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Abstract: The spatial distribution of tourism has a profound impact on its operational efficiency and
geographical relevance. Point of interest (POI), as a kind of spatial data shared by subject and object,
can reflect the spatial distribution form and function of tourism geographical objects under the all-for-
one tourism policy. Continuous satellite observation and in-depth study of night lights pave the way
to clarify human activities and socio-economic dynamics. The purpose of this paper is to investigate
the seasonal changes of night light images and their correlation with tourism in 122 counties (cities,
districts) of Hunan Province. We obtained night earth observation data (seasonality) and POI in 2019
and processed them by Geographic Information System and statistical analysis (ordinary least squares
(OLS) and geographically weighted regression (GWR)). The results show that the luminous radiation
intensity is highly correlated with the POI of tourism activities. The POI of different tourism activities
in different regions shows obvious spatial heterogeneity and seasonal differences, which is the
result of the comprehensive effect of tourism resource distribution and social environment in Hunan
Province. GWR has proved to be a more effective tool. It provides a new method and perspective
for tourism research and especially reveals the geographical spatial differences of tourism activities,
which is helpful to study the spatial distribution and seasonality of tourism at the county level. In
addition, the spatial evaluation of the contribution of tourism and luminous radiation can provide
reference and suggestions for relevant departments to formulate tourism night protection measures.

Keywords: all-for-one tourism; POI; NPP-VIIRS; GWR; seasonal difference

1. Introduction

The tourism sector is a true global force for economic growth and development,
driving the creation of more and better jobs and serving as catalyst for innovation and
entrepreneurship [1]. All-for-one tourism refers to a new concept and model of regional
coordinated development in a certain region, which takes tourism as an advantageous
industry, realizes the organic integration of regional resources, industrial integration and
development, and social co-construction and sharing, and uses tourism to drive and
promote the coordinated development of economy and society [2]. It includes all elements,
industries, processes, directions, time and space, society, doors, and tourists [3]. Developing
global tourism is one of the most important economic activities in Hunan Province and it is
also the scope of this paper. Under the all-for-one policy requirements of living, working,
and traveling in the whole region [4], Hunan Province gave full play to the advantages
of tourism resources and accelerated the construction of a whole regional tourism base

Sustainability 2022, 14, 692. https://doi.org/10.3390/su14020692 https://www.mdpi.com/journal/sustainability

https://doi.org/10.3390/su14020692
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0002-2687-2136
https://orcid.org/0000-0002-0700-1829
https://doi.org/10.3390/su14020692
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su14020692?type=check_update&version=3


Sustainability 2022, 14, 692 2 of 17

with Splendid Xiaoxiang as the brand in 2018 [5]. The policy also proposes to deeply
integrate the elements of all-for-one tourism resources, strive to optimize the layout of
tourism space, and make every effort to build a whole region tourism base and a strong
tourism province [6].

Generally, we use statistical indicators, such as the number of tourists and tourism
income, to evaluate and quantify the impact of tourism activities. These data have limita-
tions, such as long collection time, single indicators, and the inability to describe the spatial
characteristics of tourism [7,8]. It is a challenging process to describe human activities,
especially tourism activities, and estimate their dynamics on a large scale. Although the
characteristics of urban areas can be obtained from high spatial resolution satellite images,
tourism and human activities are difficult to reflect from urban satellite images. At the
same time, considering data collection and analysis, it is very complex to draw maps every
year (or even more seasonally) [9]. It is a challenge to obtain socio-economic information
on various spatial scales in an accurate and standardized way. With the wide application of
mobile intelligent terminals, a large number of public source data are also being generated,
including mobile phone signals, GPS-derived urban traffic trajectories, and points of inter-
est (POI) [10]. Compared with traditional data, these emerging public source data are not
only more abundant but also reflect human behavior and activities.

POI is point spatial data extracted after abstracting social entities, such as tourist
attractions, stations, shopping centers, and parks. It is easier to obtain and process, with the
advantages of low cost, frequent updates, wide-coverage, higher accuracy, and recognition
rate, which can make up for the deficiency of population, income, night lighting, and
other conventional data [11]. It contains the spatial location and attributes information of
geographical entities, such as name, longitude and latitude, address, type, administrative
region, and so on. To a certain extent, it can reflect various activities in a certain area. At
present, it is widely used in human activities, urban function identification, and point of
interest recommendation [12,13]. In the era of all-for-one tourism, POI data, as a spatial
data type shared by subject and guest, can well reflect the spatial structure and distribu-
tion of tourism, as well as the social and economic functions carried by tourism-related
spatial entities [14]. Therefore, in this study, we combine the tourism elements of different
industries to classify the POI data as various indicators to quantify tourism activities.

In addition, great progress has been made in earth observation technology using
remote sensing and geographic information systems. Earth observation products provide
valuable assets for obtaining comparable data for analysis and decision-making of the
whole province and even the country. They can explore the development law and trend of
geospatial and mine more valuable spatial information in a deeper and wider range [15].
Night light data is a common remote sensing data source. It is found that there is a
strong correlation between human activities and night light intensity [16,17]. It is a unique,
objective, and valuable data resource, the advantage of which is to provide efficient and
accurate spatial data for observing socio-economic and physical phenomena from a multi-
scale perspective, which has great potential to monitor human-related socio-economic
activities [18]. It has been widely used to detect and monitor urbanization, population, and
GDP spatialization and estimate power and energy [19–21].

Compared with the light images detected by the sensors mounted on the defense me-
teorological satellite program operational line scan system (DMSP-OLS) since 1992 [22–24],
the day and night band (DNB) sensor of Suomi national polar-orbiting partnership’s visible
infrared imaging radiometer suite (NPP-VIIRS) has greater advantages in detecting and
characterizing artificial light sources [25]. It has higher spatial and radiation resolution, so it
can better reflect the intensity of human activities and solves the obstacles existing in the tra-
ditional DMSP-OLS data, such as lack of vehicle calibration, excessive luminescence around
the city, and a saturation of the geographical location of the urban core and has a higher
spatial resolution (750 m) and digital range (14 bits) [26]. Therefore, it produces better
results in detecting the temporal changes and spatial trends of various phenomena [27].
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In the field of tourism, night light images are also used to evaluate the spatial spillover
effect of tourism and as the site selection factor of dark night Park [28,29]. The correlation
between tourism economy and night light has been confirmed [9]. However, it must
be emphasized that the mechanism for obtaining specific tourism data of large regions
involves a lot of costs and energy [7]. In addition, the official tourism statistics of countries
usually only provide a simple value, not the distinction between tourism industry types.
Moreover, such information is lacking in some regions, especially in a large-scale sample
range. Therefore, the question is how to use a simplified modeling framework to quantify
the night lights generated by tourism activities of different types of elements in the region.

The research goal of this paper is to investigate the seasonal changes of night satellite
image brightness and deeply consider their correlation and spatial heterogeneity with
different tourism industry activities. Specifically, the focus is to analyze and investigate
whether there are suitable mathematical and spatial models between season changes with
the help of POI, remote sensing images, and geographically weighted regression methods to
evaluate the contribution of different types of tourism activities to night light radiation. We
applied the spatial model to 122 counties in the province (city, district). This study provides
a new method and perspective for tourism research. In particular, it reveals the spatial
differences of tourism activities geographically, which will help to study the seasonality
of tourism activities in the whole region and investigate or reveal the possible seasonal
patterns. At the same time, the spatial distribution of different tourism activities and the
evaluation of the contribution of different tourism activities to night light radiation can also
be used to combine with different data in the future, to discuss the degree and spatial feature
of carbon energy consumption and light pollution generated by various tourism activities,
so as to provide reference and suggestions for relevant departments to formulate tourism
dark night protection measures and promote the sustainable development of tourism.

2. Materials and Methods
2.1. Study Area

Hunan Province is located in the south-central part of China. It governs 14 cities
(prefectures) and 122 counties (cities and districts). It is one of the important birthplaces of
the Chinese civilization. It has various geomorphic types and many historical relics. By
2019, as shown in Figure 1, two World Natural Heritage Sites were built, whose natural
heritage is second only to Sichuan Province in China, and 22 National Scenic and Historic
Areas were built, which rank first in China in Zhejiang Province in terms of quantity.
Among them, Wulingyuan in Zhangjiajie was the first natural heritage site listed in China
in the World Heritage Sites List by UNESCO. Hengshan Mountains is one of the five most
famous mountains in China, and Yueyang Tower is one of the three most famous buildings
in south of the Yangtze River. According to China’s national statistical classification of
tourism and related industries (2018) and the accounting scheme for the added value of
tourism industry in Hunan Province, the added value of the tourism industry in Hunan
Province in 2019 was 218. 858 billion yuan, accounting for 5.37% of the national total added
value of the tourism industry, and total tourism revenue ranks ninth in China and first
in Central China. Divided according to different industries, the added value of tourism
transportation is 66.771 billion yuan, accounting for 27.17%, while the added value of
tourism accommodation is 22.271 billion yuan (9.06%), tourism catering is 39.894 billion
yuan (16.23%), sightseeing is 21.501 billion yuan (8.75%), tourism shopping is 35.944 billion
yuan (14.63%), and leisure and entertainment are 19.593 billion yuan, accounting for 7.97%
of the total.
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Figure 1. Map of county-level administrative divisions of Hunan Province.

2.2. Data Sources
2.2.1. Spatial and Night Lighting Data

NPP-VIIRS data are from the National Oceanic and Atmospheric Administration
(NOAA) and the National Centers for Environmental Information (NCEI) Suomi NPP
satellite, launched at the end of 2011. The monthly image set was produced by using the
night light data obtained from the DNB band of the satellite to provide pixel radiation
value to represent the light intensity. DN (digital number) is the brightness value of remote
sensing image pixel, the value of which reflects the intensity of the light, and its unit is
w·cm−2·sr−1. If the pixel radiation value is 0 or less, it is regarded as no light. In this study,
the monthly vcmcfg night light data from 1 to 12 in Hunan in 2019 were collected from the
official website of NOAA. The administrative division vector map of the study area was
extracted from the national 1:1 million databases of the China National Basic Geographic
Information Center.

2.2.2. POI Date

The POI data of this study came from the Baidu map. Baidu map POI data was divided
into 22 categories and 182 subcategories. Based on the classification of the tourism industry
and tourism elements, we deleted and selected the POI data category of the Baidu map and
finally retained 13 categories and 59 subcategories. Through the API interface provided by
the Baidu map Developer Platform and with the help of a python tool, all POI data related
to the tourism industry in Hunan Province was mined. The data format is point vector
data, including category, province, city, district and county, name, detailed address, and
longitude and latitude.

2.3. Data and Image Processing
2.3.1. Image Correction

WGS-1984 is the geographical coordinates of the original night light images obtained
from NOAA. To get a more accurate area, this paper used the data management tools
and spatial analysis tools in ArcGIS software to transform the geographic coordinates of
the monthly images into Projection coordinates of Asia Lambert Conformal Conic and
resample the raster pixel resolution to 500 m.
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The image definition of the VIIRS image has been significantly improved. Therefore,
short-term light sources, such as fire, fishing boats, oil and gas wells, and weak reflected
light, such as rivers and lakes, easily cause local disturbance to the data [30]. The back-
ground noise was represented by some low radiation and negative pixels in the image. For
the problem of very few negative and transient light sources, we uniformly assigned the
values to 0 according to the principle that the value of the unlighted area is 0 [31]. At the
same time, we used the minimum threshold of 0.3 × 10−9 w·m−2·sr−1 proposed by Ma
for background noise cancellation [32]. At the same time, the maximum lighting value of
Changsha, the most economically developed city in Hunan Province, was regarded as the
maximum threshold. After that, we regarded the area greater than the maximum threshold
as the maximum value [33]. In this study, the mean filtering method was used to eliminate
the maximum value with the average value of the surrounding 8 pixels as the pixel greater
than the threshold range. Finally, we got the monthly light image after image correction.

2.3.2. Calculation of Night Light Index

To obtain the light values in different seasons, we extracted the bright value (DN > 0)
area affected by light in each month using the spatial analysis tool of ArcGIS software
and synthesized the summer composite night light image of 2019 by using the corrected
monthly light image from April to September, and the dates from January to March and
October to December were used to synthesize the winter composite night light image.
Spatial visualization of composite night light values in summer and winter of 2019 are
displayed in Figure 2.
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The calculation formula of night light value in different seasons is as follows:

DNw =
∑i DNi

6
(i = 1, 2, 3, 10, 11, 12);

DNs =
∑i DNi

6
(i = 4, 5, . . . , 9) (1)
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DNW is the pixel value of the winter composite night light images in 2019; DNS is the
pixel value of the summer composite night light images; DNi is the night light pixel value
of each month.

The regional night light values of 122 counties (cities and districts) in Hunan Province
were calculated by using the ArcGIS software zoning statistical tool. In order to facilitate
the subsequent regression analysis, the log function transformation was used to normalize
the regional night light value. Finally, we got the normalized regional night light index
(NLI) in summer (NLIs) and winter (NLIw).

2.3.3. Deletion of POI Data

Through the python tool, we obtained 224,319 POI interest points related to the
tourism industry. We transformed the original bd09 coordinates of the Baidu map POI
data into the geographical coordinates of WGS-1984. After that, we screened and excluded
duplicate and irrelevant points in different categories and finally obtained 173,398 POI data.
According to the classification of tourism elements, there are 39,421 catering service points,
31,137 accommodation facilities, 877 transportation service points, 13,126 sightseeing points,
52,964 shopping service points, and 35,873 leisure service points (Table 1). ArcGIS tool was
used to partition the number of POI in the statistical area. At the same time, in order to
ensure the comparability between different types of POI data, we normalized the data by
linear function, respectively, and then all the results was placed between the 0–1 interval.

Table 1. POI classification of tourism elements based on Baidu map.

Category Quantity Baidu POI Subcategory

1 Catering
service 39,421

Chinese restaurants, foreign restaurants, snack bars,
cake dessert shops, coffee shops, teahouses, bars, other

food shops

2 Accommodation service 31,137 Star hotels, express hotels, apartment hotels, home stay
hotels, other hotels

3 Transportation service 877 Airports, train stations, coach stations

4 Sightseeing
service 13,126

Sightseeing parks, zoos, botanical gardens, amusement
parks, museums, aquariums, cultural relics, churches,

scenic spots, temples

5 Shopping
service 52,964 Shopping centers, department stores, supermarkets,

convenience stores, small shops, markets, digital stores

6 leisure and
Entertainment 35,873

Stadiums and gymnasiums, extreme sports venues,
fitness centers, resorts, farmhouses, cinemas, KTV,

theatres, song and dance halls, Internet cafes, game
venues, leisure squares, bath massage shops, nursing

homes, public toilets, special roads and post stations for
cycling, ticket offices, some leisure parks, travel agencies,
art galleries, exhibition halls, cultural palaces, libraries,
science and technology museums, other leisure places

The data normalization formula is as follows:

Xnom = (X − Xmin)/(Xmax − Xmin), (2)

where X is the original sample value, Xnom is the normalized value, Xmax is the maximum
value of the sample, and Xmin is the minimum value of the sample.
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2.4. Applied Method
2.4.1. OLS Regression Analysis

The traditional regression model is based on the ordinary least squares (OLS) method
for global parameter estimation [34]. The multiple linear regression model based on OLS is
as follows:

Y = β0 + β1X1 + · · · + β(n−) X(n−X) + ε, (3)

where Y is the dependent variable, X = (1, X1, . . . , Xn−1) is the independent variable, β is
the regression coefficient to be estimated, and ε is a random error, which is the column
vector of n rows with a mean of 0.

When the dependent variables obey the normal distribution, the OLS model is unbi-
ased. Single sample Kolmogorov Smirnov is used to detect whether the variables comply
with the normal distribution. When p > 0.05, it can be judged that the data comply with
the normal distribution. As one of the most important parameters in the model, the vari-
ance inflation factor (VIF) of the variable should not exceed 5 to ensure that there are no
multicollinearity or redundant independent variables in the model. A value greater than 5
for VIF indicates that two or more variables are similar to each other. In the operation, the
method of stepwise regression can solve the multicollinearity problem between indepen-
dent variables. In addition, there are some statistical definitions in the OLS model, such
as R2 and adjusted R2, which are measures of model performance, with possible values
ranging from 0.0 to 1.0. Joint F statistics is a measure of the significance of the model,
and the value of Koenker (BP) statistic (Koenker’s studentized Breusch- Pagan statistic) is
used for testing stability and heteroscedasticity. The Jarque Bera statistic is used to check
whether the residuals are normally distributed, while Durbin Watson statistics describes
the autocorrelation of residuals, and the value should be between 1–3. The closer it is to 2,
the better the model performance.

2.4.2. Geographically Weighted Regression Analysis

To limit the spatial variability, the geographically weighted regression (GWR) model
proposed by Brunsdon et al. [35] can be used to estimate the parameters of the regres-
sion model. The spatial autocorrelation of dependent variables is the prerequisite for
constructing the GWR Model [36]. The global Moran’s I index is used to test the spatial
autocorrelation of variables, and its statistical significance is determined by the value of p
of the value of standardized Z. p is the significance level, that is, the probability that the
observed value is created by the random process. The closer it is to the value of 0, the
higher the random probability is. Moran’s I is calculated using the following formula:

I =
n ∑n

i=1 ∑n
j=1 Wij(Xi − X)

(
Xj − X

)(
∑n

i=1 ∑n
j=1 Wij

)
∑n

i=1(Xi − X)2
; zI =

I − E(I)√
V(I)

, (4)

where I is the parameter value of global autocorrelation and the value range is [−1, 1]. The
closer the value is to 1, the stronger the correlation is, and the value of 0 indicates random
distribution in space. n is the total number of research samples, (Xi − X) and (Xj − X) are
the deviation between the value of the specific attribute at i and j and its average value,
respectively, and Wij is the value of the weight matrix. E(I) is the expected value of Moran I
and V(I) is the variance.

GWR is an extension of the traditional standard regression method. Different from the
global model, the GWR Model is based on local statistics and considers the spatial variation
of variables and its impact on estimation. Thus, this method shows how the relationship
between variables changes with space. The equation of GWR is:

Yi = β0(ui, vi) + ∑
k

βk(ui, vi)Xik+εi , i = 1, 2, . . . , n, (5)
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where (ui, vi) is the coordinate of element i, βk(ui, vi) is the kth regression parameter of the
ith element, and εi is the random error of the ith element.

In this method, the model parameters of each geographical location are estimated by
using the weighting function of exponential distance attenuation, and the observed values
are weighted by distance. Therefore, the closer the observation is to the research location,
the greater the influence on the parameter estimation. Therefore, spatial weight matrix
is the core of GWR. The weight calculation can be realized by the subtraction function of
spatial distance with any value range of [0, 1], which is called kernel function [37]. The
Akaike information criterion (AIC) can optimize the bandwidth value. AICc is the corrected
value, and the model will better fit the observed data with a lower AICc [38,39]. In this
paper, Gaussian kernel function is used, and the relevant formula is as follows:

Wij= e
(dij/b)2

2 , (6)

AICc = 2n ln(σ) + nln(2π) + n(n + tr(s))/(n − 2 − tr(s)), (7)

where Wij is the spatial weight matrix, Dij is the degree of spatial proximity between
position i and position j, and b is the value of bandwidth. n is the sample size, σ is the
standard deviation of the error term, and tr(s) is the trace of the S matrix of GWR, which is
the function of the bandwidth.

3. Results
3.1. Results of OLS Model

In Table 2, the result of the single sample Kolmogorov Smirnov test is >0.05, so the
dependent variable complies with the condition of normal distribution. In the first model
estimation of summer and winter, the relationship between some POI variables and light
index was not significant. By checking the value of VIF, we found that there is redundancy
in catering service variables. Therefore, we used the stepwise regression method for the
second model prediction and eliminated the data redundancy and non-significant variables
by deleting the variables of accommodation service and catering service. Finally, the results
of the model are shown in Tables 3 and 4. The scatter distribution relationship between
explanatory variables and NTL is shown in Figure 3.

Table 2. Results of the KS test.

Variable n Kolmogorov
Smirnov Z Sig. (Bilateral)

NLIS 122 0.780 0.577
NLIW 122 0.710 0.695

Table 3. Results of the OLS model.

Model R2 R2 Adjusted Joint F Test Sig Koenker (BP) Jarque-Bera Durbin Watson

OLS summer 0.763 0.755 94.341 0.000 10.575 1.341 1.948
OLS winter 0.759 0.751 92.067 0.000 18.248 2.616 1.942
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Table 4. Results of the OLS model coefficients.

Model Variable Coefficient Sig. VIF

OLS summer

constant 3.297 0.000
X1 0.507 0.000 1.894
X2 −0.490 0.000 2.133
X3 1.300 0.000 2.246
X4 0.196 0.001 1.435

OLS winter

constant 3.237 0.000
X1 0.566 0.000 1.894
X2 −0.494 0.000 2.133
X3 0.233 0.000 2.246
X4 0.199 0.001 1.435

The prediction variables are shopping service (X1), sightseeing(X2), leisure and entertainment (X3), and trans-
portation service (X4).
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Figure 3. Scatter diagrams of explanatory variable and NTL.

In our study, R2 in different seasons is 0.763 (summer) and 0.759 (winter), and the
adjusted R2 is 0.755 (summer) and 0.751 (winter), respectively, which means that the two
models fit well. The models passed the joint f (Sig = 0.000 < 0.05) test, and Koenker (BP)
and Jarque BERA statistics also achieved good results (>0.05). At the same time, Durbin
Watson statistics in different seasons were 1.948 (summer) and 1.942 (winter), respectively.
This result is close to 2, which means normal distribution. The statistical analysis results
show that the model has a good prediction effect on the variables. According to these
results, the POI of leisure and entertainment, shopping services, transportation services,
and sightseeing in the tourism industry has a significant impact on the night light index
of the area, and the performance of the model parameters in summer is better than that
in winter.

3.2. Results of GWR Model

According to the OLS model, we remove meaningless variables and eliminate data
redundancy. Therefore, we included the POI variables related to tourism industry in
summer and winter models into the GWR model, including shopping services, sightseeing,
leisure and entertainment, and transportation services. Before constructing the GWR
model, we verified the spatial autocorrelation of night light index through Moran’s I index.
The values of Moran’s I were 0.535949 (summer) and 0.457933 (winter), the values of Z
were 8.247859 (summer) and 7.063518 (winter), and the value of p was 0.000. The light
distribution shows a strong spatial positive correlation and aggregation. After that, we
tested the spatial correlation of the residual of the GWR model. The residual (R) presented
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random distribution characteristics in space, and the surface model obtained better fitting
results. The spatial autocorrelation results are shown in Figure 4.
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The comparison of OLS and GWR results is summarized in Table 5. The GWR model
is a significant improvement of the OLS model, which is more significant in summer
(adjusted R2 = 0.815) than in winter (adjusted R2 = 0.805). In addition, the value of
AICc also shows that the results of the local regression model are more significant and
significantly smaller than those of the global regression model. Overall, OLS and GWR
methods show that there is a significant correlation between tourism POI variables and
night light index, and the correlation is stronger in summer than in winter. ArcGIS is used
to visualize the spatial distribution of GWR Model parameters, as shown in Figure 5, which
are fitting of the tourism POI and night light index in two cold and hot seasons in the
model. Figures 6 and 7, respectively, show the spatial distribution results of local model
coefficients in different seasons.

Table 5. Comparison of OLS and GWR.

Model AICc R2 R2 Adjusted

OLS summer −139.185 0.763 0.755
GWR summer −306.842 0.846 0.815

OLS winter −142.816 0.759 0.751
GWR winter −308.915 0.837 0.805
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4. Discussion

Because the parameters of OLS are fixed in space, there are limitations in solving the
spatial correlation and heterogeneity of the model. In contrast, spatial statistical methods
are more helpful to evaluate spatial correlation and spatial heterogeneity. The Moran index
can be used to quantify spatial autocorrelation, while geographically weighted regression
can be used to quantify spatial heterogeneity [40]. In fitting samples, GWR will consider the
light index in different seasons and the geospatial location of POI of different element types.
It is weighted according to the location attribute of the sample and generates different
parameters for each tourism POI variable at each location to better reflect the spatial
heterogeneity of its impact on the light index. Thus, the parameters of each factor may be
positive in one position but negative in another position, which indicates that the role of
the driving factor is to promote or inhibit the growth of light intensity [41,42].

In GWR modeling, the bandwidth of the spatial kernel function essentially affects the
regression performance, thus affecting the construction of the regression model. Selecting
the optimal bandwidth requires many experimental comparisons. The fixed distance
threshold is the most direct bandwidth definition method. However, when the density of
data points is uneven, there may be insufficient effective samples participating in the model
evaluation [43,44]. By defining the number of nearest neighborhoods, the distance between
the analysis location and the nearest neighborhood is taken as the bandwidth value of
the corresponding model solution to avoid the disadvantage of fixed type. Therefore,
the corresponding bandwidth value at each regression position may be different, that is,
the variant bandwidth [45]. We used the Gaussian kernel function to carry out repeated
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experiments in different seasons, compared the two kernel types respectively, and then
found that the accuracy of the adaptive kernel type was higher. At the same time, the
advantage of GWR is that it can visualize the spatial distribution of different parameters
and clearly show how spatial heterogeneity affects modeling [35]. The comparison of the
two models is helpful to select an appropriate method to reflect the spatial heterogeneity in
the impact of tourism activities.

In the initial model, we included all the transportation facilities, resulting in the
problem of being unable to distinguish between subject and object [46]. Because most
short-distance traffic is used by residents, it also leads to some deviation in the results of the
model. After excluding all short-distance transportation facilities, from the perspective of
all-for-one tourism, we only retained long-distance transportation facilities, such as aircraft,
high-speed rail, train, and long-distance bus stations [47–49], as tourism transportation POI
to participate in the construction of the regression model. After that, our model got better
results. We used the same method to verify the composite lighting data and tourism POI
data in 2019. The spatial correlation results were consistent with the results in different
seasons. At the same time, we used the lighting data of summer and winter in 2018 for
comparison and verification. The seasonal difference results were similar to those in 2019.
Therefore, this study has good adaptability.

In terms of seasonal differences, although there is little difference between the model
results in summer and winter, the model fitting results were generally slightly higher than
that in winter. The temporary imbalance caused by the agglomeration of tourists in a
short time is the core feature of tourism seasonality [50]. Affected by China’s geographical
region and natural characteristics, seasonal differences are particularly obvious [51]. The
tourism income and number of tourists in summer are significantly higher than that in
winter. Although the policy of all-for-one tourism is of great significance to alleviate the
seasonality of tourism, a large number of tourists will still lead to a significant increase in
the use of tourism elements and facilities in the peak tourism season [52].

From the perspective of geographical region division, the fitting accuracy of the model
presents the distribution characteristics of high in the northeast, low in the southwest,
and gradually decreasing from east to west. The regions with high fitting degrees include
Yueyang, Changsha, Hengyang, and other cities, and the regions with a relatively low
fitting degree are mainly in Yongzhou in southern Hunan. Due to the spatial agglomeration
effect of the tourism industry itself [53], the effects of POI on night light in different
types of tourism industry show significant spatial heterogeneity. Taking the county of
Hunan Province as a case, it has a wide range, and there are great differences in tourist
attractions, tourist service facilities, and social environment [54]. According to the results
of the independent variable coefficient, the correlation between leisure and entertainment,
shopping service, transportation service, and lighting index is positive. Among them,
leisure and entertainment have the highest contribution rate to the lighting index, followed
by shopping facilities. That is, the more shopping, leisure, and transportation service
facilities in the region, the stronger the light intensity, which is consistent with the previous
research results on the spatial distribution of POI and light remote sensing [55].

The results also show that the correlation between sightseeing and night light index
is negative. We speculate that the characteristics of tourism resources in Hunan Province
are an important factor. Most sightseeing POI points are located in vast mountains, lakes,
and protected areas [56]. The coupling relationship between nature reserves and China’s
light intensity shows that the established national nature reserves, national scenic spots,
national forest parks, national parks, and other nature reserves have a high spatial coupling
with the darkest areas in China, which are less polluted by light [57]. China wilderness
mapping [58] also shows that there is a strong correlation between the dark area of light
and the distribution of wilderness in China. The management measures and policies of
scenic spots are other important factors. On the one hand, in most natural scenic spots, the
business hours are only 17:00–18:00, which greatly reduces the opportunities for tourists to
participate in sightseeing activities at night. On the other hand, it reduces the generation of
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light pollution by reducing unnecessary lighting and low-carbon travel, which means that
it is almost impossible to produce large-scale night light.

Some scholars have studied the spatialization of industry and economy based on
lighting data, POI, and other multi-source data. Compared with a single tourism eco-nomic
aggregate index, using POI data to evaluate the correlation between human nighttime
tourism activities and nighttime lighting data will make the research results objective
and scientific [59]. In this paper, we use POI data as the basic index, combined with the
functional classification of the tourism industry. POI data has little overall change in a short
period (months and a year) and has the characteristics of a large amount of information,
high positioning accuracy, and strong real-time performance [60]. Night light data show
great advantages in the study of urban expansion. As an indicator of human social activities
and economic development, it also has guiding significance. Different from GDP and other
socio-economic data, the use of luminous data has the advantages of convenient collection,
a small amount of data, wide-coverage, fast data updates, and so on [61].

Although the remote sensing image data can well present the spatial distribution
characteristics of the social economy, it is still instantaneous data, that is, it can only
represent the light intensity and spatial distribution in the satellite transit time. Therefore,
there is still a certain timescale problem in the research model [62,63]. To reduce the impact
of different scales on the analysis, the observation data corresponding to the satellite transit
time is generally used for research. In this study, the mean value of the same period
(6 months) is used for analysis. In addition to the time scale, the spatial scale is also an
important feature of geographical phenomena. Based on tourism revenue data, the existing
research on the relationship between lighting images and tourism activities is generally
large-scale in spatial scale, with countries or continents as the smallest research unit. POI is
point vector data, and the basic unit of a light image is a grid of about 500 m. The research
based on them is mainly based on small-scale grid research, such as a city and multiple
streets [64]. To ensure the correspondence of spatial scale and show the characteristics of
tourism activities, in this study, based on the social development of Hunan Province, we
chose to put all the research data within the scope of the smallest administrative county
in Hunan Province. This also means that achieving a higher classification of night remote
sensing products and combining and analyzing social spatial data of different industries,
such as tourism, are the direction of future research.

It is worth mentioning that, in future research, besides considering the social entity
environment (POI) studied, adding more parameter variables (such as population or GDP)
may better explain the relationship with the inspected variables and investigate other addi-
tional parameters affecting luminous radiation sources The existence of other paramaters
(such as albedo, spatial land cover, etc.) can also be increased to determine the ability and
accuracy of noctilucent in evaluating the contribution of tourism industry activities.

In addition, future research directions should also consider how to apply the model
to the theoretical research of tourism carbon emission and the planning and construction
of tourism light pollution prevention and control. According to the spatial distribution of
tourism, tourism economy and other results analyzed provide decision-making guidance
and reference standards for relevant departments to carry out low-carbon tourism and dark
night protection construction.

5. Conclusions

In this study, we investigated the seasonal changes of night satellite image brightness in
2019 and their correlation with the POI of different tourism industries of 122 counties (cities,
districts) in Hunan Province. The analysis of the global regression model shows that there
is a strong correlation between night light index and survey variables in different seasons.
Based on one semester (6 months), there is a positive correlation between night light
radiation and leisure and entertainment, shopping services and transportation services, a
negative correlation between the light index and sightseeing. The positive impact of leisure
and entertainment is the highest, and transportation service is the lowest. The correlation
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degree between winter and summer is different, so it is inferred that the result of the
peak tourist season is better than the off-season. The GWR model reveals the local spatial
pattern of the relationship between night light and tourism activities. In terms of model
fitting, the local model (GWR) is better than the global model (OLS), since it produced
better results, thus confirming that the GWR model can be used to evaluate the impact
of night light based on tourism activities. The contribution of Hunan’s tourism industry
to night lighting gradually decreases from east to west. In addition, the results further
reflect the spatial differences of the impact of different tourism elements POI on night light
in different regions, which is the result of the comprehensive effect of tourism resource
distribution and social environment in Hunan Province. The research provides a new
method and perspective for tourism research and especially reveals the spatial differences
of tourism activities in geography, which will help us to study the spatial distribution and
seasonality of tourism industry activities in the whole region. However, before assessing
the contribution of tourism activities and clarifying the ability and accuracy of lighting,
we should further consider additional parameters and more accurate remote sensing data
products. At the same time, the spatial distribution of tourism activities and the evaluation
of the contribution of night light radiation can also be combined with different data in the
future to explore the energy consumption and light pollution degree caused by various
tourism activities so as to provide reference and suggestions for relevant departments
to formulate tourism dark night protection measures and the sustainable development
of tourism.
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