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Abstract. To address light pollution, this study presents an evaluation model designed to precisely
quantify the extent of light pollution at a given location. The proposed model utilizes the Analytic
Hierarchy Process and Entropy Weight Method (AHP-EWM) to conduct a combined weighted
analysis of relevant indicators. Additionally, the Grey Comprehensive Evaluation Model (GCEM) is
introduced to establish a broadly applicable measurement system. To demonstrate the model's
effectiveness, it is applied to specific cities, with comprehensive explanations provided.
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1. Introduction

As urbanization and human activities continue to expand, environmental pollution has become a
significant issue worldwide. Among various types of pollution, light pollution, which is often
overlooked, poses significant risks to public health and safety. According to a report, around two-
thirds of the global population is exposed to light pollution. An endocrinologist at the University of
Texas Health Science Center, Dr. Russell Leiter, has emphasized that light is a drug, and its misuse
can have severe health consequences. To mitigate the negative effects of light pollution, local
governments, and social groups have initiated several interventions. Therefore, there is a pressing
need to develop a universally applicable metric to evaluate the effectiveness of intervention policies
and to assess the degree of light pollution risk at a specific location.

2. Establishment of an evaluation system model

2.1. Selection of evaluation system model indicators

2.1.1 Direct factors

The most direct way to determine the level of light pollution risk in an area is to measure the area's
light pollution index, which combines three factors [1]:

Artificial light intensity: Measures the intensity of artificial light emitted from outdoor light
sources and is the strongest indicator of light pollution levels.

Sky brightness: This factor measures the brightness of the night sky caused by the scattering of
artificial light sources and natural light such as the moon and stars. The brightness of the night sky
accurately reflects the overall brightness effect of artificial light.

Spatial extent: Light pollution in an area is not only related to brightness and intensity but also to
the extent of light pollution. Spatial extent is a factor used to measure the extent of light pollution in
an area, which can be visually seen from the real-time global light pollution distribution map.

2.1.2 Indirect factors

In addition to the immediate factors mentioned above [2], we specifically defined the indicators
affecting light pollution as the local development level, population size, geographical location,
climate, and biodiversity, and selected the following secondary indicators to explain. Let's call it the
indirect factor is shown in Table 1.
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Table 1. Indirect factor measures

Indirect factor

index

GDP per capita

Urbanization rate

Developmental level

Motor vehicles

Urban built-up area

Electricity consumption

Population

Population

The proportion of the urban population

Elevation

Geographic position

Longitude and latitude

‘ Temperature
Climate
Rainfall capacity
Mclntosh index
Biodiversity

Mclntosh balance degree

The following Figure 1 is a display diagram of the organizational framework of subjective weights

and objective weights.
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Figure 1. Direct factors and Indirect factors

2.2. Determination of model weights

By looking at the data, we found that measuring the risk of light pollution in an area is not limited
to the local level of development but is also related to population, geographical location, and even
climate and biodiversity [3]. Therefore, the core of the classification of light pollution levels lies in
how to weigh each index. The subjective weighting method may cause the weight to be influenced
too much by human factors. However, objective empowerment may be too mechanized and lack
humanistic feelings, resulting in inaccurate weight determination [4].

Therefore, we create a new evaluation system model, which will use the subjective weighting
method "improved Analytic Hierarchy Process (AHP)" and the objective weighting method “entropy
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weight method" to integrate new weights based on the moment estimation. This method has the
characteristics of taking into account the subjective importance of events, the internal connection of
each index, and the gradual change of weights over time. On this basis, the grey comprehensive
evaluation method is further used to classify the event hazard level.

2.2.1 Subjective weighting assignment

The improved analytic hierarchy process (AHP) [5] is to regard the problem to be studied as a
large system affected by a variety of factors and then decomposes the interrelated and restrictive
factors into several levels. The weight of different schemes is obtained by analyzing each level.

2.2.2 Objective weight assignment

The basic idea of determining objective weight by entropy weight method is to determine objective
weight according to the variability of the index. Generally speaking, the smaller the information
entropy of an index is, the greater the variation degree of the index value, the more information it
provides, the greater the role it can play in the comprehensive evaluation, and the greater its weight.
On the contrary, the greater the information entropy of an index, the smaller the variation degree of
the index value, the less information it provides, the smaller the role it plays in the comprehensive
evaluation, and the smaller its weight.

2.2.3 Subjective and objective combination of empowerment

With [ kinds of subjective weighting method [6], the subjective weight set of each indicator
determined according to the subjective weighting principle can be obtained:

We={wsl1<s<]1<j<m}. (1)

with g — 1 objective weighting method was used to assign weights to evaluation indicators, and
an objective weight set was obtained:

Wy ={wpll+1<b<ql<j<m] )
Suppose that the integrated weight vector of the evaluation index r is:

[W1'W21 “"Wm] (3)

For subjective weight, if the number of decision-makers tends to be large, it can be regarded as
extracting samples from the population to estimate the combined weight vector according to the large
number theorem of statistics (r)[7].

Suppose | samples and g —1 samples are selected respectively from the subjective weight
population and the objective weight population. For different evaluation indexes, the relative
importance degrees of subjective weight and objective weight is different. If the relative importance
coefficients of subjective weight and objective weight are a and S, then the optimization model of
integrated combination weight is:

minH(Wj) = 0(2_19=1(Wj — ij)z +p Zézl(wj — ij)z 4)

According to the basic idea of moment estimation theory, the important coefficient of the
subjective and objective weight of each index can be calculated by combining the expected value
with each evaluation index ajand ;. According to this idea [7], the multi-index decision matrix can
be obtained:

a =g }'ilari g
j=1aj+zj=1ﬁj m 5)
_ IB B (
b= ?:1“1""2}11[31'_ m
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For each evaluation index [7], we hope that the smaller the better, so the equivalent completeness
linear weighting method is adopted to transform the multi-objective optimization model into a single
objective optimization model, namely:

. 2 2
minH = 271:1 a22=1(Wj - ij) + Z}n=1,32§=1(wj - ij)
s.t.yjziwi=1 (6)
0<sw;=11<j<m

Finally, the optimal combination weight vector based on multiple subjective and objective
evaluation indexes is obtained.

2.3. Grey Comprehensive Evaluation Model

The correlation analysis method is the most widely used grey theory, and its correlation coefficient
reflects the close degree of each evaluation object to the ideal object. The larger the correlation
coefficient is, the better the evaluation index will be. We set i as the ith optical pollution metric
index, and take the optimal value of each index as the reference series. According to the correlation
coefficient and the optimal combination weight, the correlation degree sequence is obtained, to
determine the ranking of the light pollution risk level [8].

3. Results

3.1. Processing of data

Based on the satellite images of global light pollution in 2022 and the measurement criteria of
economic factors, government policies, climate factors, and so on, we intuitively selected four
provinces in China as the objects of analysis, as shown in Table 2.

Table 2. Area identification and type

location types of locations

Inner Mongolia | a protected land location

Tibet a rural community
Guangxi a suburban community
Shanghai an urban community

According to China's National Statistical Yearbook, we have identified indicators of development,
population, and climate for the above four regions. After the acquisition, we preprocess the data:
Normalization and Standardization.

After data preprocessing, we decided to adopt principal component analysis to reduce the
dimension of the five indicators of development level, looking for new comprehensive variables that
could be represented linearly by the original variables. Table 3 is the cumulative contribution rate of
each indicator [9].
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Table 3. The cumulative contribution rate of each indicator

number | Characteristic root | Contribution rate | Cumulative contribution rate
1 7.148 79.427 79.427%
2 1.502 16.685 96.111%
3 0.178 1.973 98.084%
4 0.107 1.194 99.278%
5 0.061 0.682 99.960%
6 0.003 0.040 100.00%

Through the principal component analysis, we found that the contribution rate of the first two
principal components had reached 96.111%, and the five indicators could be reduced to 2 dimensions
to determine the two principal components, as shown in Table 4.

Table 4. Component | or Il load coefficient

Name Component 1 load coefficient | Component 11 load coefficient
GDP 0.922 0.322
Urbanization rate 0.584 -0.022
Electricity consumption 0.162 0.424
Urban built-up area 0.297 0.637
Motor vehicles 0.253 0.528

From the description of the final result factor loading, we find that component 1 mainly depends
on GDP and Urbanization rate, component 2 is Urban built-up area, Motor vehicles, and Electricity
consumption. Therefore, we named these two main components: economic development level and
urbanization construction level. The ultimate dimension reduction is completed.

3.2. Analysis of experimental results

For the subjective weighting of the three direct factors that measure the level of light pollution:
artificial light intensity, sky brightness, and spatial extent using AHP, we present a raster map (Figure
2) of three factors for four regions in 2022 [10].

Inner Mongolia

Artificial light
intensity and brightness ~KigasS

Coverage of
light pollution

Figure 2. Visual display of light pollution
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Based on the above satellite raster map of light pollution and artificial light intensity at night, as
well as the literature review, we infer the judgment matrix which is shown in Table 5:

Table 5. The AHP Judgment matrix

Direct factor evaluation | Artificial light intensity | Sky brightness | Spatial extent

Artificial light intensity 1 0.769 0.667
Sky brightness 1.3 1 1.25
Spatial extent 15 0.8 1

Then, we determined the respective weights of the three direct factors, which are illustrated in
Table 6.

Table 6. The Direct factor’s weight value results

Direct factor Feature vector | Weight value
Artificial light intensity 0.791 26.371%
Sky brightness 1.160 38.663%
Spatial extent 1.049 34.966%

Using the entropy weight method, we finally get the respective weights of the five indirect factors
as Developmental level: 41.43%, Population: 13.04%, Geographic position: 11.85%, Climate: 7.59%,
Biodiversity:10.01%.

Finally, the moment estimation method is used to combine the weight results of the AHP and
entropy weight method to determine the final weight results, as shown in Table 7.

Table 7. The final weight value results

Factors Weight value factors Weight value
Artificial light intensity |  19.394% Population 4.112%
Sky brightness 28.435% | Geographic position 3.734%
Spatial extent 25.716% Climate 2.391%
Developmental level 13.058% Biodiversity 3.156%

According to the weight obtained, we bring the data to calculate the score and ranking (shown in
Table 8) of the light pollution risk level in the four regions [11]:

Table 8. Light pollution severity score and ranking

Location Light pollution risk score | Light pollution severity ranking
Inner Mongolia 83.92 2
Tibet 56.94 4
Guangxi 71.07 3
Shanghai 92.61 1

After that, we drew the four cities’ light pollution risk score distribution map as shown in Figure
3.
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four cities's light pollution risk score distribution map
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Figure 3. Four cities’ light pollution risk score distribution map [12]

4. Conclusions

Due to the high-intensity and extensive development of Shanghai's urban areas, the gross regional
product is much higher than that of other cities. In its urban construction high-rise buildings,
commercial billboards, vehicle headlights, and other high-intensity light sources have also intensified.
Shanghai has a suitable climate, high population density, generally high per capita disposable income,
and a very large per capita urban share, indicating that the pursuit of material life of the public is
higher, entertainment activities in the lighting and publicity links increase the light pollution of the
city. Therefore, Shanghai light pollution is the most serious.

In recent years, as a nature reserve in China, Inner Mongolia's forest ecosystem has been
effectively improved, but due to insufficient government measures to prevent light pollution,
excessive artificial light sources, and the use of a large number of light pollution. But its population
density is low, so the light pollution level is slightly lower than in Shanghai.

Guangxi region is located in a remote area in the south, and economic development is relatively
slow. Far from large cities and industrial areas, the natural environment is relatively good, and the
source and density of light pollution are relatively low. Therefore, the degree of light pollution is light,
but because of the large number of motor vehicles owned by the residents of Guangxi province, so
its light pollution problem should not be underestimated.

Tibet is located in a high altitude, low oxygen plateau area, with good atmospheric stability, away
from cities and industrial areas, the source and density of light pollution are relatively low. With low
population density and relatively low urbanization, lighting demand is relatively low, so light
pollution is relatively light. Low electricity consumption, low emissions, and sparse population
density and the national protection policy for Tibetan ecological reserves make it the lowest level of
light pollution.

253



Highlights in Science, Engineering and Technology ERET 2023
Volume 59 (2023)

References

[1] Kollah Zolté&n; Sz& Dénes; Kolldh Korn&; Tong Kai Pong.Light Pollution Monitoring and Sky Colours.
[J]Journal of ImagingVolume 6, Issue 10. 2020. PP 104-104

[2] Shi Xiaojing .Shanghai has taken the first step to prevent and control light pollution in accordance with
the law.[J] .Light Sources and Lighting. 2022(11):23-27

[3] Long wavelength light reduces the negative consequences of dim light at night.[J]. Neurobiology of
DiseaseVolume 176, 2023:1-9

[4] BaraSalvador;Pé&ez Couto Xabier;Falchi Fabio;Kocifaj Miroslav;Masana Eduard Estimating linear
radiance indicators from the zenith night-sky brightness: on the Posch ratio for natural and light-polluted
skies [J] Monthly Notices of the Royal Astronomical Society,2022:21-39

[5] National Bureau of Statistics of the People's Republic of China. China statistical Yearbook [M] Beijing:
China Statistics Press, 2022

[6] Ignacio Garc®, Marian de Blas, Jos€Luis Torres Proposal and evaluation of typical illuminance year
(T1Y) generation procedures from illuminance or irradiance data for daylight assessment in the long term
[J] Solar Energy, 2020, 205(C):31-33

[7] Ji-Seon Ryu;Jin-Sook Lee A Study on Status and Analysis of Local Governments Light Pollution Control
Ordinance [J] Journal of the Korean Institute of Illuminating and Electrical Installation Engineers,2015:8-
17

[8] Ahn Nae-Young;Shim Gyo-Eon;Ahn Kun-Hyuck A Study on the Regulation of Outdoor Lighting

Foreign Cases Study on the Light Pollution Control Law [J] Journal of the Korean Urban Management
Association,2008.28(1):22-23

[9] Hoang-Phuong Nguyen; Jie Liu; Enrico Zio .A long-term prediction approach based on long short-term
memory neural networks with automatic parameter optimization by Tree-structured Parzen Estimator and
applied to time-series data of NPP steam generators.[J] Applied Soft ComputingVolume 89, Issue C.
2020.:106116-106

[10] Chen Nie.Analysis of the Correlation between Cross-Border E-Commerce and Economic Growth Based
on Hierarchical Multilevel Gray Evaluation Model. [J]Journal of MathematicsVolume 2022:61-66

[11] Liu Honghong; Peng Daomin; Yang Hyun-Joo; Mu Yongtong; Zhu Yugui. Exploring the evolution of
sustainable fisheries development: Focusing on ecological, environmental and management
issues[J]Ecological InformaticsVolume 75, 2023:9-23

[12] Jing Liu; Xi Wu; Yuhu Zhang. Research on Road Segmentation Algorithm for Satellite Remote Sensing
Images based on Deep Learning.[J]Journal of Research in Science and EngineeringVVolume 5, Issue 1.
2023:12-35

254



