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Abstract: In order to address the problem of the reliability of current environmental pollution assessment methods, a comprehensive
assessment method of environmental pollution in tourist scenic spots based on improved principal component analysis was proposed.
First, air, water, and soil pollution for data tourist attractions in the top 5 metropolitan cities of India are collected. Then, the original
pollution data are cleaned, the data clustering method is used to classify the pollution data, and the comprehensive evaluation index
system of environmental pollution in tourist attractions is established. Finally, the comprehensive evaluation method is implemented to
calculate the evaluation values of various indicators, and the comprehensive assessment results of pollution at tourist attractions are
obtained. The experimental results show that the correlation of the evaluation index is always controlled above 0.90, the convergence

rate of the method is fast, the optimal solution can be approached within 150 iterations, and the application effect is good.
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1. Introduction

With the development of the economy, people’s leisure lives
have gradually shifted from traditional watching movies and
gatherings to outdoor activities, tourism, and other activities. As a
result of this, the development of the global tourism industry has
been significantly improved. Furthermore, the findings indicate
that the effect of air, water, and soil pollution on tourism income,
tourist flow, tourist expenditure per capita, and duration of stay is
non-linear. Pollution in the tourist business occurs in various
forms, including increased emissions related to transportation and
a higher requirement for electricity, and solid waste. The public
was involved in the co-design of efficient solutions to air
pollution problems through the use of a citizen science approach
in which a real-time live air pollution data tool was developed [1].
Soil and food ecosystems are diversely affected by heavy metals
and effects on human health and ecosystems through biologically
cumulative [2]. Implementation of effects on the Internet of
Things with the particulate matter network (PMN) of sensors
which are economical with large numbers and with high
spatiotemporal resolution and collection frequency with flexible
distribution points was established for tracking and locating the
air pollution sources [3]. At the same time, the development of
the tourism industry has also exacerbated environmental pollution,
such as noise pollution, water pollution, and solid waste pollution,
causing a series of environmental problems in tourist attractions.
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These problems not only affect the local ecosystem but also
constrain the further development of the tourism economy.

Almost the entire world population (99%) breathes air that
violates WHO air quality regulations, which endangers their
health. A record number of over 6000 cities in 117 countries are
now monitoring air quality, yet residents continue to breathe
harmful amounts of small particulate matter (PM) and nitrogen
dioxide, with low- and middle-income nations suffering the most.
A large number of death counts were reported (Figure 1) due to
the emission of various air pollutants in millions of tons in the
atmosphere (Figure 2) for the last 45 years. The reported death
rate due to outdoor air pollution in 30 years where India has
ranked second after China (Figure 3) therefore, more and more
scholars believe that protecting and improving the environment of
tourist attractions, improving environmental quality, and achieving
sustainable development of tourist attractions are the only
directions to achieve long-term development of the tourism industry.

Measurement data of realistic utilization of photochemical air are
collected which ushers in a new age of regulatory applications at
various geographical scales. It reduces inherent uncertainties and
provides a realistic portrayal of atmospheric dynamics [4, 5]. The
environmental issues in tourist attractions are a complex issue that
involves multiple sources of pollution and environmental factors.
The comprehensive evaluation method can comprehensively
consider various factors, thereby more accurately reflecting the
environmental conditions of the scenic area. Therefore, taking
heavy metal pollution in scenic soil [6], after collecting soil surface
samples, the content of 8 heavy metal ions and soil pH values was
analyzed. Then, a combination of correlation analysis and the
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Figure 1
Absolute number of deaths reported from particulate air
pollution in 25 years

Absolute number of deaths from ambient particulate air
pollution, 1990 to 2015

Absolute number of deaths per year attributed to ambient (outdoor) particulate matter (PM2.5) air
pollution
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Figure 2

Emission of various air pollutants in million tons for 45 years
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Annual emissions of various air pollutants, indexed to emission levels in the first year of data. Values in 1970 or
1990 are normalised to 100; values below 100 therefore indicate a decline in emissions. Volatile organic
compounds (VOCs) do not include methane emissions.
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Figure 3
Reported death rates due to outdoor air pollution in 30 years

Death rate from indoor air pollution vs. share in extreme poverly, 2022 OV
Age-standardized death rates from illness attributed to household air pollution from solid cooking fuels, measured

per 100,000 individuals versus the share of the total population living below the International Poverty Line of $2.15

per day.
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positive definite matrix factorization model was used to share the
pollution load index and potential ecological risk index, summarize
the content and spatial distribution characteristics of heavy metals in
surface soil, and carry out pollution evaluation. Taking groundwater
pollution as an example, after selecting relevant evaluation
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indicators, the objective and subjective weights of the indicators
were determined using the analytic hierarchy process and the entropy
weight method, respectively. Then, a game theory aggregation model
was used to calculate the comprehensive weights of the indicators.
Finally, a risk assessment model was constructed to address the
differences in conditions within the scenic area site. The emission of
pollutants is the direct cause of environmental quality deterioration
[7]. The entire method collected data on the discharge of solid waste
from scenic area wastewater and used the factor analysis method to
start from the direct reasons affecting environmental quality.
Farmland, as a federally protected land resource, is essential in
agriculture productivity and food safety, making soil quality and
environmental health critical. Thus, researching the level of soil
heavy metal contamination in farmland is very important for
understanding the growing environment of food crops and
conserving agricultural land resources [6]. The dual non-point source
model was developed by the China in which it has been observed
that the catchment area’s farmlands and rural and urban residential
areas pose the greatest danger of non-point source contamination to
soil and natural water resources [7, 8]. The main factors affecting
environmental quality were analyzed and summarized, and based on
this, evaluation indicators were selected according to the main
influencing factors to conduct a comprehensive evaluation of the
pollution status. High-resolution numerically backward and forward
tracer experiments were conducted concerning air pollution [9] and
marine oil pollution in Indonesian waters [10, 11]. However, in
practical applications, it has been found that the traditional methods
mentioned above do not comprehensively and comprehensively
analyze existing pollution data, and the selected evaluation indicators
have poor correlation, resulting in low reliability of evaluation
results. Figure 1 shows the absolute number of deaths reported due
to particulate air pollution in 25 years. It mainly shows that as
compared to Japan, the United Kingdom, Argentina and a more
absolute number of death due to air pollution in India and China.

Due to the important significance of environmental quality and
tourism economic development in tourist attractions, a thorough and
scientific analysis of the current level of environmental quality in
tourist attractions is conducted. The data are collected from the
various pollution controlling and measurement authorities in India
that measure the level of pollution across the most polluted cities
of the country. The PM data are collected for the Capital City of
India, i.e., Delhi city, and the frequency distribution of PM 1, PM
2.5, and PM 10 values is reported in Figure 4. The air quality data
in the top 5 metropolitan cities of India are also collected, and
maximum air pollution is reported in Delhi with an average value
of 121 in comparison to other cities of the country (Figure 5).

Principal component analysis (PCA) is useful in a variety of
domains, including  population  genetics, = microbiome
investigations, and atmospheric science. It is an analytical
approach that includes identifying the linear combination of a set
of variables with the greatest variation and reducing its influence,
then repeating the process. When applying PCA, the first principal
component of a collection of variables is the derived variable,
which is generated by linearly combining the original variables
and explains the most variation. The primary components are a
linear arrangement of the initial variables in the dataset, arranged
in decreasing order of importance. This study applies improved
PCA technology and proposes a new comprehensive evaluation
method for environmental pollution in tourist attractions. It is
predicted that this method can offer additional theoretical
references for the comprehensive evaluation of environmental
pollution in tourist attractions. The specific content of this method
is set as follows:
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Figure 4
Frequency distribution of PM 2.5 value across Delhi and Pune
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determines a main vector that optimizes the summation of the second
Figure 5 powers of principal components [12]. By introducing a weight matrix,
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1) Collect air pollution data, water pollution data, and soil pollution
data from tourist attractions separately, and store them uniformly
on the data platform to provide a data foundation for subsequent
processes.

Clean the raw pollution data collected above, remove duplicate
values from the data, and then classify the sample similarity
and similarity characteristics of the pollution data through

clustering processing.

2)

Considering that, there may be non-linear relationships between different
indicators in the evaluation of environmental pollution in tourist
attractions and conventional PCA methods are difficult. In these non-
linear relationships, which may lead to distorted results, the PCA
method is improved through weighted assignment. Established PCA

the analysis of indicator correlation is supplemented, and the
influence of the main indicator components is highlighted. The
principal components selected from this are the available evaluation
indicators, and then, a comprehensive evaluation index system for
environmental pollution in tourist attractions is established.

After establishing an evaluation index system, the entropy method
is used to calculate the evaluation values of various indicators in the
index system. After layer-by-layer aggregation, the final
comprehensive evaluation result of pollution in tourist attractions is
obtained, and the evaluation results are classified into levels.
Hyperspectral images were used to extract vegetation reflectance from
polluted and control controlled. A sturdy correlation was reported
between total petroleum hydrocarbons concentrations in soil and
ground-assessed data, indicating that oil pollution changed pigment
material in vegetation growing on impacted transects [13, 14].

Most of the earlier researchers have studied various analytical,
experimental, and numerical investigations of environmental pollution.
They mainly presented their findings worldwide. In the current study,
we have mainly focused on environmental pollution data of five
metropolitan cities of India and predicted that the comprehensive
evaluation method should be implemented in this analysis.

2. Collect Environmental Pollution Data from
Tourist Attractions

Due to the complex structure and extensive content of
environmental pollution data in tourist attractions, in order to
better complete the data collection work, the collection of
environmental pollution data in tourist attractions is divided into
three parts: air pollution data collection, water pollution data
acquisition, and soil pollution data gathering.
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2.1. Air pollution data collection

At present, the data obtained from the air pollution monitoring
station in the location of the tourist attraction will be used as a sample
of air pollution data for this study. Due to the large sample size of air
pollution data, direct use will increase the difficulty of data processing
in subsequent stages [15-19]. Therefore, first, monitor the air quality
of tourist attractions and export all obtained air pollution data. The
data are divided and processed by monitoring point equipment
numbers. Then, divide the data of all monitoring points into days. In
addition, set the sample data as daily atmospheric monitoring values.
Arrange and combine them to obtain an air pollution dataset.

After the dataset construction is completed, the data are
normalized to obtain the original air pollution data sample.

The normalization process is as follows:

XAO — minXAo

X = . 1)
maxXj,o — minXj, o

Among them, X, represents the original air pollution data of tourist
attractions; minXyo and maxXy, represent the minimum and maximum
values in the dataset, respectively [20]. By using Equation (1), the
original air pollution data of tourist attractions is transformed into the
range of (0, 1), thereby completing the normalization processing of the data.

2.2. Collection of water pollution data

In this study, the collection of water pollution data in the tourism
environment was divided into two parts: sensor collection and data
transmission. In the water area of tourist attractions, water quality
monitoring sensors are used to collect data on pH value, dissolved
oxygen, total nitrogen, total phosphorus, etc. For the convenience
of data collection and organization, the collection cycle is set to
collect water body data every 5 working days [21, 22]. After data
calibration, the collected data are sent to the server or cloud
platform through wireless communication or wired transmission,
stored in a fixed data format for water body data and backup. The
calibration results of water pollution data are as follows:

_ Xwo — Qw
14

X (2)

Among them, Xj, represents the sensor reading, Oy represents the
blank reading, and y represents the sensor calibration coefficient.

2.3. Soil pollution data collection

Collect basic geological information about tourist attractions,
including key data such as their geographical location, area, and main
attractions, and determine the targets for soil pollution data collection,
such as detecting the types, concentrations, and spatial distribution of
pollutants [13, 23]. Select soil pollution data collection points based
on terrain and topography. Based on the type of target pollutants,
organize and analyze the detection data, calculate the pollutant
concentration and exceedance multiples at each sampling point, and
based on the calculation results, to visually display the soil pollution
situation, establish a spatial distribution map of pollutants as follows

() * ofi)
2 (i)
Among them, XS represents the concentration value of soil pollutants

at coordinates (i, j); f (i, j) represents the observed concentration of
soil pollutants at coordinates i,j; represents the weight at i,j [12].

X €)
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After organizing the data collected from the above three parts in the
specified format, they will be uniformly stored in the comprehensive
evaluation data platform for environmental pollution in tourist
attractions, providing a data foundation for subsequent stages [24].

3. Preprocessing of Environmental Pollution Data
in Tourist Attractions

Due to the presence of a substantial number of duplicate values
in the original data, a data-cleaning step is required. The data-
cleaning process in this study is set as follows:

« Firstly, detect and analyze the data from the original pollution data
source and develop a data-cleaning plan.

» Then, execute a cleaning plan to clean various issues in the data
source. Based on the current data characteristics, remove
redundant data from the data and interpolate data gaps to ensure
data integrity [25, 26].

Finally, after executing the cleaning plan, the data that meet the
requirements after cleaning will be returned to the data source.

Based on the diversity of polluted data, clustering algorithms were
used to classify the sample similarity and similarity characteristics
of the original polluted data based on data cleaning. Furthermore,
the clustering processing of the data was further completed based
on the degree of familiarity between the polluted data [27-29].

Given the original pollution data set X = {X,, XW, XS}, Cy
represents the basic features of the pollution data, and the number of
features is set to N. Perform cluster analysis on data features, choose
k initial cluster centers, and appoint each sample to the category for
closely located cluster center. For each category, / calculate the
average or other representative statistic of all samples in that category
and use this statistic as the new cluster center. Then reassign each
sample to the category where the nearest cluster center is detected.
After each iteration, count the number of samples in class i. If P; is
set to represent the number of samples included in class i, then:

Cj* 1;
X

p 4)
Among them, i € N, ri represents the average value of the data
sample.

Assuming k; represents the clustering center of the i-th type of
pollution, the clustering result of the i-th type of pollution data can
be expressed as:

(5)
Among them, m represents the number of cluster centers.

4. Constructing a Comprehensive Evaluation
Index System Using Improved PCA Method

After processing the environmental pollution data of tourist
attractions, this study considers improving the PCA method to
construct a comprehensive evaluation index system for
environmental pollution in tourist attractions. The conventional
PCA method is a commonly used multivariate statistical analysis
method, which mainly focuses on the covariance and variance
structure of the data, ignoring the correlation between indicators
[28, 29]. However, in the evaluation of environmental pollution in
tourist attractions, there may be non-linear relationships between
different indicators, such as the concentration of certain pollutants
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and the intensity of tourism activities. Conventional PCA methods
make it difficult to handle effectively these non-linear
relationships, which may lead to information loss and distorted
results. Therefore, this study improves the PCA method through
weighted assignment, introduces a weight matrix to supplement the
analysis of indicator correlation, and highlights the influence of main
indicator components, making the evaluation results more accurate
and reasonable.

If the preprocessed pollution data are set as X, X5, ..., Xy
according to categories, and the pollution data of each category
are independent of each other, the original pollution indicators can
be expressed in the following form:

IX; = esu; x —

X,
IX, = e;su, x —
i

IXy = eysuy * Xy (6)
1

Among them, e;, e, ..., ey represents the -eigenvectors
corresponding to the multiple eigenvalues of the covariance
matrix of the target indicator, and suy, su,, ..., suy represents the
pollution indicator weights set according to the current pollution
management requirements.

On this basis, the steps for improving PCA will be set as follows:

1) Based on the category of pollution data samples, preliminarily set
the number of comprehensive evaluation indicators for pollution.
Eliminate dimensional differences between pollution indicators
and standardize them [30].

2)

3) Using standardized indicators, establish their correlation
coefficient matrix E = [IXy],,-

4) For the correlation coefficient matrix, based on the eigenvalues
¢y, principal component contribution rate a, and cumulative
variance contribution rate f of the original data, establish the
weight matrix of the indicators as follows:

CN KOk
WP gy 7)
N
5) By using the weight matrix to evaluate the indicators, the

improved evaluation indicators are as follows:

®

Xy = Xy * oy

In the PCA method improved by the weighted assignment mentioned
above, the principal component is the comprehensive indicator
obtained through weight matrix and correlation coefficient matrix
analysis. Based on this, a comprehensive evaluation index system
for environmental pollution in tourist attractions is established as
shown in Table 1 [31].

4.1. Realize comprehensive evaluation of
environmental pollution in tourist attractions

Once the evaluation index system is reformed, the entropy method
is used to calculate the evaluation values of various indicators in
the index system. After layer-by-layer aggregation, the final
comprehensive evaluation result of pollution in tourist attractions is
obtained. The systematic process to be followed is given below:

Step 1: Calculation process of three-level indicator
evaluation index:
1) When the indicator is a positive indicator, there are:
F.
D, == 9
E, )]
2) When the indicator is negative, there are:
E;
D, =— 10
P T, (10)

Among them, D; represents the evaluation value of the target
indicator; E; represents the actual measurement value of the target
indicator; F; represents the standard value of the target indicator
[31, 32].

Step 2: The calculation process of the secondary indicator
evaluation index is as follows:

R, = E ?11 e;D;

Among them, R; represents the secondary indicator of the target, m
represents the number of indicators in this indicator layer, and e;
represents the information entropy of each indicator in this indicator
layer. The calculation method is as follows:

(1m

Table 1
Comprehensive evaluation index system for environmental pollution

Primary indicator Secondary indicators

Three-level indicators

Pressure Indicator The pressure of tourist attractions

Pressure from pollution
Status Indicator The current development status of
tourist attractions
The current situation of pollution

Environmental
pollution Indicator

Comprehensive evaluation index system
for environmental pollution.

Per capita consumption expenditure of tourists’
per capita wastewater discharge
* Per capita solid waste generation
* Per capita smoke and dust emissions per capita GDP
The proportion of the tourism industry to GDP green
plant coverage rate
Per capita water resources Airborne inhalable
particulate matter content
A comprehensive evaluation of pollution in tourist attractions
using principal component analysis method.
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Table 2
Classification criteria for comprehensive evaluation of pollution in tourist attractions

Grade scoring The result of Zi

Valuation

1 >0.85

I 0.70-0.85
111 0.60-0.70
v 0.30-0.60

v <0.30

The ecosystem of tourist attractions is relatively complete, with a high
level of balanced development and low pollution levels

The ecological system of tourist attractions is relatively complete, the
level of sustainable development is average, and the degree
of pollution is relatively low

The level of sustainable development is average, the pollution
level is relatively severe but meets the requirements, and the
natural and economic development is not coordinated.

The obstacles to sustainable development are relatively low,
the degree of pollution is severe, and the natural and
economic development is not coordinated.

The ecosystem of tourist attractions has been damaged,
with serious obstacles to sustainable development, severe pollution,
and uncoordinated natural and economic development

(12)

Through the above formula, a comprehensive evaluation of
environmental pollution in tourist attractions was conducted, and
corresponding values were obtained. In order to more intuitively
display the evaluation results and the environmental quality of the
scenic area, it is necessary to define the evaluation results, as shown
in Table 2.

Enter the calculation of Equation (12) into Table 2 and obtain the
final comprehensive evaluation and results of environmental pollution
in tourist attractions based on corresponding values [33].

5. Overview of the Research Area

The selected experimental area is located between 30 °-32 °N and
117 °—120 °E, and the scenic area contains two parts: cultural and
natural landscapes. The temperature range of this scenic area in 2022
is between 17.5 °C and 18.5 °C, with extreme highest temperatures
ranging from 36.5 °C to 41.0 °C and extreme lowest temperatures
ranging from —5 °C to —1.5 °C. The annual precipitation is 1100.6
mm~2160.8 mm, mainly caused by typhoon and plum rain. The pH
value of the precipitation is 5.0, and the acid rain rate is 80%. The
acid rain type is sulfuric acid; the total annual sunshine hours are
1305.9-1720.5 h. In this study, corresponding water quality
monitoring, air monitoring, soil monitoring, and fixed waste
monitoring devices were used to collect pollution data from this
tourist attraction and integrate it into the target database. Currently,
this database contains 125451 pieces of water pollution data; 147185
air pollution data; 168542 pieces of soil pollution data; and 321547
fixed waste pollution data. A total of 762725 articles. Using the
above data as the data foundation, complete a comprehensive
evaluation of environmental pollution in tourist attractions.

5.1. Experimental indicators

Experimental methods of the presented work are compared with
the methods [18, 19], to highlight whether the method of this paper
has the value of promotion and application in practical work. In the
experiment, the application performance of three methods was
analyzed using the following indicators.
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1) Data recall rate: Due to the significant dimensional differences
and complex overall categories of the collected raw pollution
data, there may be situations where some data cannot be
identified and processed, which may affect the final evaluation
results. To obtain more reliable evaluations and results, it is
necessary to calculate and analyze the data recall rate.

Data convergence speed: This indicator refers to the speed at
which the data sequence approaches the limit value. The fast
convergence speed means that the method can achieve the
predetermined accuracy requirements with less iteration,
thereby improving computational efficiency. This is
particularly important for processing large-scale environmental
pollution datasets, as fast convergence speed can reduce
computation time and resource consumption.

Indicator correlation: It evaluates the degree of correlation
between various environmental pollution indicators. By
analyzing the correlation of indicators, it can be determined to
handle effectively whether the correlation between each
indicator is close and their contribution to the overall
environmental pollution comprehensive evaluation system.

2)

3)

5.2. Experimental results and analysis

5.2.1. Data recall analysis

The data recall of different methods was tested, and the results
are shown in Table 3.

After analyzing the data in Table 3, it has been observed that there
are significant distinctions in the data query rates of the method of this
paper, method [18], and the method [19] for different types of pollution
data. Among them, the method of this paper can control the data query
rate to be above 98%, while the method [18] has a data query rate

Table 3
Experimental results of data recall rate (Unit: %)

Method of Method Method

Data type this paper [18] [19]
Water pollution data 98.5 95.5 94.0
Air pollution data 98.5 96.2 96.2
Soil pollution data 99.0 96.0 93.1
Fixed waste pollution data 99.1 95.4 94.0
Comprehensive Pollution data 98.0 96.6 93.6




Archives of Advanced Engineering Science \Vol. 00

Iss. 00 2024

Table 4
Experimental results of convergence speed of
indicator data (unit: times)

The number of

iterations of the The number of = The number
Data method of iterations of of iterations
volume/piece this paper method [6] of method [7]
100000 50 100 50
200000 50 100 50
300000 100 150 100
400000 100 150 150
500000 150 200 150
600000 150 300 200
700000 150 300 200

between 95% and 96%. Compared to these two methods, the data query
rate of method [19] fluctuates slightly, with values ranging from 93.1%
to 96.2%. Based on the above-performed experimental results, it can be
determined that the method of current research findings has strong data
processing capabilities.

5.2.2. Analysis of data convergence speed

During the experiment, 100000 pieces of data were used as the
initial data, and an additional 100000 pieces of data were added for
each experiment until all the data were converged. The convergence
effect of different methods was determined by comparing the number
of iterations. The particular experimental results are reported in
Table 4.

By comparing the data in Table 4, the following conclusion can
be drawn: the convergence speed of the method [18] is relatively
slow, and more iterations are required to achieve the target value
under the same amount of data. Through specific analysis, it can
be found that this method does not involve data preprocessing and
directly classifies the data, resulting in slower data convergence
speed. The convergence speed of method of this paper is fast, and
it can approximate the optimal solution within 150 iterations,
thanks to the use of data preprocessing in the method of this
paper. The convergence speed of the method [19] is between the
method of this paper and method [18], with moderate
performance, which can improve the convergence speed to a
certain extent. By comparing the convergence rates of different
methods, it can be determined that the method of this paper
performs the best in this experimental stage.

5.2.3. Index correlation analysis

In this experiment, the correlation of indicators was set as type
parts: the correlation between indicators of the same type and the
correlation between indicators of different types. The experimental
results are reported in Figure 6.

Analyzing Figure 1, it has been observed that the method of this
paper can consistently control the correlation of evaluation indicators
above 0.90. The correlation between the indicators of method [18]
and method [19] is relatively close, maintaining between 0.85 and
0.90. By contrast, after applying the method of this paper, the
correlation between various evaluation indicators becomes closer.
In this case of method [6] indicates to indicator correlation in the
range of 0.85 to 0.88 (Decreasing) whereas method [5] indicates
to indicator correlation in the range of 0.88 to 0.85 (Increasing).
This can improve the contribution of the indicators to the overall
environmental pollution comprehensive evaluation system.

Figure 6
Index correlation of different methods
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6. Conclusion

This study designed a comprehensive evaluation method for
environmental pollution in tourist attractions based on improved
PCA. This method first collects air, water, and soil pollution data
from tourist attractions and then cleans and classifies these
pollution data. The data are collected over a few years in the top 5
metropolitan cities of India, wherein New Delhi city has reported
the maximum air pollution compared to other cities. Then, by
introducing a weight matrix to improve the PCA method, an
evaluation index system is established. Finally, the comprehensive
evaluation method is used to calculate the evaluation values of
various indicators and determine the pollution evaluation level.
The experimental results obtained show that this method has the
characteristics of high data query rate, high correlation of
evaluation indicators, and fast convergence and can effectively
evaluate the environmental pollution situation of tourist attractions.
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