-level administration boundary data
released by the National Basic Geographic Information Center. The 30 m resolution land-cover data of
the research area was obtained from the National Geographic Center of China [49]. The details of the
data used in this study are listed in Table 1.

Table 1. Details of data used in this study.

Data Name Data Description Time Source

Nighttime Light Data
The NPP-VIIRS DNB data is new
nighttime light data with a spatial

resolution of about 742 m

2016,
2018.5–2018.8

NOAA/NGDC. Available online: https:
//ngdc.noaa.gov/eog/viirs/download_dbs.html

(accessed on 1 August 2018).

Socioeconomic Data

Annual statistical data of
two types:

The population is mainly
permanent residents. The GDP is

the gross domestic product of
the region

2017

Fujian Statistical Yearbook, Guangdong
Statistical Yearbook, Zhejiang Statistical

Yearbook, Jiangxi Statistical Yearbook, China
Population and Employment Statistics Yearbook,

China Statistical Yearbook (County-Level)

Typhoon Path The landfall path of
typhoon “Maria” 2018

China Central Meteorological Observatory:
Typhoon Network. Available online:

http://typhoon.nmc.cn/web.html
(accessed on 1 August 2018)

Administrative
Boundaries

Vector files of provinces and
prefectures in China 2017

National Geomatics Center of China. Available
online: http://ngcc.sbsm.gov.cn/article/en/

(accessed on 1 August 2018).

Land Cover Maps Land cover maps with a
30 m resolution 2010

GLOBELAND30. Available online:
http://globallandcover.com/GLC30Download/

index.aspx (accessed on 1 August 2018).

https://ngdc.noaa.gov/eog/viirs/download_dbs.html
https://ngdc.noaa.gov/eog/viirs/download_dbs.html
https://ngdc.noaa.gov/eog/viirs/download_dbs.html
http://typhoon.nmc.cn/web.html
http://ngcc.sbsm.gov.cn/article/en/
http://globallandcover.com/GLC30Download/index.aspx
http://globallandcover.com/GLC30Download/index.aspx
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2.3. Research Route

In this study, the NTL data before and after the typhoon disaster were processed with geometric
matching and image data normalization, which can help extract the unbiased information of land surface
changes caused by the typhoon. The data also recorded the affected area and the degree of recovery.
Using information regarding the population and GDP, we conducted correlation models between NTL
data and population or GDP and used the best models from different scales. The models were used for
quantitatively retrieving the population and GDP. Finally, the research identified the distribution of the
affected area and estimated the affected area and affected the population. The information obtained
was used to analyze the temporal–spatial distribution of the typhoon disaster and rapidly determined
the degree of recovery. The result can provide supplementary data to support emergency rescue efforts
and recovery assessment. The research process is outlined in Figure 2.
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  Figure 2. The outline of the research process.

3. Methods

3.1. Data Pretreatment

3.1.1. Extraction of Change Region

The NTL image represents the state of human activity. Under normal circumstances, the NTL in a
given area is relatively stable over time (Figure 3a,b). After a strong typhoon disaster, the NTL intensity
from the disaster area is generally weakened and the NTL from certain areas is even sharply reduced
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or completely disappears (Figure 3c). The changes in NTL caused by a strong typhoon disaster provide
valuable information about the disaster, which can be extracted by detecting changes in NTL images
before and after the typhoon disaster. At present, the commonly used methods to detect change via
remote-sensing images are based on the pixel-difference method or the ratio method. Because of the
low spatial resolution of NTL remote-sensing images and the obvious changes caused by typhoon
disasters, we use the difference method in this research. The method can directly determine the area of
change, avoid large-scale classification, and improve the detection efficiency [50,51]. 

2 

 

 

 
 

 
 

Figure 3. The nighttime light images before and after the strong typhoon Maria in Fuzhou: (a) Stable
nighttime light before typhoon Maria, (b) constant nighttime light intensity before typhoon Maria,
(c) the nighttime light intensity in middle areas was greatly reduced after typhoon Maria.

NTL data processing mainly consists of extracting regions where the image changes. Since the
NPP-VIIRS DNB data are available daily, they contain inevitable noises, such as atmospheric clouds,
flare points, and moonlight. Firstly, radiation normalization was applied to the multi-temporal images
in the research region before and after the disaster. Relative radiation was normalized to minimize
the radiation difference generated by different multi-temporal imaging conditions and sensor radiation
differences [52,53]. The goal was to make the same feature ware fond of reflectivity for equal or similar
values in the multi-temporal remote sensing images. The procedure involved the selection of a clear image
a reference and normalizing the radiation values of other images by using the relationship between their
pixel gray values and the reference image, resulting in the same radiation scale between the target images
and the reference image [54]. Relative radiation normalization cannot only correct the differences caused by
changes in atmospheric conditions but also reduce the noise generated by sensors and other sources [55].

Statistical radiation-normalization mainly uses a statistical characteristic quantity, such as gray
mean, standard deviation and gray variation in the different-temporal images [56]. From the perspective
of statistics, we find the same gray probability distribution in the remote-sensing images of a given
region with the same radiation characteristics. This is due to the internal correlation of images,
where images with the same gray probability distribution also have similar radiation characteristics.
Therefore, the radiation normalization can be matched based on the statistics of the gray-scale
probability distribution between images [57–59]. It is assumed that the image grayscale obeys Gaussian
distribution [57]. Therefore, the following can be obtained:

gd − µ f

σ f
=

gr − µr

σr
(1)

where, gd is the pixel gray value after normalization of the original image, and µf and σf are the pixel
mean and standard deviation of the reference image, respectively, gr, µr and σr are the pixel gray value,
mean value, and standard deviation of the original image, respectively. Transforming Equation (1),
the statistics radiation-normalization model is derived as follows:

gd =
gr − µr

σr
× σ f + µ f (2)
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Equation (2) is the statistics radiation-normalization equation [60]. As a linear transformation,
it has been applied to environmental monitoring and natural disaster assessment [61]. Based on this
method, Zhang et al. [59] successfully detected severe regions of earthquake damage based on NTL
image data before and after an earthquake disaster, which was consistent with the research results
extracted by Kohiyama et al. [32].

In this paper, stable composite images of two months before a typhoon disaster were used as
reference images. After statistical radiation-normalization, the root-mean-square error of corrected
images and reference images was reduced, indicating that statistical radiation-normalization method
can effectively reduce the difference in radiation values between the target images and the reference
images, and can effectively remove noise [62].

Secondly, the image difference method based on a significance test was used to extract the changed
areas in this study. The image difference method was used to subtract the gray values of two temporal
remote sensing images. The principle is that the non-affected areas generally have the same or similar
gray values in the two temporal remote sensing images, while the gray values of the corresponding
positions will be greatly different when the regions undergo changes. Therefore, the pixel value is close
to zero in the area where no change occurs, so that the change information is shown in the background
image [51]. The procedure involved the following steps:

Step 1: After the radiation normalization of the original image, the difference values in the image
before and after the typhoon disaster can be calculated according to the image difference method.
The stable composite images of two months before the typhoon were selected as the data before the
typhoon, and then the daily image data for each city of study after the typhoon and the image data
before the typhoon were calculated, respectively, for calculating the difference image.

Step 2: Since the difference images of multi-temporal images before and after the typhoon disaster
satisfies the normal distribution [57], the Gaussian distribution function can be calculated according to
the values of the difference images, as shown in Equation (3):

g =
1

√
2π · σ

e
−(x−µ)2

σ2 (3)

Step 3: Based on the obtained Gaussian density function, the rationality of the significance test
was analyzed by using a Gaussian fitting probability distribution function. The segmentation threshold
of the significance test was calculated for the difference value images based on Gaussian distribution
and significance levels (95%), which could avoid the randomness of an artificial threshold [63].

Step 4: The radiation of a post-event for the typhoon disaster on a pixel basis was examined by
using a significance test of a Gaussian distribution. According to the calculated threshold, the pixel
area of affected change was extracted from the difference image.

3.1.2. Significance Test

In the significance test, once the probability density function and the confidence are determined,
the independent variable of the probability density function can be determined. In this research,
the independent variable is the difference between the images before and after the typhoon disaster.
Because the resolution of the NTL remote-sensing image is low, and the weather introduces significant
noise into the image, the significance levels are set to 95%, which does not lead to excessive false
alarms or missed detections [32,64]. The difference image is the image obtained by subtracting the
post-disaster image from the pre-disaster image. Because the brightness of the NTL is reduced after
the disaster, the pixels of the difference image are basically greater than zero, and the change region
mainly reflects the areas with positive pixel values.
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3.2. Model Development

3.2.1. NTL Image Derivatives and Socio-economic Indices

For a given region, we considered five NTL imagery derivatives, light density (LD), total light (TL),
light area (LA), weighted light density (WLD), and total weighted light (TWL). These indicators are
calculated with Equations (4)–(8).

LD =

∑
DNi
A

(4)

TL =
∑

DNi (5)

LA =
∑

i, DNi > 1 (6)

WLD =α ·

∑
DNi
N

+ β ·
∑

i(DNi > 1) (7)

TWL =α ·
∑

DNi + β ·
∑

i(DN > 1) (8)

where, DN is digital numbers, A is area, α = 0.8 and β = 0.2 [65].
The socio-economic indices included population density (PD), total population (TP) and GDP

in this study. We used each socioeconomic index as a dependent variable and each NTL imagery
derivative as an independent variable to perform regression analysis.

3.2.2. Linear Regression Models

A number of models, including linear regression models [14,42,66], log–log regression models [67],
and second-order regression models [68], have been used to estimate population and GDP using NTL
data. Among these options, linear regression models are relatively accurate and easy to implement.
Linear regression models [14,42] were used in this research. The regression analysis was made at
the prefecture level and county level, respectively. Mathematically, the general regression model is
expressed as follows:

Yi = ki ·Xi + bi (9)

where, Yi represents PD, TP or GDP, Xi represents LD, TL, LA, WLD, or TWL, ki is slope, and bi
is intercept.

3.2.3. Determination of the Affected Area and Affected Population

First, the NTL image data were projected into an Asia North Albers Equal Area Conic, and the
raster data were resampled to 500 m. After radiation normalization, the change region of the image in
different time phases was calculated under the significance verification, which was the affected area.
Second, using spatial analysis, the intensity and area of the pixel values of the NTL images in each
region were calculated. Combined with the relationship constructed between the NTL image and the
population (Equation (9)), the population density of the affected area was calculated from the NTL
density of the affected area. Finally, according to the population density of the affected area and the
affected area itself, the total affected population was computed as

PE = ρE ·AE (10)

where, PE is the total population affected, ρE is the population density in the affected area, and AE is
the affected area.
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In addition, the fraction of the affected area and the affected population was obtained by using
the total geographical area and the total population in each city.

3.2.4. Precision Evaluation of Retrieve Results

Through the regression model constructed for the research area, we obtained the NTL retrieve
population and GDP data. At the same time, the method proposed to calculate the affected population
could be used to retrieve the affected population in the study area based on the NTL data. The accuracy
of the TNL predicted population, GDP, and the affected population was expressed with the relative error:

e =
p− r

r
(11)

where, e is the relative error, p is the predicted value, and r is the true value [16].

3.2.5. Assessment Method for Affected Intensity

In the post-disaster assessment, the affected intensity refers to the ratio of the total amount of NTL
radiation post-disaster to the same quantity pre-disaster [33,37,38]. This ratio is called the proportion
of NTL (PNL):

PNL =
NTLpost−disaster

NTLpre−disaster
(12)

where, NTLpost-disaster is the total NTL radiation after a disaster, and NTLpre-disaster is the total NTL
radiation before a disaster. As shown by Equation (12), a smaller PNL reflects a greater decrease in the
total NTL intensity after the disaster.

4. Results

4.1. Relationship between NTL Data and Population or GDP

4.1.1. Linear Regression

In this study, various linear regression models were developed between different NTL indexes
with population and GDP, which were used to fully confirm the best linear regression model between
NTL data and population or GDP in a region. At the county level, the LD and PD had a stronger
regression (R2 = 0.80) than the other three combinations (Figure 4a–d). The R2 values between GDP
and TL are greater than LD (Figure 4e,f). The correlations between the NTL area with population and
GDP in the county regions seemed not strong as their R2 values were all below 0.5 (Figure 5). There
were stronger correlations between WLD vs. PD (R2 = 0.79), between TWL and GDP (R2 = 0.71) than
the other four combinations (Figure 6).
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Figure 4. Regression model of between nighttime light (NTL) intensity and population or gross
domestic product (GDP): (a) Light density versus population density (PD), (b) total light versus total
population (TP), (c) total light versus PD, (d) light density versus TP, (e) total light versus GDP, (f) light
density versus GDP.
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Figure 5. Regression model between NTL area and population or GDP: (a) Light area versus total
population (TP), (b) light area versus population density (PD), (c) light area versus GDP.
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Figure 6. Regression model between weighted NTL intensity and population or GDP: (a) Weighted light
density versus population density (PD), (b) total weighted light versus total population (TP), (c) total
weighted light versus PD, (d) weighted light density versus TP, (e) total weighted light versus GDP,
(f) weighted light density versus GDP.
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At the prefecture-level scale, in the NTL-intensity regression model, the R2 of PD vs. LD is 0.83,
and they possess the strongest correlation, the R2 of TP vs. TL is 0.51, and their correlation is average,
the correlation between PD and TL is basically negligible (R2 = 0.12) (Figure 7). The worst correlation
is observed between TP and LD. The R2 of GDP with TL is as high as 0.96, indicating the strongest
correlation. The R2 of GDP vs. LD is only 0.14.

 

3 

 
 

 
 

 

Figure 7. The R2 values for correlations between NTL indicators and population or GDP at the
prefecture level and county level.

In the NTL-area model, the correlation between LA and TP or PD is weak, but LA has a certain
correlation with GDP (R2 = 0.84). In the weighted NTL -intensity model, the R2 of PD vs. WLD is 0.81.
The R2 of TP with total weighted light (TWL) is only 0.38. TP is basically irrelevant to WLD (R2 = 0.01),
However, the correlation of GDP vs. TWL is quite strong (R2 = 0.96). The correlation between GDP
and WLD is unclear (R2 = 0.12).

As shown in Figure 7, the correlation at the prefecture level is greater than at the county level for
PD vs. LD, GDP vs. TL, PD vs. WLD, and GDP vs. TWL.

The above three regression models of NTL intensity, NTL area, and weighted NTL intensity lead
to the following findings:

(1) In the relationship between NTL and population, the NTL density and weighted NTL density
in each region are strongly correlated with the population density, whereas the NTL area is weakly
correlated or not correlated with the total population and population density.

(2) In the relationship between NTL and GDP, the total NTL is strongly correlated with the total
GDP, the correlation between the NTL area and GDP is less strong, and the correlation between NTL
density and GDP is weak.

(3) The intensity and area of NTL theoretically reflect population aggregation and economic
development from different viewpoints. However, the construction of NTL indicators needs to be
adapted to local conditions. The weight of indexes will affect the correlation in different regions,
and the coefficient setting should be selected according to the actual empirical value.

Finally, in the relationship between NTL Data and population data, the correlation between NTL
density and population density is the strongest, with R2 value of 0.83. In the relationship between
NTL Data and GDP data, the correlation between total NTL intensity and total GDP is the strongest,
with R2 value of 0.96. Therefore, this study uses the regression model between nighttime intensity
and population density to retrieve population and adopts the regression model between total NTL
intensity and total GDP to retrieve GDP.

4.1.2. Accuracy of NTL Data for Retrieving Population and GDP

To accurately reflect the population and GDP distribution before the typhoon disaster, the above
regression results show that the NTL density has the strongest correlation with the population density,
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and the total NTL intensity has the strongest correlation with total GDP. According to Equation (9),
different regression models between NTL and population or GDP can be constructed. Functions are fit
to the data from the different regions, and the resulting regression coefficients are given in Table A1.

The regression analysis shows that the NPP-VIIRS DNB image has a strong capacity to determine
the population and GDP, and the relative error can be used to estimate the accuracy of the NTL data
for predicting the population and GDP. First, we obtained the real values for the population and GDP
for 20 prefecture-level scales in the research area in 2016. Then, we quantitatively estimated the total
population and GDP of each city by choosing the prefecture fitting function and then obtain the relative
error of the NTL for predicting the population and GDP for the 20 cities (Table 2). Since there are 178
counties in the research area, we only show the overall accuracy of the situation in Table 3.

Table 2. Difference between real data and predicted values for population (thousand) and GDP (billion
RMB) from NPP-VIIRS data in prefecture regions. RD is real data, PD is predicted data, and RE is
relative error.

Region
Population and Prediction from

NPP-VIIRS Nighttime Light Data
GDP And Prediction From NPP-VIIRS

Nighttime Light Data

RD PD RE RD PD RE

Caozhou 2646 2053 −0.22 101.64 152.22 0.50
Fowchow 4011 4874 0.22 121.56 98.70 −0.19
Fuzhou 7570 8808 0.16 619.76 541.85 −0.13

Ganzhou 8589 10402 0.21 219.23 188.49 −0.14
Jieyang 6094 3058 −0.50 206.12 217.45 0.05
Lishui 2680 4534 0.69 120.02 151.99 0.27

Longyan 2630 3977 0.51 189.57 142.16 −0.25
Meizhou 4361 4894 0.12 104.56 127.47 0.22
Nanping 2660 4239 0.59 145.77 126.65 −0.13
Ningde 2890 3562 0.23 162.31 166.10 0.02
Putian 2890 3438 0.19 182.34 252.05 0.38

Quanzhou 8580 9979 0.16 664.66 653.63 −0.02
Quzhou 2575 3138 0.22 125.16 125.04 0.00
Sanming 2550 4615 0.81 186.08 125.30 −0.33
Shangrao 6752 6465 −0.04 181.78 117.29 −0.35
Shantou 5579 3469 −0.38 198.68 275.41 0.39

Wenzhou 8182 8302 0.01 510.16 501.50 −0.02
Xiamen 3920 4705 0.20 348.43 406.44 0.17
Yingtan 1159 1185 0.02 71.35 70.24 −0.02

Zhangzhou 5050 6468 0.28 312.54 326.45 0.04
Average - - 0.175 - - 0.024

Table 3. Percent relative error for retrieving population and GDP by using different fitting functions at
different scales.

Region
and Data

Fitting
Function

NPP-VIIRS Data vs. Population NPP-VIIRS Data vs. GDP

High
Accuracy

Moderate
Accuracy Inaccurate High

Accuracy
Moderate
Accuracy Inaccurate

Prefecture
regions

Prefecture 65 10 25 70 30 0
Partition

prefecture 35 35 30 90 10 0

County 15 25 60 70 25 5

County
regions

Prefecture 34.5 23.7 41.8 19.8 27.1 53.1
Partition

prefecture 31.6 26 42.4 6.2 3.4 90.4

County 14.2 12.4 73.4 55.4 27.7 16.9
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Table 2 shows that the accuracy differs for determining the population and GDP of cities with
different economic development levels. The maximum and minimum relative error for determining
prefecture-level population from NPP-VIIRS data is 81% and 1.5%, respectively, and the maximum
and minimum relative error for determining the prefecture-level GDP by NPP-VIIRS data is 49.8%
and 0.1%, respectively. At the same time, the average relative error for determining population and
GDP from NPP-VIIRS data is 17.5% and 2.4%, respectively. The NPP-VIIRS data can predict GDP more
accurately than the population.

In addition, the results show that NPP-VIIRS data are overestimated in underdeveloped areas
(such as Sanming city and Lishui city), whereas developed areas (such as Shantou city and Jieyang
city) are underestimated. For example, the relative errors for Sanming city and Lishui City are 81%
and 69%, respectively. In the predicted population, the retrieval results are larger than the actual results.
On the contrary, the relative error for Shantou city and Jieyang city is −38% and −50%, respectively,
which means that the predicted results are lower than the actual results. A similar phenomenon
also occurs for determining GDP from NPP-VIIRS data. To explore this phenomenon, we compare
the relative error between the population density of 20 cities in the district with the relative error of
the predicted population and find a correlation coefficient of −0.439 at a significance level of 0.005.
The correlation coefficient between the per capita GDP of 20 cities with the relative error of retrieval
GDP is −0.251. These results indicate that the relative error has a significantly negative correlation
with the population density and per capita GDP. Therefore, when using this regression model to
evaluate certain parameters, it is necessary to pay attention to the overestimation and underestimation
in regions with different economic development levels.

In the quantitative retrieval of population and GDP from NTL data, the same model leads to
different accuracies for the retrieval results in different scale areas. The administrative divisions in
mainland China are divided into five levels: Province, prefecture city, county, town, and village.
The population and GDP data for town and village level are relatively imperfect, and only Fujian
province is a totally provincial administrative region. Therefore, this module uses prefecture-level and
county-level scales to verify the accuracy of the retrieval results for different fitting models applied
to different scales. To better verify the accuracy of the NTL data retrieval, we follow the research of
Li et al. [16] by assigning three levels to the accuracy of Equation (11) for calculating the retrieval
results: 0%–25% is high precision, 25%–50% is medium precision, and greater than 50% is an error.
High precision and medium precision are defined as accurate retrieval. Next, we calculate the percent
difference between the fitting function and the data at the various levels. For example, when estimating
the prefecture-level population from NPP-VIIRS data, the population of 13 out of 20 cities is retrieved
with high accuracy, which gives 65% high accuracy for retrieving the prefecture-level population.
Table 3 shows the accuracy of population retrieval and GDP for each fitting method for the prefecture
and county scales.

Table 3 shows that: (1) For the retrieved population, at the prefecture-level and county scales,
the retrieval accuracy of the prefecture-level fitting function is better, with accuracy rates of 75%
and 58.2%, respectively. (2) For the retrieved GDP, at the prefecture-level scale, the classification of the
prefecture-level fitting function is the most accurate, with an accuracy rate as high as 100%. At the
county-level scale, the accuracy of the county-level fitting function is higher (83.1%). (3) Comparing
the prefecture-level and county-level scales shows that the three retrieval models are used to retrieve
the population and GDP, whose retrieval results at prefecture level are better than that at county
level. The results demonstrate that, to a certain extent, the retrieved GDP is better than the retrieved
population from NTL data, and the correlation between NTL with GDP is stronger. The accuracy of the
population and GDP retrieved from the NTL data is higher at prefecture-level than at the county-level.
At the same time, the correlation of the retrieval of the prefecture-level population and GDP is the best
when using the prefecture-level fitted function models. Therefore, we use the prefecture-level scales to
extract disaster information and quickly assess areas subjected to typhoons.
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4.2. Estimates of Affected Area and Affected Population Retrieved from NTL Data

4.2.1. Distribution of Affected Areas in Study Area

As per the calculation method used in this research, the research area was divided into 20 cities
according to the prefecture level. Several small areas that were not affected by cloud layer and noise
were selected as statistical samples in each city. Mean and variance for samples of the NTL image of
each city were calculated separately. For each sample from the 20 cities, the statistical parameters for
normalized radiation were calculated (see Table A2). After the typhoon disaster, the affected areas and
the specific distribution of each city were calculated (see Figure 8a). At the same time, based on the
relationship between the stable yearly NTL images for the research area in 2016 and the population
density in 2016, the quantitative population density in 2018 was retrieved from the NTL images in
2018 and interpolated, and the results were superimposed onto the retrieved distribution map of the
typhoon-affected areas (see Figure 8b). The extracted areas of impact were mainly concentrated in
the densely populated areas along the eastern coast of the research area and in the built-up areas of
inland cities.

Figure 8. Affected areas after the typhoon disaster in the research area: (a) Distribution of affected
areas, (b) superposition of affected areas and population density.

4.2.2. Estimate Affected Area and Affected Population

The overall statistical situation shows that the affected area covers 4951.25 km2, which accounts for
1.83% of the total research area (Table 4). The total affected population in the research area is 1,423,355,
which is 1.56% of the total population in the research area. According to the calculation, the affected
population according to the NPP-VIIRS DNB image retrieval was 212,065 people in Ningde City.
According to news reports, Typhoon Maria affected 248,885 people in Ningde City [69], so the retrieval
accuracy is 85.21%. According to retrieval from the NPP-VIIRS DNB images, the total population
in the nine cities of Fujian Province was 639,868. According to a news report, 762,500 people were
affected in Fujian Province [70], so the accuracy rate for retrieving the affected population in Fujian
Province is 83.92%. In addition, the NPP-VIIRS DNB image retrieval gives the total population affected
as 1,423,355 in the research area. According to previous research [71], the population affected was
1,218,200, these were from the literature and were fond of reference value, Thus, the accuracy rate is
83.16%. The retrieval accuracy determined by news report data is close to that determined by previous
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research results [71]. Therefore, the overlapping reference data between the two sources above were
consistent. The comparison of the retrieval results for the affected population with the actual statistical
data shows that the retrieval accuracy is reliable. Therefore, the method for retrieving the affected
population is accurate and feasible.

Table 4. Area and population affected by typhoon based on NTL image retrieval.

Region

Total
Prefecture
City Area

(km2)

Retrieval
Affected

Area
(km2)

Percent of
Retrieval
Affected
Area (%)

Total
Population
(thousand

people)

Affected
Population

Density
(people/

km2)

Retrieval
Affected
People

(people)

Percent of
Retrieval
Affected

Population
(%)

Caozhou 3113.20 59.75 1.92 2,646 765.21 45,721 1.73
Fowchow 18,801.22 241.75 1.29 4,011 333.48 80,618 2.01
Fuzhou 11,696.64 221.50 1.89 7,570 314.69 69,704 0.92

Ganzhou 39,363.55 474.00 1.20 8,589 96.05 45,526 0.53
Jieyang 5257.95 176.00 3.35 6,094 190.53 33,534 0.55
Lishui 17,275.32 269.25 1.56 2,680 306.81 82,609 3.08

Longyan 19,025.94 265.75 1.40 2,630 159.26 42,324 1.61
Meizhou 15,864.50 64.25 0.40 4,361 205.34 13,193 0.30
Nanping 26,288.15 383.25 1.46 2,660 192.95 73,947 2.78
Ningde 13,048.93 326.50 2.50 2,890 649.51 212,065 7.34
Putian 3910.03 145.25 3.71 2,890 318.45 46,255 1.60

Quanzhou 11,045.42 312.75 2.83 8,580 225.09 70,396 0.82
Quzhou 8843.66 222.25 2.51 2,575 231.82 51,521 2.00
Sanming 22,963.87 338.50 1.47 2,550 149.28 50,532 1.98
Shangrao 22,743.76 335.50 1.48 6,752 242.52 81,364 1.21
Shantou 2176.70 122.25 5.62 5,579 561.00 68,582 1.23

Wenzhou 11,597.82 457.50 3.94 8,182 513.25 234,810 2.87
Xiamen 1579.90 69.25 4.38 3,920 516.85 35,792 0.91
Yingtan 3557.87 93.25 2.62 1,159 493.09 45,981 3.97

Zhangzhou 12,620.59 372.75 2.95 5,050 104.31 38,881 0.77

At present, no report or archived data sources exist concerning the affected area. However, because
the affected population is calculated and obtained based on the affected area (see Equation (10)),
the affected area retrieved also be accurate. As shown by Table 4, Wenzhou city has the largest affected
area of 457.50 km2 and Chaozhou city has the smallest affected area of 59.75 km2. The affected
population reached 855,740 in the eastern region of the research area, accounting for 60.12% of the total
affected population, while the total area of 10 cities in the eastern region only accounts for 26.14% of
the research area. The distribution of the affected population in Figure 9a shows that the eastern part is
more affected than the western part, and the northern part is more affected than the southern part,
and the most affected population is in Wenzhou City, which is consistent with the news reports after
the disaster.

4.2.3. Assessment based on Affected Intensity

First, the ratio of NTL intensity for the affected intensity in each city is calculated by using the
PNL calculation. Next, based on the relationship between stable composite NTL images in 2016 and
GDP in 2016, the quantitative GDP of each city in 2018 is retrieved by using composite NTL images
from 2018, in units of billions of yuan. Finally, the two results are superimposed, as shown in Figure 9b.
There are eleven major affected cities (PNL < 80%) in the eastern part of the research area, accounting
for 69.84% of the total affected intensity. The smaller affected cities (PNL > 80%) consisted of a total
nine cities in the western part of the research area, accounting for 30.16% of the total affected intensity.
In conclusion, the eastern cities in the research area were clearly affected, whereas the western cities
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were not clearly affected. This result is closely related to the dense population and high level of
economic development in the eastern cities.

Figure 9. Assessment of affected population and affected intensity: (a) Distribution of affected
population, (b) superposition of percent of normal light (PNL) and GDP.

4.3. Disaster Recovery Assessment based on NTL Data Retrieval

4.3.1. Assessment of Daily Affected Area Based on NTL Data Retrieval

The affected area determined from NTL image retrieval can be used to assess the post-disaster
recovery. According to the NTL image retrieval, the total affected area was 4951.25 km2 on the first
day after Maria (12 July, 2018), accounting for 1.83% of the total research area. The total affected area
was 3240.25 km2 one week after Maria (18 July, 2018), of which 30.92% had been restored. The total
affected area was 2474.00 km2 two weeks after Maria (25 July, 2018), of which 50.03% had been restored.
The total affected area was 648.75 km2 three weeks after Maria (1 August, 2018), of which 86.90% had
been restored, accounting for only 0.23% of the total research area, as shown in Figure 10.

Two weeks after the disaster, the affected area recovered by more than 50%, which shows that
the affected area was continually recovering. Three weeks after the disaster, the affected area of most
cities was less than 50 km2, which indicates that the affected area is greatly reduced by this time.
By retrieving and calculating the daily affected area, we can analyze the temporal–spatial distribution
of typhoon disasters and rapidly estimate the degree of recovery on a macro scale. At the same time,
the cities in Wenzhou, Ningde, Fuzhou, Quanzhou, Zhangzhou, and so on, in the eastern part of the
research area recovered rapidly. The cities of Nanping, Shangrao, Sanming, and Longyan, were more
seriously affected and the recovery was more evident. However, the recovery of the western cities in
the research area, such as Fowchow, Ganzhou, Yingtan, and Jieyang, recovered more slowly. In a word,
the eastern cities recovered more quickly after the disaster, whereas the western cities recovered slowly,
likely because the coastal cities in the eastern part of research area are more developed and the urban
infrastructure is more modern.
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Figure 10. Temporal–spatial changes in affected areas retrieved from PNL images for 20 cities at various
times after the typhoon.

4.3.2. Assessment Based on NTL Image Intensity

Post-disaster recovery assessments can also be performed by statistically measuring the intensity
of the nighttime images of the research area acquired after the disaster. The PNL after the disaster is
shown in Figure 11 for 20 prefecture-level cities in the research area. The left ordinate gives the daily
PNL after the disaster, and the right ordinate gives the PNL during the first and third weeks after the
disaster. The results show that the NTL intensity basically reached a certain level one week after the
typhoon disaster. The NTL intensity three weeks after the typhoon disaster is close to that before the
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disaster, indicating that, by the third week after the typhoon disaster, the affected areas of the cities
investigated in the research had essentially recovered.

 

6 

 

 
 
 
 

Figure 11. Ratios of post-disaster to pre-disaster nighttime light intensity at different times after the
passage of Maria.

4.3.3. Restoration Status of Representative Cities

The recovery status of representative cities mainly refers to the temporal–spatial changes in
the affected area after the disaster. To more clearly show the temporal–spatial changes, we divide
the prefecture-level cities into three types: Those that were strongly affected, normally affected,
and slightly affected, and we select, one representative city to show the specific conditions on the
first day, the first week, and the third week, respectively, after the disaster and compare the situation
with the actual situation of land cover in 2010 (Figure 12a,e,i). From the strongly affected cities,
Wenzhou City was selected to statistically display the post-disaster changes. We found that the affected
areas were concentrated in the downtown and southern region of Wenzhou city (Figure 12b). The total
affected area was 312.75 km2. One week after the disaster, the affected areas were significantly reduced
(Figure 12c), and the total affected area was 125.25 km2, indicating a good degree of recovery. Three
weeks after the disaster, the NTL in the two seriously affected areas essentially returned to normal
(Figure 12d), and the remaining affected area was 62.5 km2, which continued to recover later.

The normally affected cities included Fuzhou city. The affected areas of Fuzhou were mainly
concentrated in the urban area of the city (Figure 12f), giving a total affected area of 221.25 km2.
One week after the disaster, the affected areas were greatly reduced (Figure 12g), and the affected area
was 70.75 km2. Most of the areas had recovered by this time. Three weeks after the disaster, the NTL
from the affected areas of Fuzhou city mostly returned to normal (Figure 12h), and the remaining
affected area was only 1.5 km2, so the degree of recovery was good.

In those cities that were slightly affected, Yingtan city was used to show the post-disaster situation.
Yingtan city was mainly affected in two distinct regions in the middle of the city (Figure 12j), for a
total affected area of 93.25 km2. One week after the disaster, the affected area was concentrated in the
middle region (Figure 12k), with a total affected area of 34.25 km2. Three weeks after the disaster,
the affected area was still concentrated in the middle region (Figure 12l), with a total affected area of
17.5 km2. The initially affected areas were restored at this point, with the exception of certain regions.
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Figure 12. Affected status after passage of typhoon Maria for various cities: (a) Land cover 2010 in
Wenzhou, the affected status on the first day (b), in the first week (c) and in the third week (d) after the
disaster in Wenzhou city, (e) land cover 2010 in Fuhou, the affected status on first day (f), in the first week
(g) and in the third week (h) after the disaster in Fuzhou city, (i) land cover 2010 in Yingtan, the affected
status on the first day (j), in the first week (k) and in the third week (l) after the disaster in Yingtan city.
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In summary, the urban areas and densely populated areas were most affected by the typhoon,
but these areas essentially recovered within three weeks of the disaster. Fuzhou city recovered better
after the disaster, but Yingtan city retained some effect from the typhoon, and so its recovery after the
disaster was not as smooth. In general, developed cities recovered more rapidly and completely after
such disasters, whereas the rate of recovery was slower for less developed cities.

5. Discussion

5.1. Comparison of Different Models

To model the relationship between NTL data and population and GDP, we constructed a variety
of relationship models to connect NTL intensity, NTL area, and weighted NTL index with population
and GDP. In each model, the parameters of the model at the prefecture-level and county scales
were determined by fitting to different data from the given scale, and the best model for each scale
was determined.

For population retrieval, the determinant coefficient of the regression model between NTL density
and population density from NPP-VIIRS data was 0.83, which compares favorably with the results
of Sutton et al., who obtained a regression coefficient between NTL data and population density of
0.63 from the DMSP-OLS data [41]. Thus, the model of NTL density and population density based on
NPP-VIIRS data proposed herein was more accurate for population retrieval.

For GDP retrieval, this research obtained R2 = 0.96 between the total NTL intensity and the
actual GDP at the prefecture-level scale, which is better than the results (R2 = 0.81) of Shi et al. [14].
The accuracy of GDP retrieval from NTL data at the county level reached 83.1%. In other work,
Li et al. [16] took the relatively simple approach of only considering the relationship between total
NTL data and total GDP when constructing their relationship between NTL data and GDP data.
The accuracy of retrieval for county-level GDP was only 64.13%. Thus, the accuracy of the GDP
retrieved from NTL data in the present study exceeds the previous work [16]. Therefore, for different
scales and regions, the method proposed herein provides high-precision retrieval based on various
models constructed by fitting different functions. In addition, NTL images contain spatial shape and
intensity information, which offer more potential for the retrieval of the disaster intensity.

5.2. Comparison of Accuracy of Retrieved Characteristics of Natural Disaster

Liu et al. [72] calculated the distribution of population density from DMSP-OLS data and the
actual personal injury statistics within an order-of-magnitude error, which is credible. However,
the retrieval error of the earthquake-injured population in Turkey was less than 50% of the actual
survey value, which was due to the serious damage caused by the use of poor construction materials in
some cities. Fan et al. [73] used the confusion-matrix method to extract the urban areas affected by the
earthquake based on NPP-VIIRS data. The overall accuracy for the two major Chilean earthquakes in
2014 and 2015 were 75% and 68.7%, respectively. Previous research [39] estimated an overall accuracy
of 75.5% for the loss caused by the 2015 Gurkha earthquake in Nepal based on the NPP-VIIRS DNB
data. The use of NTL data to estimate earthquake damage was not accurate because the light from
rescue activities combined with the darkness from power outages introduces serious noise.

The situation is different for typhoon events because the decreased light output in the city after a
typhoon is likely to be caused by power outages. Zhao et al. [39] found that the ratio of post-disaster to
pre-disaster nighttime light (PNL) was significantly correlated with the power-outage rate (R2 = 0.94).
Taking Hudhud as an example, the results show that the predicted blackout rate was basically consistent
with the reported blackout rate. Earlier, Cao et al. [37] used DNB data to detect power outages after the
Sandy hurricane and found that the percentage of power outages (LODNB = (1 − Radpost/Radpre)) was
in good agreement with the reported blackout rate, which further confirmed the correlation between
PNL and power-outage rate. In the present research, the retrieved affected areas are mainly affected by
power outages.
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This research is based on calculating the affected population. The whole affected population
retrieved from the NPP-VIIRS DNB data is 83.2% of the actual affected population as determined
from the previous research [71], which proves the effectiveness of the proposed method. In terms
of post-disaster recovery, the research shows that the affected areas in the eastern cities recovered
rapidly, which we attribute to the relatively high total GDP of these cities, which increases their disaster
resistance. Santiago et al. [74] also concluded that the regions with higher economic development (i.e.,
stronger disaster resistance) recover faster from natural disasters. Thus, the information retrieved from
NTL data is highly accurate and scientific value.

This research shows that the rapid assessment of typhoon disasters based on NPP-VIIRS DNB
image data yields excellent results. The accuracy of the affected population obtained from NTL images
is as high as 83.2%, which is better than other evaluation methods. This research retrieves the affected
area and affected population after a typhoon disaster based on NTL images, which further expands the
research into correlations between NTL data and population statistics.

5.3. Limitations Due to Potential Errors

This research assesses the affected area and the affected population retrieved from changes in
NTL data caused by the typhoon disaster. The results of this evaluation are similar to the actual results.
Thus, the method can provide objective data support for timely decisions regarding the management
of typhoon disasters. The errors mainly originate from the following sources.

The NPP-VIIRS DNB data are more suitable for areas with relatively high NTL intensity (i.e.,
urban and developed rural areas). Residential buildings are sparsely distributed in mountainous areas
or small villages whose infrastructure and commercial facilities are scattered and underdeveloped,
so they emit little light even in normal times, which makes any changes in NTL after a disaster too
small for satellites to detect [39], which causes errors in the estimate of affected areas and population.
Therefore, the affected areas detected in this research are mainly concentrated in urban areas and a
small number of rural areas. On the one hand, this is because the rural population base is small and
the affected population is small and, on the other hand, the changes in NTL in mountainous areas and
in sparse rural areas are too small to obtain NTL data.

Another limitation of the use of NPP-VIIRS DNB to assess natural disasters is cloud cover.
Typhoon disasters are often accompanied by heavy rain and a thick cloud cover, affecting the image
quality after such typhoon disasters [39]. In this research, the method of radiation normalization based
on the statistics was used to remove the clouds, which improved the result.

In addition, because of the accuracy for ground reference data varies, the true retrieval accuracy
may be higher or lower, which depending on the accuracy of the reference data. Thus, the accuracy for
ground reference data varies also caused errors. In the future, when more accurate data is acquired in
the ground reference data, the assessment results can be further verified.

However, uncertainties remain in the assessment of natural disasters by DNB data. Rescue
activities and socioeconomic conditions in different areas also influence the DNB data used for
assessing the effects of natural disasters [39]. Water brought by the typhoon can lead to changes
in surface reflectance [75]. Furthermore, the DNB data are not suitable for atmospheric correction,
especially with regards to the fact that aerosol scatters artificial light, which reduces the detected
NTL [76]. In future research, such limitations need to be fully considered by using more effective and
comprehensive methods with NTL data.

6. Conclusions

The availability of NPP-VIIRS DNB daily data makes it possible to use the NTL data for rapid
assessment of typhoon disasters. The results of this research lead to the following conclusions:

(1) Image normalization based on the statistical method reduces the influence of clouds and
moonlight and greatly improves the accuracy of change detection due to typhoons.
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(2) Different models can be used to carry out high-precision retrieval at different scales.
The accuracy rate of prefecture-level GDP prediction based on different models was higher than
at that the county level.

(3) The method we proposed to estimate the affected population is reliable. In addition, the affected
population was simultaneously calculated from the affected area. The affected area was thus estimated
and extracted with relatively high accuracy.

(4) The developed cities in the eastern part of the research area were more seriously affected than
the underdeveloped areas in the western part but recovered faster after the disaster.

This research method has potentials for its applications for rapid and efficient assessment after
typhoon disasters in other regions. The information obtained from research results, such as the number
of the affected population, the temporal–spatial distribution and degree of the affected region of each
city in the study area, which can provide data-based support to enable government policymakers to
formulate reasonable decisions for reducing disaster losses and emergency rescue management.

Because of the lack of accurate data on the affected population, the accuracy of the model was
determined by using the population and GDP data from the yearbook and the results of news reports.
These data have certain limitations, which lead to potential errors in the assessment and predictions.
With the emergence of more accurate data, the assessment results can be further improved. In the
future, NPP-VIIRS DNB data with a higher resolution will be available and can be applied to other
natural disasters. If the influence of cultural factors, such as the differences between urban and rural
electricity consumption habits, even national customs, can be fully considered in the different study
areas, the models will be more consistent with a real-life situation and allow further verification of the
effectiveness of DNB data for assessing typhoon disasters in different areas.
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Appendix A

Table A1. Regression coefficients between light intensity and population density or GDP in 2016.

Region and Fitting Parameters Coefficient between Population
Density with Nighttime Light Density

Coefficient between GDP with
Total Nighttime Light

Region fitting function Slope C1 Constant C0 R2 Slope C1 Constant C0 R2

Entirety prefecture-level 65.850 188.920 0.826 0.055 104.274 0.959
Eastern region Partition prefecture-level 59.476 349.287 0.720 0.061 −413.595 0.989
Western region Partition prefecture-level 82.829 121.317 0.141 0.044 479.658 0.577

Entirety County-level 112.862 −145.171 0.788 0.046 53.293 0.706
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Table A2. Various parameters of sample data based on a statistical radiation normalization method for
20 prefecture-level cities after typhoon Maria.

Research
Area

Sample

Parameter of Statistical
Radiation Value Normalized

Gaussian Fitting Parameters and
Segmentation Threshold

Mean
Pre-Disaster
Sample (µ)

Variance
Pre-Disaster
Sample (σ2)

Mean
Post-Disaster
Sample (µ)

Variance
Post-Disaster
Sample (σ2)

Fitting
Parameters

(µ)

Fitting
Parameters

(σ)

Segmentation
Threshold (τ)

Caozhou 0.399 0.085 0.297 0.043 −1.118 3.674 6.0832
Fowchow 0.246 0.045 0.171 0.085 0.152 1.223 2.5499
Fuzhou 0.498 0.109 0.262 0.073 0.495 3.244 6.8531

Ganzhou 0.265 0.024 0.080 0.074 0.228 1.995 4.1384
Jieyang 0.280 0.016 0.390 0.015 1.761 5.753 13.0379
Lishui 0.217 0.047 0.212 0.088 0.308 1.839 3.9123

Longyan 0.263 0.040 0.167 0.109 0.351 1.754 5.5442
Meizhou 1.312 0.701 0.375 0.142 −1.298 4.019 6.5796
Nanping 0.203 0.057 0.220 0.072 0.175 0.917 1.9723
Ningde 0.323 0.071 0.554 1.274 0.441 2.509 5.3585
Putian 0.569 0.416 0.352 0.084 1.420 4.957 11.1365

Quanzhou 0.270 0.045 0.275 0.065 2.007 5.809 13.3914
Quzhou 0.228 0.035 0.115 0.062 0.268 1.231 2.6801
Sanming 0.245 0.041 0.53 1.443 0.151 1.008 2.1266
Shangrao 0.226 0.039 0.181 0.103 0.219 1.039 2.2566
Shantou 0.465 0.031 0.289 0.099 6.877 10.191 26.8508

Wenzhou 0.407 0.100 0.278 0.068 0.338 3.579 7.3529
Xiamen 0.811 0.258 1.179 0.102 0.929 11.160 22.8030
Yintang 0.230 0.044 0.173 0.069 0.315 1.568 3.3886

Zhangzhou 0.293 0.044 0.271 0.052 0.898 3.966 8.6711
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