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Abstract: The ecological environment is the basis of human survival and development. Effective meth-
ods to monitor the ecological environment are essential for the healthy development of human settle-
ments. At present, methods based on remote sensing images and other basic data have played key
roles in ecological environment monitoring, providing support for decision-making on local ecological
environment protection. However, these data and methods have obvious limitations. On the one hand,
they cannot reflect the feelings of human beings about the ecological environment in which they live.
On the other hand, it is difficult to capture more detailed information about the ecological envi-
ronment. Non-professional observation data represented by social media describe the ecological
environment from the perspective of the public, which can be a powerful supplement to traditional
data. However, these different data sources have their own characteristics and forms, and it is
difficult to achieve efficient integration. Therefore, in this paper, we proposed a framework that
comprehensively considers social media, remote sensing, and other data to monitor the ecological
environment of a study area. First, the framework extracted the ecological environment-related infor-
mation contained in social media data, including public sentiment information and topic keyword
information, by integrating algorithms such as natural language processing and machine learning.
Then, we constructed a social semantic network related to the ecological environment based on the
extracted information. We used a remote sensing image and other basic data to analyze the ecological
sensitivity in the study area. Finally, based on the keyword with spatial location attribute contained in
the social semantic network, we established the link between the constructed network and the results
of ecological sensitivity analysis to comprehensively analyze the ecological environment in the study
area. The comprehensive analysis results not only reflect the distribution of ecological vulnerability
in the study area, but also help identify specific areas worthy of attention and the ecological problems
faced by these areas. We used the city of Sanya in China as a case study to verify the effectiveness of
the method in this paper.

Keywords: social media; remote sending; ecological sensitivity analysis; social semantic network;

ecological environment monitoring

1. Introduction

The continuous intensification of human activities has brought unprecedented pres-
sure to the healthy development of the ecological environment. It has caused a series of
serious ecological environmental problems, such as abnormal climate change, the destruc-
tion of biodiversity, etc., which threaten the sustainable development of society. With the
development of science and technology, the Earth observation technologies represented by
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remote sensing play an important role in ecological environment monitoring. Compared
to statistical data or land use data, remote sensing data can provide long time series and
large-scale image information on the monitoring area [1], which has greatly promoted the
improvement of the efficiency of ecological environment monitoring.

However, remote sensing images and other basic data only intuitively describe the
state of the ecological environment. It is difficult for these images and data to reflect the
specific problems related to the ecological environment and whether the public is satisfied
with the ecological environment where they live. This information is important for decision-
making. Some researchers have tried to use questionnaires to gather public feedback on
the ecological environment [2], such as Internet surveys, telephone interviews, etc., which
make up for the lack of traditional data to a certain extent. However, these methods
also have certain disadvantages. For example, the network survey method, which is one
of the more popular methods at present, invites the public to answer specific questions
by distributing an online questionnaire. This method has many shortcomings, such as
weak sample representation and low population coverage [3], and the form of passive
acceptance may even lead to public distrust. With the popularity of mobile devices and
the development of network facilities, non-professional observational data represented by
social media have entered public life. Anyone with a mobile phone can upload what they
have seen and heard, or even what they feel and think, to social media platforms anytime
and anywhere. This is a spontaneous, proactive form of data upload. Moreover, social
media has a large user base, which guarantees the quantity and coverage of the data. For
example, as of 2018, the Sina microblog, which is the largest social media platform in China,
had 523 million monthly active users [4].

Some scholars have used social media data to study the ecological environment. For
example, Emily M. Cody et al. [5] used public sentiment analysis to process Twitter data
containing the word “climate” collected between September 2008 and July 2014, and the
results reflected public attitudes towards different climate themes. Based on Twitter data,
Hywel T. P. Williams et al. [6] built a social network related to the topic of global climate
change. Combined with the public sentiment information contained in the data, they
effectively mined the distribution characteristics of people with different views in the social
network. By studying the correlation between social media data and air quality data, Wang
Shiliang et al. [7] quantitatively found that the amount of social media can reflect the real
level of particulate pollution, and these data can also provide more information related
to air quality. Although related research has achieved some results, it is still insufficient.
On the one hand, most of the research is related to the atmosphere, while studies on other
topics, such as the actual human habitation environment, are relatively rare. On the other
hand, few research works integrate multi-source heterogeneous data to serve ecological
environment monitoring, especially social media data and remote sensing images. These
different data sources have their advantages and can glean more ecological environment
information from different perspectives.

Here, we attempted to combine social media with remote sensing to effectively monitor
human settlements, which was also an effective exploration of multi-source data integra-
tion in ecological environment monitoring. In this process, the first problem we solve is
establishing the connection between multi-source heterogeneous data, as these data have
different structures and characteristics, especially data from social media. Social media
data often exist in an unstructured form, making it difficult to integrate them with other
professional observation data. Thus, in this paper, we propose a framework to try to solve
these problems. Firstly, we used natural language processing and machine learning to ex-
tract information related to the ecological environment contained in social media data, such
as public sentiment information, hotspots of public attention (keywords in social media),
etc., which effectively structured social media data. Then, we constructed an ecological
environment-related social semantic network based on the extracted information. This
network can relay the public’s attitudes and concerns about the ecological environment in
which they live. Secondly, we combined remote sensing and other basic data to calculate the
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ecological sensitivity in the study area. Finally, based on some nodes with spatial location
information in the social semantic network, we realized the link between the constructed
network and the ecological sensitivity analysis results. This link helped us to evaluate the
overall ecological environment of the study area from different perspectives and excavated
some areas with more prominent ecological environment problems, serving to improve
the monitoring efficiency of the ecological environment and assist decision making. We
selected Sanya, China, as a case study to verify the effectiveness of the framework proposed
in this paper.

2. Study Area and Data
2.1. Study Area

We took the city of Sanya in China as the study area, as shown in Figure 1. This city is
located at the southernmost tip of Hainan Province on Hainan Island, the second largest
island in China. Geographically, it is located on the northern edge of the tropics. Sanya is
rich in natural resources, hydrological resources, and landforms, attracting many tourists
from all over the world every year.

109°0'0"E 109°15'0"E 109°30'0"E 109°45'0"E
1 1 L 1
N
18°30'0"N L 18°300"N
187150 N~ L 18°150"N
(4] 10 20
KM
L) 1 1 1
109°0'0"E 109°15'0"E 109°300"E 109°450"E

Figure 1. Remote sensing image of Sanya city.

2.2. Data
2.2.1. Remote Sensing Image and Other Basic Data

For ecological sensitivity analysis, it is necessary to select appropriate evaluation
indicators and determine the weight of each indicator. This process should be adapted to
local conditions. Generally, the natural conditions and human activities in different areas
are not the same, so the factors that affect the ecological environment are also different. In
this study, we drew on the research results in the literature [8] and used nine indicators,
including slope, elevation, aspect, vegetation coverage, land use type, soil erosion intensity,
population density distribution, and road accessibility distribution, to analyze ecological
sensitivity in Sanya. The data involved were as follows.

Remote sensing image: We used DEM data to calculate slope, slope direction, and
elevation. The image is the 30-meter resolution data from SRTM Digital Elevation. A
Landsat 8 image was selected to help analyze vegetation coverage and land use type. These
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data are from the GEE (Google Earth Engine) platform and were produced in 2018, covering
the entire city of Sanya.

Other basic data: Based on the evaluation indicators, we obtained a variety of basic
data, including soil data, road network data, population density data, and precipitation data.
Among them, the soil data are from the National Tibetan Plateau/Third Pole Environment
Data Center (http://data.tpdc.ac.cn/, accessed on 15 March 2022). The road network data
are from the Open Street Map platform (https:/ /wordpress.org/plugins/osm/, accessed
on 15 March 2022). The precipitation data are from the National Oceanic and Atmospheric
Administration (https://www.ngdc.noaa.gov/, accessed on 15 March 2022). The popu-
lation density data are from WorldPop (https:/ /dx.doi.org/10.5258 /SOTON /WP00660,
accessed on 15 March 2022).

2.2.2. Social Media Data

We obtained social media data from the Sina microblog. Based on the advanced
search platform of Sina, we developed a data acquisition tool. By setting some parameters,
including keywords and time, we could obtain social media data related to the specified
time period, focus area, and theme. The keyword parameters included “Sanya ecology”
and “Sanya environment”, and the time parameter was 2018. Through data deduplication,
we finally yielded a total of 3431 social media data points.

3. Methods

We proposed a framework that integrates algorithms including natural language
processing, sentiment analysis, network analysis, etc., to deal with social media data. Then,
we combined the processed social media data with the remote sensing image and other
basic data to evaluate the ecological environment of the study area in detail. The overall
process of the framework is shown in Figure 2.

Social media Remote sensing| [Other basic data

g L . Construction of evaluation
processing Sentiment analysis e e
Keyword extraction/
word frequency
statistics
l Ecological sensitivity analysis
Construction of social
semantic network
Social tic Sentiment
network information

!

Location
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Figure 2. The structure of the proposed framework.
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3.1. Ecological Sensitivity Analysis Based on Remote Sensing Imagery and Other Basic Data

Ecological sensitivity can indicate the probability that an ecological system is af-
fected by human activities and environmental changes [9]. It reflects the possible risks
to the ecological environment in the designated area [10,11]. In this paper, we used the
method described in Ref. [8] to analyze the ecological sensitivity in the study area. The
overall process mainly included the construction of evaluation indicators and ecological
sensitivity analysis.

3.1.1. Construction of Evaluation Indicators

There are many factors that must be considered in determining the evaluation indica-
tors, such as the local natural conditions, human activities, and the ecological topic to be
studied. For example, Yilmaz et al. [12] selected 9 indicators including water buffer zone
and soil to analyze and evaluate the ecological sensitivity of a river basin. Symeonakise
et al. [13] took land degradation in Europe as the research topic and used 5 indicators,
namely, climate, vegetation, soil, groundwater, and socio-economic quality, to study ecolog-
ical sensitivity. Liu L et al. [14] used 4 natural factors (i.e., rainfall, soil texture, slope, and
vegetation coverage) and 2 human activity factors (i.e., population density and GDP) to
fully evaluate the soil erosion situation in the Loess Plateau in China.

In this paper, based on literature research and comprehensive consideration of the
ecological status in Sanya, we selected 9 evaluation indicators, including slope, elevation,
slope direction, water body, vegetation coverage, land use type, soil erosion intensity,
population density distribution, and accessibility distance. Furthermore, we gave different
weights to these indicators according to their importance. Relevant methods include
the analytic hierarchy process [15,16], entropy weight method [17-19], and coefficient
of variation [20-22]. These methods have their own characteristics, and we selected the
analytic hierarchy process as our final method. The relevant calculation process can be
found in Ref. [8]. The weight of each indicator is shown in Table 1.

Table 1. Weight calculation results of different indicators.

Evaluation Indicators Weights
Elevation 0.0199
Slope 0.0566
Slope Direction 0.0199
Vegetation Coverage 0.1973
Water Body 0.1018
Land Use Type 0.1973
Soil Erosion Intensity 0.1019
Population Density Distribution 0.1973
Accessibility Distance 0.1080

3.1.2. Ecological Sensitivity Analysis

ArcGIS software was used to calculate the weighted sum of all indicators through a
multi-factor weighted summation model. The calculation results showed the distribution
of comprehensive scores in the study area. According to the final calculated score, we
divided the study area into five sub-areas based on the natural break method: extremely
sensitive, highly sensitive, moderately sensitive, low sensitive, and non-sensitive. These
sub-areas expressed different degrees of ecological environment vulnerability.

3.2. Public Sentiment Information Extraction Based on Social Media Data

Social media contains rich sentiment information, which can express the public’s
feelings and attitudes towards topics of concern. At present, scholars have generally
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applied this information to many research fields, such as disaster analysis [23,24], tourism
recommendations [25,26], and even ecological environment evaluation [27]. The methods
extracting public sentiment information from texts mainly include sentiment lexicon [28,29]
and machine learning [30] (even deep learning [31]). These methods are relatively mature
and show suitable results. Moreover, there are already some mature tools that integrate
these methods and provide services to extract sentiment information from text, such as
ROST EA (Emotion Analysis), the iFLYTEK open platform, and the Baidu Al open platform.
In this paper, we selected the Baidu Al open platform (https://cloud.baidu.com/product/
nlp_apply/sentiment_classify, accessed on 10 April 2022) and used its sentiment analysis
module to process the obtained social media data. According to the calculated sentiment
value, we divided the social media data into three categories: positive sentiment (the
sentiment value is greater than zero), neutral sentiment (the sentiment value is equal
to zero), and negative sentiment (the sentiment value is less than zero). Among them,
positive sentiment indicates that the public recognizes the local ecological environment. The
negative sentiment expresses the public’s dissatisfaction with the deteriorated ecological
environment. The texts expressing neutral sentiment were mainly some news reports,
which only objectively described the current situation of the ecological environment without
sentimental tendencies.

3.3. Construction of Social Semantic Network Related to Ecological Environment

In order to quickly understand the hotspot information of public concern, we con-
structed a social semantic network that can perceive the state of the ecological environ-
ment. The network is composed of text keywords, word frequencies, and co-occurrence
frequencies between keywords. It reflects the public’s attention to different hotspot in-
formation related to the ecological environment and the internal connections between
this information.

3.3.1. Text Natural Language Processing

We performed natural language processing on raw social media texts, including
word segmentation, part of speech tagging, and removing stop words. Compared with
English text, there is no clear delimiter between words in Chinese text. Therefore, word
segmentation can help divide the semantic features contained in the text. Currently, there
are many excellent tools that can effectively provide word segmentation services, such as
HanLp, NLPIR-ICTCLAS, and LTP-cloud. We selected HanLp (https://www.hanlp.com/,
accessed on 18 April 2022) to process social media text. The part of the speech tagging
module of this tool can be used to process the word segmentation results. In addition,
the text usually contains some meaningless words, such as auxiliary words, interjections,
etc., which are called stop words. In natural language processing tasks, these words are
usually removed to improve the efficiency of text processing. We used the open stop word
dictionary provided by the Harbin Institute of Technology to process the social media text.

3.3.2. Keyword Extraction in Text

The keywords in the text largely reflect the topics expressed by the text. By mining the
keywords in social media data, we can understand the information related to the ecological
environment that people pay attention to. In this paper, the TF — IDF algorithm [32]
was used to extract a keyword from the processed social media text. The formula of this
algorithm is as follows:

TF —IDF = TF « IDF

TF — Pw_id
P w_max_id
IDF =1
8N 1)
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where TF is word frequency. P, ;; represents the number of occurrences of the word win a
single microblog text (id is the serial number of the microblog text). Py, nax iz indicates the
frequency of the most frequently occurring word in this microblog text. IDF is the inverse
document frequency, which indicates the distribution of words in the entire corpus (the
corpus contains all microblog texts). N represents the number of microblog texts in the
corpus. Ny, indicates the number of microblog texts containing the word w in the corpus.

3.3.3. Construction of the Network

We counted the word frequency Py, of the extracted keyword W; in the corpus and
the co-occurrence frequency Pwﬁwj between the keywords W; and W] Among them, we
took these keywords as the nodes of the network and the word frequency Py, as the
size of the nodes. It showed the extent to which this hotspot information related to the
ecological environment had received public attention. Nodes are connected through the
co-occurrence between keywords, and the thickness of the connection indicates the strength
of the relationship between the corresponding hotspot information. The structure of the
network is shown in Figure 3.

Figure 3. The structure of the constructed social semantic network.

3.4. Comprehensive Analysis Based on Multi-Source Data

Based on the constructed social semantic network and ecological sensitivity analysis
results, we monitored and evaluated the ecological environment status in the study area
from both macroscopic and local perspectives. Information from multi-source data can
complement each other, which is helpful for fully understanding the ecological environment
of the study area.

3.4.1. Comprehensive Assessment of the Ecological Environment in the Study Area

Ecological sensitivity analysis macroscopically describes the degree of ecological
vulnerability in different areas. However, it is difficult to dig out the specific ecological
environment problems in the study area. The social semantic network provides feedback
on the hot issues of the ecological environment in the study area from the perspective
of the public, which can serve as an important complement to the results of ecological
sensitivity analysis.

First, we evaluated the results of ecological sensitivity analysis, including the pro-
portion statistics and distribution characteristics of different sensitive areas. This analysis
reflects the overall situation of the ecological environment in Sanya. Secondly, according
to the public sentiment information contained in social media data, we divided the data
into a positive sentiment corpus set and a negative sentiment corpus set. Based on the
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word frequency and co-occurrence frequency between keywords, we constructed social
semantic networks and visualized them through the Gephi program [33]. Finally, we
conducted cluster analysis on these social semantic networks, using the cluster method
Structural Clustering Algorithm for Networks [34]. This divided the entire network into
different semantic clusters according to the co-occurrence relationship between keywords,
and these clusters can express different ecological environmental hot topics. Combining
these clusters, we can further understand the specific ecological environment state in the
study area, including the main problems faced and praiseworthy aspects. The information
from multi-source data provides effective support for the comprehensive assessment of the
ecological environment.

3.4.2. Important Area Mining and Ecological Environment Monitoring

In addition, we tried to mine some important areas that may face serious ecological
environmental problems. By monitoring these areas, it is possible to efficiently understand
the current detailed ecological environment conditions in the area, such as what potential
ecological environment risks may exist and what are the factors that lead to the deterioration
of the ecological environment. This requires an effective combination of social semantic
network and ecological sensitivity analysis results. The corresponding analysis process is
as follows:

(1) Based on the filtering of sentimental tendencies, we obtained social media data that
express negative sentiment, and we constructed a social semantic network based on
these data.

(2) We analyzed the nodes in the network and selected the nodes that contain keywords
with spatial location attributes. These spatial location attributes can be judged by
the part of speech tagging of keywords, such as the label “ns”, which represents
geographic names in HanLp. These nodes with spatial location information served as
links between social semantic networks and ecological sensitivity analysis results.

(8) We took the nodes with spatial location information and the links between them as a
kind of layer, and spatially overlaid this layer with the ecological sensitivity analysis
results. Some important areas with larger nodes and higher ecological sensitivity
should be mined. These areas deserve further detailed analysis, as the ecology in
these areas may be severely damaged.

(4) We selected some nodes in the important areas and built sub-social semantic networks
by combining other nodes that had a direct link with this node. These sub-social
semantic networks reflected the ecological environment issues in these important
areas in detail.

4. Results and Discussion
4.1. Overall Assessment of Ecological Environment Based on Multi-Source Data

Based on remote sensing images and other basic data, we conducted an ecological
sensitivity analysis for Sanya, as shown in Figure 4a. This figure shows the distribution
of ecological sensitivity in the entire study area. We further calculated the proportion of
ecological sensitivity at each level, as shown in Figure 4b. We can see that the areas with
non-ecological sensitivity and low ecological sensitivity accounted for a relatively large
proportion, reaching 34% and 29%, respectively. These areas were mainly distributed in
the southern parts of Sanya. The ecological environment in these areas was relatively
invulnerable and we probably did not have to pay too much attention to these areas. The
areas with high ecological sensitivity and extreme ecological sensitivity were mainly located
in the northern and southeastern coastal areas of Sanya. Although the proportion of these
areas was not high, they deserved more attention from the local environmental protection
department. It showed that the ecological environment in these areas was very good,
but they were very fragile and vulnerable to damage. For example, area 1 in Figure 4a
is Yazhou Bay, a bay in the southwest of Sanya and an important port for departure and
supply of the ancient Chinese Maritime Silk Road. Moreover, it is a specific area for the
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development of cultural tourism in Sanya and even Hainan. However, the results of the
ecological sensitivity analysis in Yazhou Bay indicated that the ecological environment in
this area was vulnerable to damage and needed to be protected with priority.

Highly 11%

Ecological sensitivity

- None
- Low
[ Medium

Highly

| e
o

5 10

a2 Ecological sensitivity analysis (b Statistics of ecological sensitivity Level
Figure 4. Ecological sensitivity analysis and results statistics.

The results shown in Figure 4 roughly summarize the current ecological environment
in Sanya. However, it is difficult to derive more detailed information, such as the specific
ecological environment problems faced by the study area. Therefore, we constructed two
different social semantic networks based on negative sentiment and positive sentiment
social media data and performed cluster analysis on these semantic networks to further
supplement the ecological sensitivity analysis results. We set 10 clusters for each social
semantic network, the results are shown in Figures 5 and 6. The analysis results in Figure 5
show that the public was satisfied with the ecological environment in the study area. We
took the three clusters marked in the figure as an example. In cluster 1, we can see that
some important nature reserves and ecological functional areas were being effectively
protected, and the quality of the ecological environment had been improved, such as in
“mangroves” and “wetland parks”. Cluster 2 mainly describes the air quality in Sanya.
Combining the keywords “air”, “quality”, etc., and corresponding texts, we can see that
under the comprehensive environmental management, the air quality was much better
than before. There were a lot of tourism areas in cluster 3, such as Haitang Bay, Wuzhizhou
Island, Rice National Park, etc. The themes of this cluster were mainly related to tourism.
Combining the text and sentiment information corresponding to the keywords, we can see
that the overall ecological environment of these tourism resources was satisfactory, and
they attract the attention of many tourists.

The social semantic network shown in Figure 6 was constructed based on social
media data that expressed negative sentiment. We selected three clusters for thematic
analysis. Cluster 1 reflects the problem of illegal land reclamation in Sanya City, which
causes great damage to the coastline and coastal ecology. In cluster 2, the keywords “water

v

pollution”, “influence”, “violation”, and “sewage” revealed the phenomenon of illegal
pollution. The keywords “hospitals”, “medical institutions”, etc., pointed out the reasons
for this phenomenon. Cluster 3 indicates the illegal occupation of marine resources, such
as excessive aquaculture and flooded fishing rafts (a kind of small restaurant on the sea).

This had a greater impact on the ocean and marine life (especially coral reefs).
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Figure 5. The social semantic network related to positive sentiments.

In this section, the results of ecological sensitivity analysis and results statistics show
the overall situation of the ecological environment in Sanya. We can clarify the distribu-
tion and size of those areas that are vulnerable to ecological damage. Furthermore, the
introduction of a social semantic network involving different public sentiment information
reflects the specific information about the ecological environment, such as what were the
main ecological problems facing Sanya at this stage, and which protection measures related
to the ecological environment people were satisfied with. The synthesis of this different
information described the current situation of the ecological environment in Sanya from
both objective and subjective aspects. This provides effective information support for the
formulation of environmental protection policies in this area.
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Figure 6. The social semantic network related to negative sentiments.

4.2. Mining and Monitoring Important Areas Based on Multi-Source Data

Based on multi-source data, we mined some important areas that needed to be targeted
for protection. We took the social semantic network constructed based on social media
data that expressed negative sentiment as the research object. This network reflected some
ecological environment issues that were of urgent public concern at the moment. We filtered
the part of speech information of the words contained in each node and selected the part
of speech that can represent the spatial location, such as “ns”, “nt”, etc., so that the nodes
corresponding to these parts of speech have spatial attribute features. We constructed
a network based on these nodes and the co-occurrence relationship between them and
used this new network as a layer to build the link between it and the ecological sensitivity
analysis results, as shown in Figure 7. Among them, the bigger the red circle, the more
attention the area is receiving, as in West Island, Yalong Bay, and Tianya Town. At the same
time, combined with the ecological sensitivity analysis, it can be seen that the ecological
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environment in these areas was relatively fragile and easily damaged. Taken together, these
areas are worthy of attention.

Ecological sensitivity

- Mong
-
I:I Medium
Highly
- Extremely
4] ) 10

[ —— 14

Phoenix Island

‘.\'Ingzlu:u Islan

Figure 7. Important area mining based on multi-source data.

The lines between the nodes indicate the co-occurrence frequency of the two areas.
The thicker the connection line, the higher the frequency of the corresponding two areas
appearing on the same social media. This shows that the ecological environment problems
contained in these two areas are more similar. In Figure 7, we can see that there is a link
between Yucai, Tianya Town, and West Island, and a link between Phoenix Island and
Xiaozhou Island. We constructed two social semantic networks based on these nodes, as
shown in Figure 8. Among them, in Figure 8a, we can see that Phoenix Island and Xiaozhou
Island have many co-occurrence keywords, showing that the ecological environment prob-
lems faced by these two areas were relatively similar. Combining some co-occurrence
keywords, such as “illegal”, “rectification”, “marine”, and “projects”, and the correspond-
ing texts containing these keywords, we can know that the main problem in these two
areas is illegal reclamation. To pursue economic growth, people have continued to expand
to the sea and practice reclamation. This has had a great impact on marine ecology. In
addition, there were also some keywords related to Phoenix Island and Xiaozhou Island.
These keywords show the unique ecological environment problems in the two areas. For
example, the keywords related to Xiaozhou Island, such as “restaurant”, “building”, and
“park”, further illustrated the drivers of illegal reclamation in the area. This provides
detailed information for targeted decision-making. Figure 8b shows the co-occurrence
relationship of Yucai, Tianya Town, and West Island. Overall, there were not many common
keywords among these areas. This shows that they faced relatively different ecological
environment problems. Among them, we can see that there was almost no damage to the
ecological environment in the Yucai area. Moreover, the ecological sensitivity in this area
was low, which indicated that the overall ecological environment in Yucai was in good
condition. Keywords related to Tianya Town, such as “straw”, “burning”, “environment”,
etc., indicate that the public’s attention in the area mainly concerns the living environment.
People had expressed great dissatisfaction with the burning of garbage and straw without
permission, which seriously pollutes the environment. For West Island, people paid more
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attention to marine ecology. Keywords such as “coral reef”, “fishing rafts”, “law”, etc., indi-
cate the state of the ecological environment in the area. A large number of fishing rafts pose
a greater threat to marine ecology, especially coral reefs. People called for more protection
of marine ecology. In addition, the ecological sensitivity in Tianya Town and West Island
was relatively high. The comprehensive results show that the ecological environment in
these two areas should receive more attention and protection.
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Figure 8. Construction of social semantic network based on areas with associative relationships.
Among them, the figure (a) is the social semantic network related to “Phoenix Island” and “Xiaozhou
Island”, and the figure (b) is the Social semantic network related to “Yucai” and “Tianya Town” and
“West Island”.

There were also some areas that had no link with other areas, but they had high
ecological sensitivity and people paid much attention to these areas, such as Yazhou Bay,
Yalong Bay, etc. We took Yazhou Bay as an example to build a social semantic network, as
shown in Figure 9. We can see that there were some behaviors that damaged the ecological
environment in this area, such as deforestation, sewage discharge, etc. The keywords

“pollution”, “sewage”, “environment”, etc., and their corresponding microblogs offer
additional details.

Pollutio.scharge Rec.lion

__Envy cnt

lmple.lation

| -',n\'immne. Protection

® @

Figure 9. Construction of social semantic network related to Yazhou Bay.



Remote Sens. 2022, 14, 2824

14 of 16

The same method is also applicable to monitoring other areas. It helps to monitor
and mine the eco-environmental problems in these areas from the perspectives of objective
reflection and subjective feedback. The ecological sensitivity analysis results show the
distribution of ecological environment vulnerability in Sanya. The introduction of social
media data helps to unearth some areas that people pay attention to and the specific
ecological and environmental problems these areas are currently facing. This information
can urge relevant departments to pay enough attention to the corresponding area and
provide support for targeted decision-making.

5. Conclusions

Professional observations represented by remote sensing images and other basic
data can macroscopically and objectively reflect the ecological environment in the study
area. However, these data ignore the role of human beings in ecological environment
monitoring. Social media, as a mobile sensor, relays more information from the public’s
point of view, which strongly complements professional observational data. In this paper,
we proposed a framework that attempts to combine these multi-source data to exploit
their different potentials in ecological environment monitoring. We dealt with these multi-
source heterogeneous data by constructing a social semantic network and performing
ecological sensitivity analysis and establishing the correlation between the processed
heterogeneous information through the spatial location nodes contained in the social
semantic network. This correlation effectively realizes the complementary advantages of
multi-source heterogeneous data in ecological environment monitoring. Among them,
remote sensing images show the degree and distribution characteristics of ecological
sensitivity in the study area. The introduction of social media data reflects additional
dimensions of information related to the ecological environment in the study area, including
whether the public is satisfied with the ecological environment, what kind of damage the
ecological environment is suffering, etc. Such information can not only help decision-
makers effectively locate areas worthy of monitoring, but also carry out targeted protection.
In this paper, we took Sanya, China, as an example to verify the effectiveness of this method.

In future research, we will continue to explore the potential of multi-source data fusion
in ecological environment monitoring. (1) The time feature will be considered, which
is mainly reflected in the long-term monitoring of the regional ecological environment.
Decision-makers can understand the changing trend of regional ecological environment
quality and the specific factors affecting the change from the long-term ecological envi-
ronment status relayed according to different data sources. (2) More methods will be
introduced for data processing, especially for social media data. The unstructured formal
characteristics of social media restrict the fusion efficiency of these data with other data.
In this paper, we used methods including natural language processing, etc., to extract as
much effective information as possible, but it was far from enough. We hope to be able to
directly extract the elements related to the ecological environment contained in each piece
of social media data, including time, location, events, etc. This will effectively convert these
unstructured data into traditional geographic information data to improve the efficiency of
using data.
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