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Rapid urbanization and economic development have inevitably led to light
pollution. However, currently the world has not yet formed a unified technical
standard for light pollution, and light pollution cannot be effectively controlled
when the environmental protection department is unable to operate. To
effectively solve this problem, this paper establishes a combined weight
ideal point method evaluation model based on TOPSIS evaluation method
to obtain comprehensive index weights to evaluate the light pollution risk
levels of four different land types in urban, suburban, rural and nature reserve
areas in Beijing, China, and uses one-way ANOVA to test the differences among
the four regions. Based on the Random Forest algorithm to determine the three
variables with the top three feature importance weights, and based on the
nonlinear optimization algorithm, using the SLSQP method, the optimal
parameter combinations with the smallest cost are obtained after iteration,
so as to put forward three feasible intervention strategies such as adjusting the
design of the nightscape lighting, reducing the time of nonessential lighting,
and rationally planning the layout of the city’'s lighting, etc., to solve the light
pollution problem, which effectively promote the urban nightscape lighting’s it
effectively promotes the healthy and sustainable development of urban
nightscape lighting.

KEYWORDS

light pollution control, TOPSIS evaluation, single factor analysis of variance, non-linear
programming models, optimization algorithms, SLSQP method

1 Introduction
1.1 Background of light pollution

With the advancements in modern life, environmental pollution has emerged as a
common issue in numerous countries. A pressing need for people to enhance their
quality of life is the provision of a visible, safe, comfortable, and appealing light
environment (Cao et al, 2023). However, the usage of certain inappropriate light
sources has resulted in light pollution within the human habitat. The International
Dark Sky Association defines light pollution as the adverse environmental effects caused
by the excessive or improper utilization of artificial light, which has significant impacts
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on humans, wildlife, and the climate (Guan et al, 2022;
Cupertino et al., 2023). Light pollution is generally categorized
into three types: white bright pollution, artificial daylight, and
colored light pollution. The Lighting Research Center at
Rensselaer Polytechnic Institute in the United States further
divides light pollution into sky glow, light intrusion, glare,
excessive lighting, and mixed light. Figure 1 illustrates the
interconnections of these various forms of light pollution.

1.2 Hazards of light pollution

Currently, atmospheric light pollution has emerged as a
significant global problem. It not only poses challenges to
astronomical observation but also disrupts the natural cycles
of living organisms. The most notable harm lies in its impact on
life patterns, as it disturbs the biological clock of plants and
animals and even threatens ecological balance. Furthermore, the
consequences of light pollution on human health, energy
wastage, and increased carbon emissions should not be
underestimated (Aksaker et al, 2020). The primary hazards
effects

wellbeing, disruption of urban traffic, ecological imbalance,

include adverse on physical and psychological
energy squandering, and impairment of aesthetic appeal. It is
evident that unsuitable lighting has a diverse range of negative
effects on both human society and the ecological environment
(Argys et al, 2021; Lian et al, 2021). These effects can be
immediate or accumulate over the long term. Failing to
address these issues seriously will result in severe, and

potentially irreversible, consequences.

10.3389/fenrg.2023.1242010

1.3 Research status

Light pollution, as a newly recognized form of pollution, indeed
poses hazards. However, there are currently no specific legal
guidelines defining the extent and types of light pollution that
can cause harm to people or the ecological environment (Heilig,
2010; Kocifaj, 2011).

1.3.1 Status of international research

The American scholar Walker proposed a method as early as
1973 to estimate the increase in sky luminance AI within a certain
range from the city center by collecting measurement data and
establishing a numerical model AI = f () for night sky luminance
increment, the method for light pollution’s
environmental impact, based on optical luminance measurement

evaluation

and a series of indices, still requires further analysis and study
(Kocifaj et al., 2019). In the realm of light pollution prevention, the
Czech government stands out as the sole country to have enacted
comprehensive legislation in 2002, specifically aimed at protecting
the atmosphere. This decree has made them the world’s only nation
with actual light laws. Other regions across the globe have limited
light pollution prevention regulations, primarily at the local level.
For instance, Lombardy, a northern Italian state, has developed
regulations known as “Urban Outdoor Lighting Energy Saving and
(LB.17/200). These
regulations outline specific guidelines, such as setting the

Light Pollution Prevention Regulations”

maximum light intensity of lamps at Ocd/klm in the 90-degree
direction and requiring measures to control light spillage in inner
corners and provide specialized equipment after curfew hours
al, 2020). More than 1/3 of the

(Pichardo-Corpus et

Light reflected back due to

heavy clouds

Direct upward gght \\/
A

FIGURE 1
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United States have light pollution control regulations, but so far
there is no uniform legal document. The Japanese government
recognized the existence of light pollution in 1994, and prepared
the Guidelines for the Rational Use of Lamps and Light Pollution
Control Guidelines in 2002 and 2006 respectively to further curb
light pollution. In summary, existing national regulations on
environmental impact assessment of construction projects, while
providing indicators for assessing potential impacts on the
surrounding environment, do not contain explicit provisions for
light pollution (Gaston et al., 2013; Tédhkdmo et al,, 2019). The lack
of standards and technical support for the inclusion of light
pollution in environmental assessments hinders the operation of
environmental protection agencies. As a result, the issue of light
pollution remains largely unaddressed in the environmental impact
assessment process, thus hindering effective control measures.

1.3.2 Status of domestic research

In terms of legislation, China has not yet introduced formal
standards and norms for the prevention and control of light
pollution, only to major universities and institutions of scholars
to put forward the relevant recommendations mostly, in 2010,
Chinese scholars Huang Shuhan in the rule of law of light
pollution, put forward the light pollution directory system, the
plan planning system, incentives and rewards system, etc.
Specifically explaining the types of infringement and the way to
take responsibility, but compared with the status quo of legislation in
Japan, Europe and the United States and other countries, China in
the mandatory, restrictive standards are still a large gap with the
international.

In terms of prevention and control technology, some cities in
China have introduced technical standards related to light
pollution, for example, in 1999, Tianjin City promulgated
China’s first technical specification for nights-cape lighting,
which put forward limit values for light pollution such as
glare, etc. In 2006, Beijing City promulgated the “Technical
Specification for Nights-cape Lighting in Cities,” which clearly
stipulates the control standards for the interfering light from the
windows of the living rooms of the residences and the wards of
the hospitals, and limits the vertical illuminance and direct view
of luminous body light intensity of the windows in different
periods of time (Tahkimo et al., 2019; Owens et al., 2020). In
2006, Beijing promulgated the “Urban Nights-cape Lighting
Code,” which
standards for disturbing light from windows in residential

Technical clearly stipulates the control
rooms and hospital wards, limiting the vertical illuminance of
windows and the light intensity of luminous bodies in direct view
by time.

In summary, existing light pollution technical regulations and
technical guidelines around the world focus mainly on the limitation
of brightness and illuminance from a lighting design perspective.
However, there is no harmonized standard for light pollution
technology. Light pollution exhibits similar forms and hazardous
characteristics globally, so it is crucial to share valuable experiences
and methods of prevention and control across regions (Macgregor
et al,, 2015). To enhance public awareness of light pollution and
develop effective intervention strategies, this paper employs a
systematic approach. Firstly, appropriate indicators are selected

to establish a quantitative light pollution prediction model,
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enabling a thorough analysis of the risk level in a given area.
Secondly, an extensive and diverse data set is collected, ensuring
the inclusion of various locations to enhance the generalization of
model. Lastly, utilizing the established risk assessment model and
data-set, proposed.
Representative to demonstrate the

potential intervention strategies are

locations are chosen
effectiveness of these strategies, thereby confirming the model’s

validity and practicality.

2 Light pollution risk evaluation model
2.1 Indicator selection

The issue of light pollution not only disrupts people’s
everyday lives, but it also significantly hampers society’s
sustainable development (Han et al., 2014). To set up a
regional light pollution risk evaluation system, we derive
indicators for assessing light pollution levels from research on
lighting, glare, and light spillage (Cinzano and Falchi, 2014).
Existing research suggests that three main factors can be analyzed
through measurement and detection technology, nighttime
landscape quality, and hazard risk assessment. The specific
secondary and tertiary indicators are presented in Table 1.

2.2 Weight determination

Weight is a value used to measure the impact of each unit
marker on the total and it is used to highlight the importance of
individual factors in a system of factors. The methods of
determining weights can be categorized into subjective

methods
combination of subjective and objective assignment methods.
Subjective methods include Analytic Hierarchy Process (AHP),

Delphi method, etc. The advantage of subjective assignment

assignment methods, objective assignment and

method is that experts can reasonably determine the order of
each indicator weight according to the actual decision-making
problem and experts’ own knowledge and experience, so that there
will not be a situation in which the attribute weights are contrary to
the actual importance of the attributes. However, the results are
subjective, arbitrary, less objective, and largely dependent on the
experience and level of the expert. Objective assignment method
includes entropy value method and eigenvector method. Objective
assignment method is mainly based on the relationship between
the original data to determine the weight, so the weight of the
objectivity is strong, and does not increase the burden of the
decision maker, the method has a strong mathematical theory
basis. However, this assignment method does not take into account
the subjective intention of the decision maker, so the determined
weights may not be consistent with people’s subjective wishes or
the actual situation. Each method has its unique advantages and
limitations. In order to mitigate the limitations of a single method
and to utilize the strengths of each method, this paper employs a
combined subjective and objective allocation method using AHP
and entropy methods. This combination helps to eliminate
subjective bias and objective one-sidedness and ensures more
accurate data.
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TABLE 1 Light pollution risk evaluation system.
Indicator system Level 1

Light Pollution Evaluation Indicators Monitoring Technical Indicators

Nighttime Landscape Quality

Hazard Risk Indicators

TABLE 2 Nine quantile scales table.

Same Slightly stronger Strong

Intense

10.3389/fenrg.2023.1242010

Level 2 Description
SLB Street Light Brightness
LCC Light Color Control
AS Area Spacing
LOT Lights Out Time
LH Lighting Hours
LE Length of Use
Y% Star Visibility
vC Visual Comfort
MI Moonlight Index
LI Lighting Intensity
NWAI Nocturnal Wildlife Activity Index
EC Energy Costs
LE Lighting Efficiency
HC Health Costs
NCR Nighttime crime rate

Extremes Intermediate values Countdown

B,‘ than B]

Quantified values 1 3 5

2.2.1 Entropy weighting method

Entropy method is an objective allocation method that utilizes
data entropy information, i.e., the amount of information for weight
calculation. The lower the information entropy, the greater the
degree of variation of the indicator, the more information it
provides, the greater the role it plays in the comprehensive
evaluation, and the higher the weight. This method is applicable
to the data of which it is possible to determine the degree of
dispersion of a particular indicator. The higher the degree of
dispersion, the greater the influence of the indicator on the
overall evaluation. Therefore, the entropy value is used to
determine the degree of dispersion of a particular indicator.

e Step 1: Data pre-processing

Ensuring the integrity of the data during the acquisition process
seems to be a challenge. However, having comprehensive data is critical,
so we must properly handle any missing data to improve the accuracy
and validity of our model. We next supplemented missing values with
mean values, similar values, or identical values with like values, and fitted
curves when the database was smooth and continuous data were missing.

e Step 2: Entropy weighting determination

First, we arrange the original index data into a matrix A. The
elements of this matrix, denoted as x;j, Xj min and X max, represent

Frontiers in Energy Research 04

24,68 Ay = 1ay

the maximum and minimum values of the jth evaluation index,
respectively. In this context, 1 <j < m. For the data corresponding to
these indicators, normalization is necessary, yielding a processed
value identified as f;;.

Specifically, for the positive evaluation indicator, the
function is:

Xij = Xj,min
fo= AT (1)
xj,max - xj,min
The function of the inverse evaluation index is:
Xi max — Xii
_ Jj> max ij
fij=———" )

xj,max - xj,min

Next, the matrix is normalized by applying the polarization
method to the values Zijs the formula is as follows:

fij

VB

Finally, based on the normalized processed information
entropy is calculated by entropy weight method W;;,0<
Wi <1 and XW;; = 1, Let y;; be the weight of the total
number of standard values for the i sample year and the

Zy= i=1,2,3.,0,j = 1,2.,m. 3)

value e;j, h; be the information entropy value of the j
indicator, and the related formula is as follows:
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Secondary indicator weights.

e,-]- = ):j . (4)
ir
1 n
h; = _T(n);eij ln(e,-j). (5)
1-h,
w;j = —mh} (6)
n-— zhj
=1

2.2.2 AHP method to establish weights

The subjective weighting method uses Analytic Hierarchy Process
(AHP). Compared with other methods, this method requires less
quantitative data and analyzes the nature of the problem to be studied,
the factors involved in the problem, and the intrinsic connections
more clearly and thoroughly. It breaks down the elements associated
with decision making into multiple levels such as objectives, criteria
and options. Subsequently, qualitative and quantitative analyses are
carried out at these levels. Modeling using AHP can be executed in
four steps broadly as follows:

QEstablish quantitative criteria: When measuring the relative
importance of indicators, the AHP method generally introduces a
scale of relative importance in the ninth percentile according to the
requirements of psychology, and constitutes a judgment matrix A.
The elements of matrix A, Aj;, represent the two-by-two comparison
of the relative importance of indicators in the horizontal rows to
indicators in the columns B; (B is the next level of indicators of A).
The results of the calculations are shown in Table 2.

Frontiers in Energy Research

0 Construct the judgment matrix: by using the two-
comparison method, the two-comparison scores of each
relevant element can be obtained from a number of two-
comparison judgment matrices based on a number of
indicators in the middle level.

0 Expert Scoring Matrix: after obtaining the expert scoring
matrix, the matrix is processed and the eigenvalues A 1,y and
eigenvectors are calculated using the eigenvalue method.

0 Normalization test:

CI = ’\m“—_" )
n-1
CI
R=—".

C R (8)

2.2.3 Combined subjective and objective
assignment method for portfolio assignment
Using entropy method to obtain objective assignment of
15 index weights a = (&, a3, ..., a;15). According to the above
AHP method to obtain the subjective assignment of 15 index
weights 8= (B, f,, ... B;5). According to the formula, combined
subjective and objective assignment method for portfolio
assignment.
6= P15, ©)
Z‘xjﬂj
j=1

The calculation results of various weights are shown in Figure 2.
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China Light Pollution Map
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FIGURE 3
2020 China lighting image.

2.3 Assessment of light pollution risk for four
major land types based on TOPSIS

Previously, we modeled a system for evaluating regional light
pollution risk levels. The second question involves a regional test of
our initial model. We need to select four different types of locations
for application within the model, interpreting the resulting
indicators and analyzing them (Olsen et al, 2014; Lim et al,
2018; Ngarambe et al, 2018). The Global Night-time Light
Database (GNLD) is a database primarily reflecting the nighttime
light data of provinces, prefectures, and counties in China (Levin
and Duke, 2012; N et al., 2018).

Utilizing the extraction function of the spatial analysis module in
ArcGIS software, we chose the stable light data of China as our original
research data. We used the 1:4 million vector map of provincial
administrative ~divisions provided by China’s National Basic
Geographic Information Center to crop and overlay the raster data
with the light data (Jiang et al., 2018). This process resulted in our
obtaining the light image of China for 2020, as shown in Figure 3.

The figure clearly identifies three major areas of intense light,
with high brightness concentrated in clusters of cities. These include
the Beijing-Tianjin-Tangshan city cluster as the core of 11 urban
areas with high brightness, the Yangtze River Delta city cluster as the

Frontiers in Energy Research

core of 13 such areas, and the Shandong Peninsula city cluster as the
core of 7 areas (Sciezor et al., 2012).

Among these three main regions of intense light, the Beijing-
Tianjin-Tangshan city cluster has the highest brightness. This
cluster exhibits a moderate number and size of cities with high
brightness, clear data segmentation, and significant differences in
light levels. Compared to the Yangtze River Delta region, data
collection is easier in this cluster. Hence, we selected Beijing as
our designated study area (Luarte et al., 2016).

Given that different types of land can tolerate different
thresholds of light pollution, we measured light pollution-related
index data for downtown Beijing, the suburbs of Beijing, rural areas
surrounding Beijing, and nature reserves within Beijing. We used the
TOPSIS evaluation method for this purpose. The results were
further tested and analyzed using one-way ANOVA (Xiang and
Tan, 2017).

2.3.1 TOPSIS comprehensive evaluation method

The Technique for Order of Preference by Similarity to Ideal
Solution (TOPSIS) is a multi-objective decision analysis method. It
is particularly appropriate for comparing multiple solutions or
objects, enabling the identification of the best solution or the
most competitive object.

frontiersin.org


https://www.frontiersin.org/journals/energy-research
https://www.frontiersin.org
https://doi.org/10.3389/fenrg.2023.1242010

Zhou et al.

10.3389/fenrg.2023.1242010

TOPSIS Score

80

70 4

60

50 A

Score

40 4

30 A

20 S —
N

10 4

T T
Urban Community Suburban Community

FIGURE 4
Four regional scoring line chart.

e Step 1: After calculating the weights of each indicator using the
entropy weighting method, and noting as w;;, Construct the
weighted decision matrix Z, Z; j is the element in the matrix,
the calculation formula is:

Determine the positive ideal solution Z* and negative ideal
solutions Z~

Z" = (23,23, 2},) = {max;Zy|j = 1,2,.,m}.  (11)

Z0 = (2,25 s Z,) = {miniZyj|j = 1,2,..m}.  (12)

Calculate the Marxist distance from the evaluation object to the

positive ideal solution Y* and the negative ideal solution Y-,

respectively.
Distance to positive ideal point:

d(An 2% = (2~ 2V (2 - 22). (13)

Distance to negative ideal point:

d(An2) = \(Zi- 2)' (2 - 2). (14)

Where z —1 represents the inverse matrix of the covariance
matrix of matrix Z. The relative posting progress of the evaluation
object is calculated:

d (Az > Zﬁ)

b= Az +d(AZ) (15)

Where t; is the closeness of the evaluation object to the ideal
solution, the larger t; is, the smaller d(A;, Z") is, the closer the
evaluation object A is to the positive ideal solution, the better the
evaluation results, the lower the level of light pollution risk;
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T T
Rural Community Protected Land Location

Location

conversely, the worse the evaluation results, the higher the level
of light pollution risk.

After calculating, the ratings of light pollution prevention in
urban, suburban, rural and nature reserves in Beijing were obtained
and the results are shown in Figure 4 below.

2.3.2 One-way ANOVA

Based on the above scoring results, we performed a one-way
ANOVA on the biases caused by the indicators in different
environments among them.

One-way ANOVA, also known as one-dimensional ANOVA, is
used to analyze whether there are significant differences in the
means of the dependent variables when individual control factors
are taken at different levels.

The test results are shown in the following Table 3, Table 4 and
Table 5. The level of significance is 0.05 (Note, PL: Protected land,
RC: Rural communities, SC: Suburban communities, UC: Urban
communities).

The results of the quantitative analysis of effects showed that
based on the composite score index, the Eta-squared (1° value) was
0.996, indicating that 99.6% of the variance in the data stemmed
from differences between groups. Cohen’s f value was 15.117,
indicating that the degree of variance quantified by the effects of
the data was a large degree of variance.

One-way ANOVA results in the p-value of “<0.001” <0.05, the
statistical results are significant further prove that different
communities have significant differences in the composite score,
E, (urban community) composite score index 0.167 significantly
smaller than E; (nature reserve) composite index score 0.834,
resulting in the final conclusion Ejg < Ezisk < Esrisk < Earisko
which means that the urban community has the highest level of
light pollution risk.
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—

FIGURE 5
Flow chart of feature selection based on random forest algorithm.

TABLE 3 Chi-square test.

Area type 2

Overall Score Index 0.018 0.015 0.017 0.018 0.396 0.756

The results of the chi-square test showed that for the composite score index, the significance index p-value was 0.756, which was not significant at the level and the data satisfied the chi-square.

TABLE 4 Analysis of variance results table.

Variable name Variable value N Median SD F p
Overall Score Index Protected land 57 0.834 0.018 19804.256 <0.001
Rural communities 67 0.69 0.015
Suburban communities 64 0.488 0.017
Urban communities 76 0.167 0.018
Total volume 264 0.522 0.256 — —

The ANOVA, results were obtained through MATLAB, calculations as shown in Table 4, and the p-value of the ANOVA, results in the table is “<0.0017<0.05, so the statistical results are
significant, indicating that there is a significant difference in the composite score index between different regions.
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TABLE 5 Results of the quantitative analysis of effects.

10.3389/fenrg.2023.1242010

Total deviation Cohen's f

Analysis term Inter-group difference

Composite score index 17.094

Partial 72

17.169 0.996 15.117

2.4 Risk level analysis conclusion

Zoning rules have become a fundamental element in the
establishment of environmental planning. The advantage of
zoning is that once pollution is unavoidable, zoning can narrow
the pollution situation so that it does not harm other environmental
areas. Zoning control cannot completely end environmental
pollution, but it can provide a certain reference for the
development of laws and regulations to prevent environmental
pollution. By referring to the requirements of the International
Commission on Illumination, we divide the specific zoning into
very secluded areas (E;) such as national parks and nature reserves;
low luminance environment (E,): rural communities that do not
belong to E;; medium luminance environment (Ej): suburban
communities that do not belong to E; and E, and high
luminance environment (E,): urban communities with large
activity centers.

Based on the Beijing Municipal Commission of Urban
Management, the Global Night Light Database and other
indicators data of Beijing, China, after preliminary substitution
into the TOPSIS evaluation method model, we obtained the
scores of Beijing urban, suburban, rural and Beijing nature
reserves on light pollution prevention and control as shown in
Figure 4, the scores of the four communities have significant
differences, E, (urban communities) scores between the interval
15-25 points is much smaller than the interval score of E; (nature
reserves) 90-100, from which we can get the preliminary conclusion
community brightness environment and light pollution risk level
into a positive relationship.

3 Optimizing urban lighting policies
based on non-linear programming
models

3.1 Selection of key indicators

3.1.1 Random Forest Algorithm

Since there are many factors affecting light pollution, in order to
determine the specific content of the policy, we use the random
forest feature selection method to obtain the importance of the
feature indicators, and select the top three important features as the
indicators for evaluating the effect of the policy. Corresponding
solution measures are proposed according to the first three
important indicators.

Step 1. Algorithm principle steps: random forest is an integrated
learning algorithm that consists of several weak classifiers combined
into one strong classifier. A number of subsets are obtained from the
original dataset with put-back sampling, and random features are
selected for each decision tree on the basis of bagging. These m
samples are modeled as m decision trees (Mishina et al., 2015;
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Schonlau and Zou, 2020). Finally, the results are obtained by voting
through these m decision tree models. The specific steps are as
follows:

Olnput training set D.

OForm k training subsets Dy using bootstrap sampling.
<ORandomly select m features from the original features.
OTrain the training subset Dy, and make the optimal cut of the m
randomly selected features, resulting in k decision tree
predictions.

OVote on the k prediction results to find the prediction result
with the highest number of votes. The random forest step
diagram is shown in Figure 5.

Step 2. Feature Importance Evaluation: the random forest model
uses feature importance assessment to determine which features are
most relevant. Feature importance assessment measures the predictive
power of features for the target variable. In this code, feature
importance assessment values are obtained by calculating the
average reduced impurity of each feature across all decision trees.
The calculation of the average impurity may vary from
implementation to implementation, but the most commonly used
metric is Gini impurity or entropy. We denote the variable importance
measures (VIM) by VIM and the Gini index by GI. Suppose there are J
features Xy, X3, ..., Xj, I decision trees and C categories, now we want
to calculate the Gini index score for each feature X; (Jing Zhu et al,,
2022). The Gini index of the ith tree node q is calculated as:

Jc|

i , .
GIY =3 Y ey =1-2(p)

c=1 ('+¢ c=1

(16)

Where C denotes that there are C categories and P, denotes the
proportion of category ¢ in node q.

According to the parameters of max depth, min samples split,
min samples leaf of the decision tree and the number of trees and
maximum number of features of the decision tree in the random
forest, the data were trained to obtain the results of the importance
ranking of light pollution risk level indicators features, as shown in
Figure 6. The top three ranking of the feature indicators are: street
Light Brightness (SLB), Lighting Hours (LH), Energy Cost (EC).

3.2 Three intervention strategies

Based on the first three important indicators (SLB, LH, and EC)
derived from the portfolio assignment method, we propose the
following three policy characteristics, respectively:

>LH: n establishing ecological safety standards for lighting and
reducing non-essential light hours.

Outdoor lighting is to provide a light environment for people’s
nighttime activities. When people’s activities gradually decrease, the
government can selectively turn off some of the lighting fixtures in
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Policy indicator ranking.

different time periods, and keep only those essential safety lighting
to reduce the non-essential light hours (Olsen et al., 2014; P et al,,
2020; Kollath et al., 2016). At different times according to the size of
the flow of people to adjust the intensity of light, in the weekend or
holiday lighting hours can be extended. This will not only reduce
light pollution, but also save a lot of electricity for lighting, saving
energy, and at the same time for the night star visibility, night
wildlife activities, etc. Are improved (Pichardo-Corpus et al., 2020; P
et al., 2020).

>SLB: adjustment of urban night lighting design, scientific and
reasonable cloth light distribution.

The government’s night landscape construction must be
considered from the energy and environmental aspects, and
be otherwise the effect
counterproductive. The main function of night lighting is

construction must moderate, is
lighting, followed by beautification, lighting a certain light
intensity can be. Night lighting should be designed according to
the needs and take into account ecological factors (Kollath et al,
2016; Esposito and Radetsky, 2023).

Light pollution is largely caused by the unreasonable
distribution of lights and lamps: on the one hand, it is related to
the way and number of lights, and on the other hand, it is related to
the beam angle and light direction of lamps (Jiang et al., 2017a;
Guanglei et al, 2019). Therefore, the government should make
reasonable use of the uneven distribution of brightness in space
or time to decorate the city night scene when laying lights. At the
same time, control the brightness of advertising lighting fixtures and
precisely control the angle of light projection. Minimize the use of
uplighting to illuminate the plants, and as far as possible to avoid
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plant lighting to the sky (Saraiji and Oommen, 2012; Ziou and
Kerouh, 2018).

>EC: reasonable planning of urban lighting patterns to reduce
energy costs.

By designing a reasonable and scientific lighting plan for the city,
the government can plan the urban lighting pattern, improve the
lighting efficiency by controlling the lighting installation area and
reasonably adjusting the lighting light range, which can give greater
play to the lighting function and reduce the energy use cost under
the same light brightness (Jiang et al., 2017b).

3.3 Optimal policy choice based on
nonlinear optimization algorithm

In order to thoroughly investigate the effects of the above three
policies on light pollution levels in Beijing, a nonlinear optimization
algorithm will be used in this paper. The nonlinear algorithm
involves mathematical programming that contains nonlinear
It
constrained optimization problem using the Sequential Least

constraints or objective functions. aims to solve the
Squares Programming in the case of adhering to a set of
equations or inequalities. Then, by means of iterations, the
optimal combination of parameters for the objective function is
found such that the total cost is minimized. In this case, at least one
objective function or constraint is composed of nonlinear unknown
quantities.

Subsequently, this paper will determine the minimum total cost

and the optimal solution for the corresponding variables under the
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Non-linear programming viewable.

This will be achieved
by limiting the total cost associated with the use of streetlights.

combined strategy according to the algorithm.

3.3.1 Model assumptions

e Street light bulbs uniformly have a power rating of 400 W.
Even in unforeseen circumstances where the bulb may fail, the
brightness of the bulb remains consistent regardless of usage.
The less the cost of the bulb length of use is linearly related.
Nighttime social crime rate and traffic accident rate is only
related to lighting brightness, independent of other factors
In this model, we postulate that for every increase of
1,000 lumens, the nighttime social crime rate and traffic
accident rate each decrease by 10%. These decreases are
seen as the societal benefits of enhanced luminosity and are
thus subtracted from the total cost.

3.3.2 Algorithm implementation

Based on the previous assumptions, we can derive the following
expression for the total cost: Total cost is equal to the sum of price
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cost and social cost. Let
cost of the lamp, ‘UT
represents the brightness of the lamp, and ‘LS’ symbolize the

‘P’ denote the total cost, ‘P1’ represent the
denote the usage time of the lamp, ‘B’

lifetime of the lamp. We set a range of values for each parameter
as constraints. The initial guess for the objective function is [20,
5,000, 11], which is a reasonable initial value because it is within the
range of our parameters. Then by iterating, the objective function
finds the optimal combination of parameters.

P = P, +400*UT — L§*0.2* (B — 3500)/1000 (17)
P, € {10,20, 30}
St4 B e [3500,6500] . (18)

UT € [10,12]

The results obtained from the python run are shown as Figure 7.
The image generated using Python is a 3D visualization of the
solution as well as a three-view. The horizontal coordinate
represents the cost of the lamp, the vertical coordinate represents
the brightness of the lamp, and the vertical coordinate represents the
time the lamp is used. The color scheme on the 3D graph reflects the
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total cost. In general, the darker the color, the smaller the total cost
value, and the lighter the color, the larger the total cost value.
The visualization chart allows us to visualize the impact of the
cost, brightness and usage time of the lamps on the total cost, and
shows the impact of different combinations between them on the
total cost. The darkest area of the graph corresponds to the lowest
total cost due to the combination of cost, brightness and usage time.
The one marked by the red arrow is the optimal price. The
lowest cost is achieved when using a bulb with a price of about $10, a
brightness of about 5,000 lumens, and a usage time of 10 h. This
result suggests that implementation of this policy could reduce
nighttime crime and traffic accidents while keeping operating
costs within reasonable limits. Therefore, this policy appears to
pose less risk to the community while achieving optimal results.

4 Conclusion and prospect
4.1 Conclusion

Light pollution as an academic concept, the definition of light
pollution not only needs to have a scientific basis and logical rigor, the
most important is the need to establish measurable technical indicators,
the light caused by the adverse consequences of modern technology
through the monitoring means by quantitatively determining the
severity of light pollution with a set level, so that the treatment of
light pollution is operable. First of all, this paper in the existing light
pollution research, based on the TOPSIS evaluation method based on
the combination of weights ideal point method evaluation model in the
selection of the three primary indicators and 15 secondary indicators
initially established the light pollution risk level evaluation system, and
strive to build a more complete light pollution prevention and control,
detection and monitoring of the barrier.

Secondly, zoning rules have become a fundamental element in
the establishment of environmental planning. Although current
research shows that the zoning approach cannot be the ultimate
means of controlling environmental pollution, it provides favorable
conditions for local optimization of governance and zoning to
develop appropriate and effective laws and regulations for
preventing and controlling environmental pollution. In this
paper, we apply the established risk level evaluation model based
on the zoning rules to the four types of land in Beijing, China:
protected land, Rural Areas, Suburban Areas and Urban
Communities. The model is substituted into the land data to
derive the light pollution prevention and control levels and
comprehensive index scores of the four land types, and according
to the principle that the lower the index score, the higher the
pollution risk level, the pollution risks of the four locations are,
from low to high, as follows: protected land location (0.834), rural
(0.690), (0.488), urban
communities (0.167), and the evaluation results of the four lands

communities suburban communities
were statistically tested using one-way ANOVA to enhance the
reliability and confidence of the evaluation results.

Finally, based on the Random Forest algorithm, this paper takes
the top three variables of feature importance weight ranking Street
Light Brightness (SLB), Lighting Hour (LH), and Energy Cost (EC)
as the decision variables, and adopts the nonlinear optimization
algorithm to establish the objective function, aiming at the
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minimum of the total sum of the price cost and the social cost,
to achieve the maximum reduction of the light pollution level. Based
on this, three specific possible light pollution solutions are proposed
for urban communities with the highest pollution risk levels. These
include establishing lighting eco-safety standards, reducing non-
essential lighting hours, adjusting urban nighttime lighting design,
and implementing scientifically sound light distribution, strategies
designed to promote the healthy and sustainable development of
urban nighttime lighting.

4.2 Prospect

In recent years, with the increasingly serious problem of light
pollution at night in cities, the problem of ecological light pollution
has also surfaced, and the range of species disturbed by light pollution
is also getting wider and wider, and the ecosystems from the air to the
land to the water are all likely to be affected by light pollution, and the
hazards of light pollution to the global ecosystem should not be
ignored, but there is no uniform standard in the global light pollution
prevention and control technology, and the existing light pollution
technology existing light pollution regulations and technical
guidelines mainly focus on the limitation of brightness and
illuminance from the perspective of lighting design. Therefore, it is
necessary to establish a light pollution risk evaluation system as well as
measurable technical indicators from the perspective of protecting the
ecosystem, so as to establish quantitative standards and guidelines for
the universal monitoring and prevention of nighttime sky pollution.
The evaluation system of light pollution should be further deepened,
tested and improved through demonstration projects, and the
research results should be used as part of the environmental
monitoring system and norms, so as to make positive theoretical
discussions for the establishment of global standards and regulations
for light pollution prevention and control.
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