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Abstract: Campus green space, as a component of urban green space and the main natural place
for college students’ daily contact, has a subliminal effect on their mental health. This study aims
to investigate the degree of influence of campus green space on college students’ emotions as well
as the main indicators of influence and other scientific issues. Taking the campus green spaces of
44 college campuses in Nanjing as the object of the study, with the help of social media data to research
the issue of green spaces and emotional preference, we conducted a difference analysis, constructed
an individual-time, double fixed-effects regression model and obtained the corresponding results:
(1) significant seasonal and individual differences existed in all green space indicators across the
44 campuses; (2) a significant positive correlation existed between each of the campus green space
indicators and college students’ positive emotions; (3) compared with the regression results of the
data prior to the New Crown Pneumonia Outbreak (COVID-19), college students’ green sensitivity
increased substantially during the outbreak control period, and the health benefits of the campus
green spaces were more significant.

Keywords: campus green space; social media data; emotional preferences; green space indicators;
statistical analysis

1. Introduction

Green spaces can improve human health and provide many health benefits [1,2],
mainly by promoting physical activity [3], reducing mental stress [4], and encouraging
social interaction [5]. In the field of environmental psychology, green spaces can improve
people’s negative emotions, relieve stress, and improve mental health [6,7]. With certain
positive factors in the environment, people can enjoy a good restorative experience, prompt-
ing them to recover more quickly from a state of fatigue and stress; conversely, the opposite
may increase the degree of negativity and cause a greater burden on the psyche. Therefore,
researchers have long recognized the health benefits of urban green spaces [8,9].

As the material place of higher education, colleges and universities are spatial envi-
ronments with which teachers and students frequently come into contact for a long time,
and they serve multiple functions, such as living, studying, and working. Since it was first
proposed, the Green Campus concept has continued to evolve and improve, guided not
only by the theory of sustainability in the construction and operation of campus facilities
but also by the integration of green concepts and technologies into campus site planning
and building design [10], which plays a pivotal role in guiding the process of promoting
the development of campuses. Campus green space, as an important part of urban green
space, is not only a basic means to accelerate the construction of green campuses [11,12]
but also a second natural place to provide leisure activities; it can provide many benefits to
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students, and a systematic evaluation has summarized the evidence linking green spaces
to adolescent mental health, with adolescents’ regular exposure to green spaces helping
to reduce stress, decrease depressive symptoms, alleviate psychological distress, enhance
positive emotions, and increase well-being, comprehensively demonstrating the potential
contribution of campus green spaces [13]. Therefore, how to plan and design campus green
space to enhance its vitality and attractiveness has become a crucial and meaningful topic
for the implementation of green campuses.

As the application of big data technology in sustainable urban development is be-
coming increasingly mature, scholars continue to conduct research in the fields of urban
planning, transportation management, and smart tourism [14–22]. In recent years, as a
hotspot in the discipline of urban planning, planning methods based on big data tech-
nology have yielded many research results both at home and abroad [23–25]; however,
their research and practical application in green spaces have just begun. Existing research
shows that with the improvement in big data-mining technology and an increase in ac-
cess channels, multi-source big data present a powerful aid to the development of green
spaces [26,27], and social media data (SMD) research [28] has now become one of the most
popular forms of data in green space research. With the rise of the Internet era, many
people tend to publicly post various types of information on social media, and scholars
can place the tagged information on a map to locate and then analyze it in combination
with the surrounding environment [29–32]. Considering the importance and feasibility of
social media data, it is necessary to widely apply them to study the health benefits of urban
environments [33,34]—especially green spaces.

While many studies have investigated the beneficial effects of green spaces on different
social groups [35,36], including adolescents and young adults [37–39], few scholars have
specifically focused on the college student population. This study explores the emotional
health benefits of campus green spaces from the perspective of this important group of
college students. Not only do we fully consider the influencing factors of campus green
space with the help of remote sensing satellites and online street-view platforms [40–43],
but we also combine social media data as a relatively objective and effective method of
emotional evaluation, while simultaneously considering the differences in the influence of
campus green space on students’ emotions in the context of space, time, and epidemics.

This study aims to explore the impact of campus green space on students’ emotions,
learn how to link campus green space with college students’ mental health and maximize
its benefits, provide a more scientific basis for the planning and design of green campuses,
enhance college students’ sense of well-being, and improve mental health problems. Based
on this, the specific scientific issues explored in this paper are as follows:

(1) Is there an association between green space on college campuses and positive
emotions among college students?

(2) What is the extent of the influence of campus green space on college students’
positive emotions? Which indicator has the most significant impact?

(3) Longitudinally comparing the time before COVID-19 and during the prevention
and control period, does any change occur in the benefits of campus green space on the
positive emotions of college students?

Based on the research on the above scientific issues, the theory is applied to guide
practice, clarify the deficiencies of campus green space planning in Nanjing colleges and
universities, and guide professionals to enhance campus green space in the future with the
help of quantitative scientific data indexes, so as to promote the development of campus
green space in a healthy direction.

2. Methods
2.1. Study Area and Pathways

The research path of this study specifically consists of three aspects: identifying the
object of study, data acquisition and processing, and statistical relationship resolution. The
flowchart is shown in Figure 1.
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Nanjing, the capital and megacity of Jiangsu Province, China, has a population of
approximately 8 million and an area of about 6600 square kilometers. It is one of the
most important cities in the Yangtze River Delta from economic, cultural, and historical
perspectives and one of the three major centers of higher education in the country, with a
concentration of higher education resources ranking in the top five in the country and a
comprehensive strength in science and education—the third largest in China. According to
the 2021 Statistical Yearbook of Jiangsu Province, there are currently 51 higher education
institutions of various types in Nanjing that are rapidly developing, with a large number of
college students enrolled. From 2005 to 2020, Nanjing’s urban greening level has grown
rapidly, far exceeding the country’s average level; moreover, the growth rate of park
greening per capita in Nanjing is also much higher than the average level in China. As part
of Nanjing’s urban green space, campus green space is worthy of exploration and analysis.
Based on the above information, we took the campus green space of Nanjing colleges and
universities as the research object and 44 campuses of 34 colleges and universities as the
research samples (Figure 2).
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2.2. Green Space Databases
2.2.1. Normalized Difference Vegetation Index (NDVI) Acquisition Processing

In this study, we selected Sentinel-2A remote sensing satellite images as the data source
of NDVI. Remote sensing images of Nanjing in four seasons from 2018 to 2021 were selected
as the main data source, and five images were spliced in each season to cover the whole
study area; the imaging times of the screened images were 07 May 2019, 10 August 2019,
16 October 2020, and 07 February 2021, respectively. We processed the collected remote
sensing images, imported them into the vector file of Nanjing administrative boundaries,
converted them into projections to make the projection consistent with that of the re-
mote sensing images, cropped them to obtain remote sensing images containing all study
campuses, and finally analyzed them to obtain the NDVI.

2.2.2. Green View Index (GVI) Acquisition Processing

In the study of campus green space and college students’ positive emotions, Green
View Index (GVI), as a highly correlated and interpretable data indicator, well reflects the
actual exposure of students to green space aspects.

Data acquisition and processing steps: Firstly, to determine the set of observation
points, we used the BIGEMAP map downloader to obtain the vector road network of
Nanjing city, combined it with the boundaries of each campus, cropped it to obtain the
vector road network data of each university campus under study, and deleted the invalid
and repetitive road network through preprocessing. Subsequently, we divided the vector
road network into 10 m intervals; all the intermittent points obtained from the segmentation
process were the set of observation points, and we selected Baidu Street View map as the
basic data source for image acquisition. Finally, we obtained 16,219 observation points in
44 campuses and 84,486 street-view images in four seasons. We used a machine learning
algorithm (FCN-8s) to semantically segment the street-view images and obtain the green
visual index (GVI’) of a single observation point. Examples of green visual index data
summaries on campuses are shown in the Supplementary Materials (Table S1).

2.2.3. Green Space Quality Data Acquisition and Processing

We used the quality level of accessible green space to study campus green space
quality. We classified green space types, identified them by satellite images and street-view
images, and labeled them in ArcGIS for all campuses’ accessible green spaces in the study
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area. We utilized Public Open Space Desktop Auditing Tool (POSDAT) to remotely identify
green space information and assess its quality. Examples of the classification and definition
of campus green space types are shown in the Supplementary Materials (Table S2).

Acquisition of quality data sources: After clarifying the location and detailed image
data of the accessible green space on each university campus, we used the adapted POSDAT
to evaluate its quality. First of all, we opened the corresponding layer in ArcGIS and
complete the basic information entry in POSDAT; then, in ArcGIS, we compared it with
the satellite image map and vector map of Nanjing and combined it with the information
of network data and street maps, etc., and we assigned the value of each accessible green
space in each campus item by item. If the corresponding option existed, it was assigned as
“1”, and if it did not exist, it was assigned as “0”, and the result was entered into ArcGIS
to obtain the rating table of each accessible green space, which was used as the initial
statistical data of the quality of campus green space.

Processing of quality data: We conducted hierarchical analysis to construct an evalu-
ation index system for the adapted POSDAT content and distributed a questionnaire on
the indexes’ weights to various experts in related professional fields. These included five
teachers from the discipline of landscape architecture, three teachers from the discipline
of urban and rural planning, ten landscape architects, five architectural designers, and
seven staff members from the logistics management office of the university, for a total
of thirty experts who scored the weights of the indicators for evaluating the quality of
accessible green space on campus. Then, we calculated the results of the experts’ weights
for the evaluation system of the quality indexes of campuses’ accessible green spaces. We
calculated the weighted average of all results to find the final weight value of the indicator
evaluation system, as shown in Table 1.

Table 1. Weight evaluation of campus accessible green space quality index.

Target Level (A) Standardized Level (B) Indicator Layer (C) Combined Weights

Evaluation of the
weighting of indicators

of the quality of
campuses’ accessible

green spaces

Quality of Landscape
(0.48)

Hydrophilicity 0.1300 0.0500
Number of trees 0.1400 0.0700

Distribution of tree plantings 0.2300 0.0700
Shade condition 0.1400 0.1200

Plant species 0.1100 0.0700
Campus cultural landscape 0.0900 0.0800
Presence of water features 0.1600 0.0600

Quality of Service (0.52)

Event facilities 0.2483 0.1200
Convenience facility 0.1488 0.0700

Proximity to main school road 0.1758 0.0400
Distribution of lighting facilities 0.1271 0.0600

Diversification of space types 0.2141 0.0800
Neighboring major buildings 0.0859 0.1100

Green space quality was calculated by combining the initial data on the quality of
each accessible green space with the weights for a weighted analysis and then summing to
obtain the final quality score for a single accessible green space. The formula is as follows:

Att = ∑
j

Aj∗ωj (1)

where Att is the quality score of each accessible green space, Aj is the binary indicator (0,1)
of the jth attribute, andωj is the weight of the jth attribute.

Finally, the quality of all accessible green spaces in each campus was calculated as a
weighted average, and the result obtained was the final green space quality score of each
campus. The results were normalized for scientific statistics.
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2.3. Emotion Database

Social media data (SMD) is now one of the most popular forms of data used in green
space research. Along with the rise of the Internet era, many people tend to publicly post
various information on social media, in which social media data with emotional information
such as pictures, comments, thoughts, travelogues, and so on, have been emphasized by
researchers, and it is possible to analyze emotions based on social media data so as to mine
a large amount of implicit information related to mental health. And as a mainstream
social media platform in China, Weibo has a large number of user groups. Considering
the openness and richness of social media platforms and their close integration with
mobile devices, this article chose Sina Weibo as a channel for obtaining college students’
emotional data.

The data on Sina Weibo are characterized by the advantages of typicality, richness, and
being open source [44–46]. Sina Weibo data mining mainly applies web-crawler technology
equipped with Python and the Baidu coordinate picking system, and this study utilized
Python for data crawling to obtain microblog text data. We focused on three aspects of data
collection—data collection scope, data collection content, and data time span—during data
collection, and finally crawled 544,603 microblog text data from 44 university campuses in
Nanjing over 4 years.

We processed the acquired data and obtained 503,428 valid text data. Then, we selected
the emotional tendency analysis function provided by the Baidu Intelligent Cloud Platform
to analyze the emotions in the microblog text. The obtained text data were categorized by
emotional polarity as negative, neutral, and positive, represented by values of 0, 1, and 2,
respectively. The classification was based on the following criteria: less than 45% of the
positive degree was negative, >55% was positive, and between the two was neutral. Then,
using the Python program code, the data text that is needed to calculate the sentiment
value was accessed by the sentiment analysis API provided by the Baidu Intelligent Cloud
Platform. We obtained the corresponding positive degree, negative degree, and sentiment
index for each tweet and finally classified the data by campus to obtain the positive,
negative, and sentiment indexes of each school district as well as the average positive
sentiment level of each campus, which reflected the level of positive sentiment of students
on each campus. Examples of results of emotion analysis are shown in the Supplementary
Materials (Table S3).

2.4. Control Variables

The control variables in this study included surface temperature, air quality conditions,
and male-to-female ratio on each campus.

Surface temperature: Landsat 8 images with less than 5% cloudiness and clear im-
ages over the urban areas without thin cloud cover were selected from 12 August 2019,
01 November 2019, 20 February 2020, and 08 April 2020.

Air quality: In the software “Air Quality Release” launched by the China Environ-
mental Monitoring General Station, the Python code was used to crawl the hourly air
quality data of Nanjing city for the whole year of 2021. Then, Excel organized the data and
calculated the average value of air quality of each monitoring point in each season, and the
air quality condition of each campus in each season was the average value of air quality of
each monitoring point in each season. The air quality condition of each campus in each
season reflects the corresponding data of the neighboring monitoring points.

Gender Ratio: The gender ratio of each campus was determined by asking the student
affairs office of each campus and checking the information available on the internet.

2.5. Statistical Analysis
2.5.1. Variability Analysis

Based on the previously constructed database, we explored the relationship between
campus green space characteristics and college students’ positive emotions in Nanjing
colleges and universities. We applied the natural breakpoint method in ArcGIS to form a
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visual legend for the green space indicators of each campus and conducted a difference
analysis of the campus green space indicators. Further, we applied the microblogging senti-
ment data to generate a visual map and compared the differences in students’ sentiment
under the background conditions before and after the spatial, temporal, and COVID-19
conditions. Then, we performed a difference analysis.

2.5.2. Correlation Test

To visualize the relationship between green space indicators and positive emotions
of college students in 44 school districts as a whole, we used SPSS 26 statistical analysis
software to draw scatter plots of relevant data, with NDVI, GVI, and green space qual-
ity as horizontal coordinates and the degree of positive emotions of college students as
vertical coordinates.

On this basis, we used SPSS 26 to analyze the Pearson’s correlation between NDVI,
GVI, green space quality, and college students’ positive emotions according to the scatter
distribution pattern of the values of each index of the research object.

We chose a fixed-effects regression model—in other words, an individual-time, double
fixed-effects regression model. Meanwhile, after the VIF test, we found no covariance
among the three explanatory variables; thus, they could be put into the same regression
model as follows:

Emotionit = α0 + α1NDVIit + α2GVIit + α3QUAit + α4Cit + µi + ϕt + ε0 (2)

where i denotes the school district and t denotes the season (spring, summer, fall, and
winter); Emotionit denotes the mood index of school district i in season t; NDVIit is the
green space normalized difference vegetation index of school district i in season t; GVIit
is the green space green view index of school district i in season t; QUAit is the quality of
the green space of school district i in season t; Cit includes all the explanatory variables
related to the control variables (in this study, they are surface temperature, air quality, and
gender ratio); α0 is the model intercept term; α1, α2, and α3 are expected to be positive and
are the coefficients of the explanatory variables normalized difference vegetation index,
green view index, and quality, respectively; α4 is the coefficient of the control variables;
µi and ϕt denote the individual and time effects of the model’s presence, respectively; and
ε0 denotes the disturbance term.

3. Results
3.1. Descriptive Statistical Analysis of Results

As shown in Table 2, the mean value of NDVI for each campus was 0.2717, the
standard deviation was 0.0852, and the range interval was 0.0759–0.5114. In terms of
temporal distribution, with regard to the scarcity of greenery in the fall and winter, the
NDVI of each campus was significantly better than that of the fall and winter, with a large
gap in the spring and summer (Figure 3a–d), and according to Statistical Table 2, the mean
GVI of the 44 campuses was 35.80%, with a value range of 17.32–51.89%. In terms of time
distribution, the GVI values of each campus were significantly higher in spring and summer
than in fall and winter (Figure 3e–h); after normalization, the quality distribution of the
44 campuses was similar to that of the GVI, and the quality scores of the main university
district were significantly higher than those of the peripheral university districts (Figure 3i).

Table 2. Descriptive statistics of green space index of 44 campuses districts in Nanjing.

Norm Average Value Standard Deviation Minimum Value Maximum Value

NDVI 0.2717 0.0852 0.0759 0.5114
GVI 0.3580 0.4954 0.1732 0.5189

Quality 0.4275 0.2071 0.0000 1.0000
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The visualization and analysis of NDVI, GVI, and quality of each campus show
(Figure 3) that different indicators measure the green space of the same campus differ-
ently and that the results of the green space indicators under the overhead and human
perspectives produce large differences.

As shown in the visualization map generated from the microblogging sentiment data
(Figure 4), the range of positive sentiment for each campus was 61.36–82.04%, with an
average of 69.19%. In terms of spatial distribution, campuses with high levels of positive
student sentiment are mainly found in the main university city area, and campuses with
suboptimal levels of positive student sentiment are found in all university city areas. In
terms of the time dimension, on the whole, the campuses had more positive sentiment
in the spring and summer seasons, with the best overall level of sentiment in the spring
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and more negative sentiment in the fall and winter seasons in comparison; moreover,
the tendency of the campuses’ sentiment to vary by season was similar. In compari-
son with the pre-COVID-19 period, the overall positive mood values of students at the
44 campuses during the outbreak prevention and control period were poor, with a down-
ward trend, especially within the Main City University District area, where the mean
positive mood values of some campuses differed significantly before and after the occur-
rence of COVID-19.
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3.2. The Relationship between Green Space Indicators and Positive Emotions of College Students

Figure 5 shows the scatterplot analysis of the relationship between indicators of
campus green space and positive emotions of university students. In order to visualize
the relationship between green space indicators and college students’ positive emotions in
44 school districts as a whole, SPSS 26 statistical analysis software was used to draw scatter
plots of the relevant data with the Normalized Difference Vegetation Index (NDVI), Green
View Index (GVI), and quality as the horizontal coordinates, and college students’ degree
of positive emotions as the vertical coordinates. As indicated from the baseline trend in
Figure 5, a roughly linear correlation exists between the three indicators of campus green
space and college students’ positive emotions.
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Figure 5. Scatterplot analysis of the relationship between indicators of campus green space and
positive emotions of university students.

On this basis, according to the scatter distribution trend of the values of each index
of the research object, we applied SPSS 26 to analyze the Pearson’s correlation between
NDVI, GVI, quality, and college students’ positive emotions (Table 3), which revealed
a positive correlation. Firstly, the Pearson’s coefficient of NDVI and college students’
positive emotions was 0.034, which indicates a significant linear correlation, and the higher
the Normalized Difference Vegetation Index on campus, the higher the level of positive
emotions among college students. Secondly, those of GVI, quality, and college students’
positive emotions were all 0.000, and the degree of linear correlation was highly significant.
The degree of positive emotions among college students increased with the GVI and quality
indicators, and improving the GVI and quality of campus green spaces would lead to fewer
negative emotions among college students. Finally, the results of the analysis show a higher
degree of correlation between the GVI, quality, and positive emotions of college students
compared to NDVI.

Table 3. Correlation analysis between college students’ positive emotions and campus green
space index.

Norm Level of Emotional Positivity among College Students

NDVI Pearson correlation 0.160 **
Sig. (Twin-tailed) 0.034

GVI Pearson correlation 0.273 ***
Sig. (Twin-tailed) 0.000

Quality Pearson correlation 0.467 ***
Sig. (Twin-tailed) 0.000

Note: *** indicates p < 0.010, ** indicates p < 0.050.

3.3. Regression Results of NDVI, GVI, Green Space Quality, and Positive Emotions

Table 4 shows the results of the regression modeling of the indicators of green space
and college students’ positive emotions. In this regression, after controlling for seasonal
and campus fixed effects, the model fit R2 was 0.384, and all three indicators of campus
green space played a positive role in enhancing college students’ positive emotions. In the
regression model, the regression coefficients represent the degree of influence of the ex-
planatory variables on the explanatory variables, and the regression coefficients of the three
indicators differ significantly, with the degree of influence ranked as GVI > Quality > NDVI.
Specifically, the degree of influence of GVI on college students’ positive emotions is the
greatest, with a regression coefficient of 0.273, and the results of the test are significantly
correlated at the level of 0.050 (p = 0.042); this indicates that the higher the value of GVI,
the greater the promotion effect on college students’ positive mood. At the same time,
quality is significantly correlated with the positive mood of college students at the level of
0.010 (p = 0.001), and the regression coefficient is 0.184; that is, for every 1 unit of quality
index, college students’ positive mood can be improved by 0.184 units. The regression
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coefficient of NDVI is 0.117, and the coefficient is positive, which indicates that NDVI also
has a positive promotion effect on college students’ emotions, but the degree of influence is
low; the P-value is 0.068—in other words, the confidence level is above 0.900—which is a
weak correlation. The results further affirm the positive influence of campus green space
indicators, namely NDVI, GVI, and quality, on college students’ emotions.

Table 4. Results of the regression model between the indicators of green space and university students’
positive emotions.

Overall Data Model Results Pre-COVID-19 Data
Model Results

Results of Data Modeling
during COVID-19 Prevention

and Control Period

Coef. p-Value Coef. p-Value Coef. p-Value

NDVI 0.117 * 0.068 0.012 0.903 0.115 * 0.072
GVI 0.273 ** 0.042 0.358 * 0.078 0.305 ** 0.023

Green space quality 0.184 *** 0.001 0.190 ** 0.014 0.275 *** 0.001
Surface temperature −0.045 * 0.089 −0.085 ** 0.035 −0.047 * 0.091

Air quality −0.047 ** 0.044 −0.002 0.961 −0.075 *** 0.002
Gender ratio of men to women 0.222 ** 0.046 0.190 0.259 0.330 *** 0.003

Time fixed effect Yes Yes Yes
Individual fixed effect Yes Yes Yes
Number of individuals 176 176 176

Adjusted R2 0.384 0.216 0.545

Note: *** indicates p < 0.010, ** indicates p < 0.050, and * indicates p < 0.100.

3.4. Regression Results for Pre- and Post-COVID-19 Data

As shown in Table 4, the regression model of pre-COVID-19 data has a goodness-of-fit
R2 of 0.216, and the regression coefficients of each index of campus green space are ranked
from high to low as GVI, quality, and NDVI. Among them, a correlation exists between
quality, GVI, and college students’ positive emotions in the regression model (p-values of
0.014 and 0.078, respectively), whereas the effect of NDVI on college students’ positive
emotions is insignificant and does not show a correlation.

The results of the data model during the COVID-19 prevention and control period
showed a large difference compared to the pre-epidemic period, with the goodness of fit,
regression coefficients, and correlations substantially improved. Specifically, the goodness-
of-fit R2 of the regression model during the epidemic prevention and control period was
0.545 and thus positive, and the correlation between GVI and quality and college students’
positive emotions was positively significant at the 0.01 and 0.05 levels (p-values of 0.023
and 0.001, respectively). In addition, the two indicators have a similar degree of influence
on college students’ positive emotions, with an increase of 1 unit in GVI increasing the
degree of college students’ positive emotions by 0.305 units, and an increase of 1 unit in
quality scores increasing the degree of college students’ positive emotions by 0.275 units.
The effect of NDVI is also positive, but it only has a weak correlation with college students’
positive emotions at the 0.1 level (p = 0.072).

Compared with the regression results for the pre-COVID-19 data, R2 in the regression
model for the data during the epidemic control period improved by approximately 0.329,
and the model prediction was substantially improved. A comparison of the results indicates
that the positive effect of campus green space on college students’ positive emotions during
the epidemic prevention and control period had improved.

4. Discussion
4.1. Research Innovations

This study is the first to use multiple indicators together to measure the level of campus
green space. Previous studies on green space have only focused on one indicator [47];
however, as different indicators of green space may reflect different aspects of it [48], we
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considered both the indicators of quantitative and qualitative aspects of campus green
space, the indicators of the overhead perspective, and the indicators of the people-oriented
perspective. In focusing on the amount of green from the human perspective, we also
utilized the emerging method of assessing green visibility based on street-view images and
semantic segmentation techniques [49].

Another novelty of this study is that it demonstrates the possibility of using social
media data [50] to analyze college students’ emotions. The use of Weibo big data and
natural language processing technology to assess the emotional status of college students
innovates the method of obtaining college students’ emotions and avoids the drawbacks of
traditional methods such as questionnaires and interviews [51,52], which are costly and
time-consuming and rely on small sample sizes. With the fixation of Sina Weibo in the
campus area on the use of groups and the scope of use, the data are more authentic and
universal and have significant advantages, such as a large amount of information, wide
coverage, and convenient access.

4.2. Contribution of the Results to the Exploration of Green Spaces and Youth Emotions on Campus

The results of the above regression model (Table 4) show that NDVI has a lower degree
of correlation, both in terms of impact coefficients and correlation, than GVI and quality.
The main reason for this is that the three indicators of GVI reflect different aspects of GVI in
this study. Although NDVI has been proven to be related to emotions by scholars such as
Cheng [53], measuring the amount of green space greenness from top to bottom based on
satellites does not reflect students’ actual visual exposure to and perception of green space.
In contrast, indicators of the human perspective can better reflect the actual degree of the
influence of green space on college students. The findings of this study provide empirical
support for Wang [54] and Helbich [55], who pointed out the differences in the impact of
green space indicators on mental health benefits. In particular, the impact on mental health
of the humanistic perspective indicators, mainly GVI and quality, is evident in comparison
with NDVI.

In addition, according to Wang et al. [54], quality plays a more important role than GVI
in influencing a population’s mental health; however, the results of this study contradict
this argument. The higher coefficient of influence of GVI than quality on college students’
mood on campus may be due to the following reasons: (1) the green space quality indicator
in this study mainly reflects the status of accessible green space on campus, and “not having
enough time” and “lack of opportunities to get involved in accessible green space” may
become the main barriers for college students to use green space; (2) accessible green space,
as a convenient resource, is mainly used for physical activities and leisure and relaxation,
and students are more concerned about having a suitable site to do their own thing than
the quality of services and landscape within the green space; (3) students are likely to
spend more time walking than being active in accessible green spaces, and thus, most
exposure to green occurs on paths to dormitories, cafeterias, and classrooms. Therefore,
roads on campus become one of the best opportunities for college students to come into
direct contact with green spaces, and GVI is necessarily more likely to be an important
green space indicator of their positive sentiment. This may be the main reason why GVI
has a higher degree of influence on college students’ positive emotions than quality.

In summary, we argue that when conducting research on campus green space and
college students’ positive emotions, more attention should be paid to indicators in terms
of students’ actual exposure to green space and that GVI and quality can be included as
indicators of data with strong correlation and high interpretability.

4.3. Limitations and Future Research

This study has some limitations. First, the GVI data collected were insufficient as
the street-view images were acquired by Baidu Street View collection vehicles during the
driving process. Since some spaces suitable for college students to walk are not accessible
to traffic, some areas lack street-view data and could not be included in the overall GVI
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analysis of the campus, which may have affected the accuracy of the GVI analysis to
a certain extent; the missing images should thus be supplemented by collection using
cameras and drones.

In addition, compared to the actual situation observed by the human eye, the way of
calculating the average value of a single street scene’s GVI is still somewhat different. The
human eye has a viewing angle range of about 120 degrees, and compared with the left
and right GVI, the GVI in the forward and backward directions may have a greater impact
on the crowd; thus, the final results of the study are not necessarily comparable to the real
situation observed by people. At the same time, a gap exists between the apparent height of
the street-view collection vehicle’s collection point and the apparent height of pedestrians’
actual observation, which is slightly higher than the visual height of most students; this
may have led to bias in the final GVI values and affected the analysis results. In future
research, the projection transformation [56] method can be considered to make adjustment
corrections to the street view image’s apparent height.

Second, social media data acquisition presented some shortcomings. College students’
emotional data in this study were taken from Sina Weibo, and not all students use Weibo as
their main social software. In the future, more typical and extensive social media software
should be considered to cover a wider range of groups for research, and questionnaires
may be used for supplementary research.

Finally, the choice of study area was insufficient. The health benefits of green spaces
may vary under different cultural backgrounds and environmental climates [57], and our
study area was located in Nanjing, which is not representative of all regions; moreover,
we were unable to investigate and analyze all university campuses in Nanjing. In future
research, we will consider various conditions such as different cultural backgrounds,
environmental climate, latitude and longitude, etc. Subsequent attempts should be made
to increase the number of research subjects and conduct similar studies on campuses in
other regions.

5. Conclusions

Using 44 college campuses in Nanjing as research samples, we constructed a database
of campus green spaces containing NDVI, GVI, and quality indicators, as well as a database
of college students’ emotions. From the perspective of health benefits, we empirically
quantified the impact of campus green spaces on college students’ positive emotions; a
positive correlation between campus green spaces and college students’ positive emotions
was ultimately determined, confirming that campus green space has a significant impact
benefit on college students’ positive emotions and validating the difference in emotional
health benefits of campus green space before and after COVID-19.

(1) Positive correlations exist between campus green spaces and college students’
positive emotions.

By visualizing the two databases, we analyzed the seasonal and spatial variability
of campus green space indicators and college students’ emotions. Pearson’s correlation
analysis showed that all three indicators of campus green space had significant or highly
significant positive correlations with college students’ positive emotions.

(2) Campus green space has a significantly beneficial impact on college students’
positive emotions.

By constructing the individual-time, double fixed-effect model, we clarified that
campus green space has a large degree of influence on college students’ positive emo-
tions (R2 = 0.384). After comparing the impact coefficients of the indicators in the model,
we determined that the human perspective indicators—mainly GVI (0.273) and quality
(0.184)—have a significant effect on college students’ positive emotions; this indi-
cates differences in the impacts of different campus green space indicators on college
students’ emotions.

(3) The emotional health benefits of campus green spaces before and after COVID-19 differ.
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Compared with the regression results of the data before COVID-19 (R2 = 0.216), cam-
pus green space during the epidemic prevention and control period explained a higher
degree of college students’ positive emotions (R2 = 0.545); this indicates that during the epi-
demic prevention and control period, the students’ green sensitivity increased substantially,
and the health benefits of campus green space were more significant.
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