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Abstract: The campus environment directly impacts college students’ psychological and emotional
well-being, influencing their behavioral performance and the development of their personalities.
Investigating the complex relationship between the campus spatial environment and students’ emo-
tions is crucial for designing urban environments that support mental health. Using Yuelu Mountain
National University Science and Technology City as a case study, this research developed a framework
to analyze campus environment characteristics and emotional perception. The study quantitatively
assessed emotional perceptions, examined the specific contributions of different campus environ-
ment elements to individual emotions, and created an emotion prediction map to explore these
relationships in depth. The results indicate that “campus greenery” and “diversity” negatively affect
“disappointment” and “depression”, while “sky views” positively impact “happiness” and “sense
of security”. Additionally, “diversity” positively affects “relaxation”, and “campus greenery” and
“diversity” have negative effects on “disappointment” and “depression”, with “diversity” having a
particularly strong positive effect on “relaxation”. The pronounced spatial clustering of emotional
perceptions on campus further underscores the significant influence of the campus environment
on individual emotional experiences. As the first study to explore the mechanisms underlying
the emotional perceptions of Chinese college students in relation to the campus environment, this
research overcomes the limitations of traditional environmental assessment indicators by identifying
campus environmental elements and psychological factors that better align with the psychological
needs of college students. This provides a scientific basis for optimizing campus environments based
on the emotional perceptions of students, thereby supporting mental health promotion and guiding
campus environment construction. Moreover, the research methodology is broadly applicable. The
integration of campus environment image data and deep learning offers a significant tool for assessing
campus space and environmental perception, thereby enhancing human-centered environmental
assessment and prediction while more accurately reflecting architectural space perception.

Keywords: campus environment images; deep learning; university campus environment; emotional
perception; emotional prediction mapping

1. Introduction
1.1. Background

Rapid urbanization has had a considerable impact on occupants’ mental health [1–3].
In recent years, numerous studies have shown that physical characteristics of the urban
environment, including green coverage, air quality, and spatial layout, can significantly
affect residents’ emotional state and mental health levels [4–8]. However, due to high
population density, severe air pollution, inadequate public facilities and other challenges
arising from urbanization, maintaining the health of residents has become a significant
challenge for future cities [9,10]. Particularly for college students, whose mental health
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status is directly related to personal growth, academic achievement, and social adaptability,
this issue is critical. Therefore, this research focuses on this urgent matter with the aim of
exploring the intricate connections between campus environments and college students’
emotional perceptions, thereby providing a scientific basis for constructing a campus
environment that better supports students’ mental health.

In the Blue Book on Mental Health, China’s National Mental Health Report 2022, pub-
lished by the Chinese Academy of Sciences, the mental health status of nearly 80,000 Chinese
university students was investigated, and it was found that the detection rates of depres-
sion and anxiety risks were approximately 21.48% and 45.28%, respectively. These data
highlight the severity of college students’ mental health problems and the urgency of
intervention [11].

As they are not yet fully mature and stable inside, they are most strongly disturbed by
the environment. As an important part of the city and the main place for college students
to live, study, and perform activities [12], the university campus affects their material and
spiritual needs [13]. Campus street space plays an important role in traffic, aesthetics,
and community interaction [14], and has a positive impact on enhancing neighborhood
activity [15] and reducing personal stress [16] while promoting urban development [17].
Elements of the campus environment, such as “campus greenery”, “diversity”, and “sky
views”, may have a direct or indirect impact on students’ emotions through various sensory
channels, including vision, hearing, and smell. Therefore, exploring the complex association
between campus spatial environments and human emotions is important for building urban
environments consistent with mental health.

However, although existing studies have recognized the importance of the campus
environment to students’ mental health, the mechanisms by which specific elements of
the campus environment influence students’ emotional perception remain underexplored.
This study uses Yuelu Mountain National University Science and Technology City as a
case study. By constructing an analysis framework that links campus environment with
emotional perception and employing street view images and deep learning, it aims to
extract and analyze campus environment features and quantitatively evaluate emotional
perception. The study seeks to fill the research gap regarding the impact of the campus
environment on students’ emotional perception. By revealing the underlying connections
between campus environment elements and students’ emotional perception, the research
will provide a scientific basis for optimizing and improving campus environments, thereby
promoting students’ holistic development and healthy growth.

1.2. Literature Review

According to Stress Reduction Theory (SRT) [18] and Attention Restoration Theory
(ART) [19], people’s perception of the environment may directly affect their mood. A
favorable urban environment has a positive effect on mood [20,21]. Meanwhile, the street
environment plays an important role in residents’ emotions [22–24], but most of the studies
on the effect of street space on emotions have focused on vegetation [25], and the relation-
ship between the role of other street view elements and emotions has yet to be investigated.
Due to the limitations of science and technology, most of the previous measurements on
the effect of environment on mood have been conducted by questionnaires, interviews, and
on-site observation research methods [26–28], through participant ratings or GIS-derived
measures [29]. With the advancement of technological development, some sensing devices
that capture signals of physiological responses induced by the environment have been used
in many studies to measure human emotions and preferences [30,31]. Most of the above
studies are conducted in real or simulated environments, which are mostly limited and
require significant human, material, and time costs [32,33]. Therefore, there is a need for
more in-depth and specific studies on the emotional impact of street environments using
more advanced research techniques and tools.

From the perspective of emotional perception, we identified six major emotional
perception indicators. Based on the biophilia hypothesis, savanna preference, attention
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restoration theory, stress reduction theory, and other theories and mechanisms related to na-
ture and human health, the effects of the urban environment on emotions can be categorized
into three categories: emotions, attention, and stress [34]. People’s perception of the built
environment refers to their feelings about the environment in which they are located; for
example, safety scores measure how safe people feel in their environment; therefore, when
assessing feelings of safety based on street view images, participants will first hypothesize
how safe they would feel if they were located in such an environment [35]. “Feeling safe”,
as the most important indicator of perceived urban architecture, reflects important factors of
survival. Studies have shown that environmental factors are crucial in shaping individuals’
sense of security in public spaces, including campuses [18], with certain environmental
factors being positively correlated with urban crime and the fear of crime [36]. Feelings of
depression and stress are closely related to students’ mental health. An analysis by Gascon
et al. (2015) [19,37] found that exposure to green spaces was associated with lower levels of
depression. Their findings suggest that the presence of green environmental elements can
provide users with a refuge from stress, offer restorative experiences, and improve mood
and cognitive function. This indicates that the characteristics of different environmental
factors can lead to varying levels of health-related behaviors [38]. “Depression” is directly
related to mental state, and prolonged exposure to depressive environments can increase
psychological stress, leading to depression and anxiety [39,40]. Beautiful and healthy cam-
pus spaces can be seen as a restorative environment, reducing stress and restoring focus,
and when exposed to such spaces, people also appear to recover from stress and show
improved positive mood. In addition, “disappointment”, “happiness”, “focus”, and “relax-
ation” are important indicators. When environmental factors fail to meet expectations or
needs, disappointment manifests as a negative emotional reaction, thereby reducing overall
emotional satisfaction and emotional well-being [41]. Concentration is a cognitive state
that is highly sensitive to environmental factors. The design and layout of environmental
elements can significantly impact the ability to focus attention, with noisy and visually
distracting environments notably diminishing attention and learning capacity [42]. The
concept of happiness helps to evaluate the success of physical space in contributing to
positive and healthy emotions [43]. Urban space design elements can significantly enhance
relaxation by providing opportunities for rest and rejuvenation [18]. Therefore, on this
basis, this study adopted six indicators extracted from the psychological scales of the
above three dimensions: “depression”, “disappointment”, “concentration”, “relaxation”,
“happiness”, and “relaxation”. These six indicators represent people’s perception of the
urban environment, including both positive and negative aspects [44,45].

Existing research has confirmed the correlation between the campus environment and
emotional perception, showing that learning spaces are strongly connected to psychological
well-being [46]. Campus greenery [47,48], sky landscape [49–51], daylight and vision [52],
and building facades [53] have positive or negative impacts on emotions, inducing vari-
ous emotional experiences. The objective of emotional perception studies is to uncover
students’ positive and negative attitudes towards specific environmental elements within
the built environment. Analyzing emotional perception within environmental contexts
has always been considered both challenging and important, with artificial intelligence
playing a crucial role in enabling machines to understand, infer, and respond to human
emotions within the built environment [54–58]. While existing literature on the connection
between environment and emotional perception has laid a foundational basis [59–61],
there remains a gap in understanding how specific elements of the campus environment
influence students’ emotional perception. Traditional research, which often relies on broad
environmental assessment indicators, fails to capture the nuanced ways in which particular
campus environmental factors influence students’ emotional well-being. This lack of spatial
specificity can lead to a general understanding of environmental impacts that is insufficient
for informing targeted interventions in campus design. Therefore, this research focuses on
how specific elements of the campus environment affect the emotional perception of college
students. It explores methods to enhance students’ emotional perception and mental health
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from their personal perspectives, utilizing Attention Restoration Theory (ART) and Stress
Recovery Theory (SRT). The findings aim to provide robust support for constructing a
healthy campus environment that meets the psychological needs of students.

The elements of the campus environment used in the study were determined through
a combination of architectural design principles and image analysis techniques. The
following three main issues were focused on: firstly, the definition and categorization of
campus environment elements by existing studies; secondly, the ease with which specific
elements of the environment can be extracted and described; thirdly, the operability of
existing image semantic segmentation techniques. In this study, the campus environment
elements are encapsulated into six categories: campus greenery, sky views, building
frontage, motorization, motility, and diversity. Campus environment elements are defined
by terrain and greenery, sky, building, sidewalk and rider, road, and other diverse design
elements, including traffic lights and cars, which cover most of the key urban design
elements defined by Ewing and Handy (2009, p. 72) [62]. These six elements describe most
variables related to the campus environment’s mood, as Zheng and Amemiya (2023) [63]
describe how street greening positively affects landscape perception, and Gen and Pendola
(2008) [64] highlight the relationship between building facades and perception. Elements
such as transparency and image ability, which have a weak relative presence, are not
accounted for in this study because they do not produce overly biased results.

Overall, current academic research on multi-source big data of street view images
provides a solid foundation for this study [65–67], but fewer studies assess the relationship
between the urban environment and mental health through street view image data, and
the scope of existing studies is limited. This study aims to examine the impact of university
campus space on students’ emotions from the perspective of the campus space environment,
offering the possibility of building a mentally healthy campus based on students’ emotional
perceptions. As mentioned previously, existing research on street view images and human
emotional perception mainly focuses on assessing street spatial quality using street view
images, with insufficient research on the relationship between the urban environment
and mental health. Additionally, there is a gap in research discussing the relationship
between the campus environment and students’ emotional perception in depth. This study
aims to use campus environment images to assess students’ emotional perceptions of
the campus environment and examine the impact of campus environment elements on
students’ emotions. Specifically, it addresses the following two issues: 1. Constructing a
framework for environmental emotional perception using YLMNUSTTC (Yuelu Mountain
National University Science and Technology City) as an example, quantifying the impact
of university campus space on students’ emotions, and providing a predictive mapping of
students’ emotions across the entire YLMNUSTTC campus. 2. Using virtual simulation
experiments to realistically experience the campus environment panoramic image, obtain
a more realistic scene perception, and ensure the research process aligns with humanistic
research concepts.

By combining deep learning technology with campus environment image data, this
research develops a more human-centered approach to assessing environmental emotions.
This method more accurately captures architectural spatial perception, identifies campus
emotional hotspots, and facilitates personalized design interventions. Focusing on Chinese
college students, this study fills a significant gap in the research on the relationship between
campus environments and students’ emotional perceptions in China. It offers a new
perspective on the intersection of environment and emotion and holds practical significance
for improving the urban environment to support mental health.

2. Materials and Methods
2.1. Research Framework

In this paper, we constructed a university campus environment emotional perception
framework (Figure 1) to investigate the relationship between the campus environment
and college students’ emotional perception. This framework comprises the following
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three main parts: (1) Campus environment image acquisition and preprocessing, including
campus environment images and emotional perception data. Campus environment image
database: We used Open Street Map (OSM) to acquire road network data and called the API
port of the free and open Baidu map platform (https://map.baidu.com) (accessed on 20
February 2023) to achieve batch acquisition of campus environment images. We performed
color calibration and distortion correction to constitute the campus environment image
database of YLMNUSTTC. Emotional perception data: We collected emotional indicator
data of specific campus environment elements through virtual simulation experiments
and the Questionnaire Star online platform. (2) The research methodology, comprising
campus environment elements extraction and the emotional perception prediction model.
Campus environment image element extraction: We performed semantic segmentation
and element extraction based on the DeepLab v3+ model. Emotional perception predic-
tion model: We analyzed the correlation between campus environment and emotional
perception, constructed a MaxDiff emotional perception quantitative index, and carried
out emotional perception prediction of the campus environment using the XGBoost model.
(3) Results presentation, including semantic segmentation results, emotional perception
results, relevance association results, and emotional perception prediction results.
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2.2. Research Data
2.2.1. Study Area

Changsha, located in Hunan Province, China, between longitudes 111.54◦–114.15◦

East and latitudes 27.51◦–28.40◦ North, consists of six main districts: Furong, Tianxin,
Yuelu, Kaifu, Yuhua, and Wangcheng (Figure 2). Changsha City has 57 higher education
institutions, positioning it as the leader in science and technology education in Hunan
Province. Among these, YLMNUSTTC hosts more than 20 colleges and universities, includ-
ing Central South University, Hunan University, and Hunan Normal University. It also
houses 57 key laboratories at both the national and provincial levels, over 40 academicians,
more than 300,000 university students, and over 100,000 innovation and entrepreneurship
teams and researchers, with a core area encompassing approximately 24.65 square kilo-
meters. This area is not only a major base for higher education in Changsha, but also a
significant education hub with considerable influence across China. The Third Plenary
Session of the 20th Central Committee of the Communist Party of China (CPC) emphasized
that “education, science and technology, and human resources constitute the foundational
and strategic support for Chinese modernization”, underscoring the importance of the
university environment for contemporary university students. This study selects YLM-
NUSTTC as a representative study area to comprehensively understand the role and value
of the university campus environment in promoting students’ mental health. The sample
selection incorporates a variety of campus forms, including open and closed campuses, to
reflect the problems and characteristics associated with different campus configurations.

Buildings 2024, 14, x FOR PEER REVIEW 7 of 25 
 

foundational and strategic support for Chinese modernization”, underscoring the im-
portance of the university environment for contemporary university students. This study 
selects YLMNUSTTC as a representative study area to comprehensively understand the 
role and value of the university campus environment in promoting students’ mental 
health. The sample selection incorporates a variety of campus forms, including open and 
closed campuses, to reflect the problems and characteristics associated with different cam-
pus configurations. 

 
Figure 2. Campus environment image collection area of YLMNUSTTC, Changsha. 

2.2.2. Research Data 
(1) Campus image data 
In this study, sampling points of the road network were obtained using Open Street 

Map (OSM). The Baidu Map API was then utilized to acquire images of the YLMNUSTTC 
campus environment, followed by data preprocessing, including color calibration and dis-
tortion adjustment. DeepLab v3+ was employed for semantic segmentation and element 
extraction of the campus environment images. There are three main steps: 

Firstly, images of the campus environment in YLMNUSTTC, which includes six col-
leges and universities (Hunan University, Hunan Normal University, Central South Uni-
versity, Shuda College of Hunan Normal University, Hunan Administrative College, and 
Hunan College of Art and Vocational College) were crawled using Python. Based on OSM 
data, 13,344 sampling points were established, and the map vector data were imported to 
filter the road network data for Changsha YLMNUSTTC, covering 11 roads in total. Sam-
pling point was generated at 20-m intervals, and the road network was processed to in-
crease the density hierarchically based on node importance, with 10-m intervals for im-
portant nodes and 15-m intervals for secondary nodes. 

Secondly, the WGS-84 coordinate system of the sampling points was converted to the 
Baidu coordinate system, and the Baidu Map API was used to obtain the campus envi-
ronment (https://map.baidu.com). The images were saved in JPG format in a local folder. 
To maximize resolution, 32 images of 512 × 512 pixels were generated for each sampling 
point, resulting in a total of 1,105,856 images. High-definition panoramic images were 
formed by stitching together 34,558 individual images (Figure 3). To ensure the accuracy 
of spatial sentiment measurement and the comprehensiveness of information acquisition, 
campus environment images from June 2014 to June 2022 were collected. Strict screening 
was performed after acquiring the large-scale campus environment images, and the most 

Figure 2. Campus environment image collection area of YLMNUSTTC, Changsha.

2.2.2. Research Data

(1) Campus image data
In this study, sampling points of the road network were obtained using Open Street

Map (OSM). The Baidu Map API was then utilized to acquire images of the YLMNUSTTC
campus environment, followed by data preprocessing, including color calibration and
distortion adjustment. DeepLab v3+ was employed for semantic segmentation and element
extraction of the campus environment images. There are three main steps:

Firstly, images of the campus environment in YLMNUSTTC, which includes six col-
leges and universities (Hunan University, Hunan Normal University, Central South Uni-
versity, Shuda College of Hunan Normal University, Hunan Administrative College, and
Hunan College of Art and Vocational College) were crawled using Python. Based on OSM
data, 13,344 sampling points were established, and the map vector data were imported
to filter the road network data for Changsha YLMNUSTTC, covering 11 roads in total.
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Sampling point was generated at 20-m intervals, and the road network was processed
to increase the density hierarchically based on node importance, with 10-m intervals for
important nodes and 15-m intervals for secondary nodes.

Secondly, the WGS-84 coordinate system of the sampling points was converted to
the Baidu coordinate system, and the Baidu Map API was used to obtain the campus
environment (https://map.baidu.com). The images were saved in JPG format in a local
folder. To maximize resolution, 32 images of 512 × 512 pixels were generated for each
sampling point, resulting in a total of 1,105,856 images. High-definition panoramic images
were formed by stitching together 34,558 individual images (Figure 3). To ensure the
accuracy of spatial sentiment measurement and the comprehensiveness of information
acquisition, campus environment images from June 2014 to June 2022 were collected. Strict
screening was performed after acquiring the large-scale campus environment images, and
the most current and representative images corresponding to each point were selected to
make the results more accurate and valuable.
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Finally, the campus environment images were subjected to data preprocessing and
element extraction, including color calibration and distortion adjustment. White balance
and brightness adjustments were applied using OpenCV, geometric adjustments were
made using Adobe Lightroom to eliminate lens aberrations, and image enhancement
was performed to improve resolution. These steps primarily aimed to eliminate color
differences, reduce aberrations, and ensure accurate image segmentation of the campus
environment images. Additionally, semantic segmentation and element extraction of the
campus images were conducted using DeepLab v3+.

(2) Campus Environment Emotional Platform
In this paper, an online platform “Campus Emotional Perception Questionnaire” was

established in YLMNUSTTC, China, from September 2023 to January 2024, to obtain the
ratings of university students’ emotional perception of the campus environment. Firstly,
563 panoramic images of the campus were manually screened for online and offline evalu-
ation, which was conducted in the form of questionnaires online and virtual simulation
experiments offline. The evaluation method used a comparative choice, each time three
panoramic images were randomly selected for VR experience, and college students chose
the scenes that best met the emotional indicators and the scenes that least met the emo-

https://map.baidu.com
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tional indicators, such as “Which of these three scenes makes you feel the most secure?”
“Which of these three scenes makes you feel the most insecure?” (Figure 3). The final
results were “depression”, “disappointment”, “concentration”, “happiness”, “relaxation”,
and “security”.

Since, the individual’s own attribute factors will affect the perception of the envi-
ronment, different people have personal opinions about different scenes, and the public
review method is complicated, has a large workload and is unrepresentative; 139 college
students with architectural and urban and rural planning education background who
have lived in YLMNUSTTC for two years or more and relevant experts were selected
to participate in this research: 30 experts in the field of architecture and planning, and
109 university students and postgraduate scholars with educational background. Of these,
78.42 per cent were in the 18–25 age group and 12.23 per cent in the 26–40 age group,
and a total of 24,480 pairs of comparative data were collected. Depending on individuals’
familiarity with the environment, the same environment may receive different evaluations.
The students and field experts selected for the survey are affiliated with Central South
University, Hunan University, Hunan Normal University, and other institutions within
Yuelu Mountain National University Science and Technology City.

2.3. Research Methodology
2.3.1. DeepLab v3+

DeepLab v3+ is one of the most advanced image segmentation models, which is
based on the Deep Convolutional Neural Network (DCNN) architecture, and achieves
efficient and accurate pixel-level classification of images through the Encoder-Decoder
(ED) architecture, combined with the Avoidance Space Pyramid Pooling (ASPP) module
(Figure 4) [68]. DeepLab v3+ has improved in terms of architecture, module improvements
and features over previous versions, making it perform better on semantic segmentation
tasks [69]. Compared with the FCN [70] and SegNet [71] models, DeepLab v3+ is dis-
tinguished by the introduction of dilated convolution and significant improvements in
model architecture. Compared with its predecessor, the DeepLab v3, DeepLab v3+ further
optimizes segmentation results by incorporating a simple and effective decoder module.
Particularly for target boundary information, it ensures that each convolutional output
contains a broader context of boundary information without losing essential details, while
integrating multi-scale information to achieve higher accuracy.
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The study used DeepLab v3+ model for semantic segmentation and element extraction
of environmental images of university campuses in Yuelu District. DeepLab v3 uses Xcep-
tion family as the backbone feature extraction network, providing two backbone networks,
Xception and MobileNet v2 [68]. The Mean IoU (mIoU) = 72.31%, mPA (mean Pixel Accu-
racy) = 82.52%, mPrecision (mean Precision) = 84.28%, and mRecall (mean Recall) = 82.52%
for the model.

2.3.2. MaxDiff Perceptual Quantization and the XGBoost Prediction Model

The study collected comparison results through offline experimental data collection
and online procedural surveys, and transformed the results of the maximum differentia-
tion comparisons into scores through the MaxDiff model. MaxDiff greatly improves the
efficiency of the pairwise comparison method and compensates for the disadvantage of too
many comparisons caused by the pairwise comparison method. Scores correspond to the
six sentiment indicators through the following MaxDiff formula:

Hi =
Pi − Ni

Si
(1)

Among them, Pi,Ni, and Si refer to the image with the most number of times, the
least number of times, the attribute appearing in the image, the number of times the
i ∈ {“depression”, “disappointment”, “concentration”, “happiness”, “relaxation”, “security”};
Hi ∈ [−1, 1]. Compared to men, women had a higher motivation to participate, and 65.47%
of the target participants were women. This paper categorized the emotion levels of college
students when they saw images of the campus environment, with scores ranging from
−1 to 1. A score of 1 represents extremely high emotional perception, and a score of −1
represents extremely reverse emotional perception. Each volunteer scored the emotions of
180 campus environment images, and the scores were recorded by the emotional platform.
Based on the final scores, the six emotion indicators were categorized into high emotion
values Hh and low emotion values Hl with two categories: Hm ∈ [−0.2, 0.2]. The values in
this region will be ignored because the values in region Pi are approximately the same as in
region Ni, representing great instability and ambivalence.

The XGBoost model will be used to predict spatial emotional perception maps. Through
the comparison of several prediction models, the XGBoost model demonstrated superior
performance and high accuracy on six emotional state indicators (Table 1). It is a synthetic
algorithm that combines basis functions and weights to form a good fit to the data. The
core idea is to correct the prediction error of all previous trees by iteratively adding new
decision trees. Each of the six sentiment scores is used as the dependent variable, while
the spatial element segmentation results are used as the independent variables. Seventy
percent of the data are used for training and thirty percent for testing and cross-validation.
Particle swarm algorithm optimization was performed on XGBoost parameters such as
learning rate, number of estimators, maximum depth, minimum sub-node weights, and
Gamma to find the best parameter values for training and model prediction. The average
accuracy of the XGBoost model prediction (Table 2) demonstrates its stability.

Table 1. Comparison of the average accuracy of prediction models.

XGBoost Random Forest KNN BP Neural Network

Accuracy (%) 70.61 60.40 60.75 62.07
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Table 2. XGBoost model predictions for mean accuracy, precision, recall, F1.

Security Depression Disappointment Relaxation Happiness Concentration

Accuracy (%) 70.45 75.79 69.89 77.42 68.75 61.36
Precision (%) 67.39 78.57 65.90 76.60 71.42 60.42

Recall (%) 73.80 70.21 69.04 78.26 68.63 65.91
F1 (%) 70.45 74.15 67.44 77.42 70.00 63.04

2.3.3. Spatial Autocorrelation Analysis of Emotional Perception

In this study, Global Moran’s I and Anselin Local Moran’s I were used to calculate the
autocorrelation of students’ emotional perceptions in the university campus environment
in Yuelu District. The significance of this index was assessed by calculating Global Moran’s
I, Z-score and p-value [72], as shown in the following equations:

I =
n
S0

=
∑n

i=1 ∑n
j=1 Wi,jZiZj

∑n
i=1 Z2

i
(2)

S0 = ∑n
i=1 ∑n

j=1 Wi,j (3)

The Zi score for statistics is calculated in the following form:

Zi =
I − E[I]√

V[I]
(4)

Among them, I is Global Moran’s I and Zi is the element of the attribute with its
mean value

(
Xi − X

)
deviation of the element’s attributes from its mean value; Wi,j is the

deviation of the elements and the spatial weight between them, which is equal to the total
number of elements; S0 is the aggregation of all spatial weights between E[I] and V[I],
which denotes the expectation and variance of Global Moran’s I, respectively.

If Global Moran’s I > 0 (p < 0.05), it indicates a positive spatial correlation, i.e., emo-
tional perceptions are significantly clustered spatially; if I is equal to or close to 0, it indicates
that there is no spatial autocorrelation in the neighboring regions, and the relationship
between the specific Z scores, p-values, and significance is as follows (Table 3). The analysis
was conducted using two main software programs: ArcGIS 10.8 and GeoDA 1.22.

Table 3. Relationship between Z-score, p-value, and significance.

Z-Score p-Value Confidence Level

<−1.65 or >+1.65 <0.10 90 percent
<−1.96 or >+1.96 <0.05 95 percent
<−2.58 or >+2.58 <0.01 99 percent

3. Results
3.1. Campus Environment Image Semantic Segmentation Results

The spatial element segmentation in YLMNUSTTC reveals both distinct patterns
and unique characteristics (Figure 5). Zone A demonstrates rich diversity (Figure 5a)
due to its location at the base of Yuelu Mountain and the presence of cultural landmarks
like Yuelu Mountain and Aiwan Pavilion, which contribute to its high-quality design
elements. Serving as the primary educational area for Hunan University, Central South
University, and Hunan Normal University, Zone A shows a medium-high proportion of
pedestrian space (Figure 5d) but features low-quality campus greenery (Figure 5e). Within
Zone A, the southern CSU campus demonstrates higher motility (Figure 5f), whereas the
northern Hunan Normal University area and the central Hunan University area exhibit
lower motility. This variation is attributable to campus types; Hunan University and Hunan
Normal University, as open universities, engage in activities that extend into surrounding
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areas, thereby reducing and dispersing motility. In contrast, Central South University,
Hunan Arts Vocational College, and Shuda College of Hunan Normal University are closed
campuses with concentrated and gathered crowds, resulting in higher motility.

Figure 5. Extracted presentation of six types of spatial elements.

Zone B, which includes a closed university campus and an adjacent commercial plaza,
shows low to medium building facade visibility (Figure 5b). The commercial plaza, due
to its functional design and open environment, exhibits higher building facade visibil-
ity. The closed university area, constrained by its functional requirements and greenery,
shows lower sky views visibility (Figure 5c). Due to the high building density in Zone
C, which supports the university and provides reserve housing resources, it exhibits low-
quality motorization, medium-high quality campus greenery, and medium-high motility.
From the perspective of sky views, Zones D and E, characterized by higher topography
and more open surfaces near the university campus, exhibit high-quality sky views and
campus greenery.

3.2. Predictive Maps for Emotional Perception

Using the ArcGIS 10.8 fishing net tool, the study area was divided into uniform grid
cells measuring 85 m × 85 m, and predictions for six sentiment indicators were performed
within each grid cell. The prediction results for each grid cell were aggregated to generate
the final predictive maps for the six sentiments, illustrating their distribution and variations
within the geospatial space. Positive values represent favorable effects, negative numbers
represent adverse effects, and the absolute values indicate the magnitude of these effects.
Figure 6 presents the quantitative mood predictions for the six different indicators across
the study area, with warmer colors indicating positive effects and more intense colors
representing stronger positive effects, and vice versa.
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Overall, various spatial elements affect students’ emotions, with some emotional
predictive distributions exhibiting similar spatial patterns to these elements. Region A
shows a strong low preoccupation emotion, which is unexpected, while the Open University
area of Region A shows a distinct positive mood perception of anticipation, and a medium
to high degree of positive happiness and relaxation. This area also shows localized negative
emotions of disappointment above 5 and loss of security less than −4. Compared to the
scenic areas within the university city, the high building density and less greenery in
the campus teaching area were more likely to produce depressed and unfocused moods.
In contrast, more focused, secure, and non-depressed moods were concentrated around
the Houhu and Tianma neighborhoods due to high-quality greenery and relatively low
building densities.

It is evident that landscape greenery can effectively reduce students’ depression index
and enhance the spatial interest, thereby improving concentration and security. In Area
C, moods are characterized by medium-high levels of pleasantness and concentration,
low levels of depressive feelings, high rates of disappointment, and lower relaxed mood.
Conversely, in the mixed university and tourism area close to Yuelu Mountain, the building
facade elements are less prominent, and the low motorization level, high motorization, and
high diversity and skyscape levels form positive emotions such as high relaxation, high
pleasure, and concentration, creating a relatively harmonious atmosphere. In the traffic
area of the campus landscape, pedestrian space occupies more space, and the sky views
and diversity are at a high level, resulting in a lower level of concentration and feelings
of pleasure and safety. The influence of spatial elements on mood is complex and multi-
faceted, further affected by factors such as socio-economic status geographical location, and
cultural background. This study focuses solely on the influence of existing campus spatial
environments on mood. Future research can further explore how to create a more positive
and healthy mood atmosphere by optimizing spatial design and environmental planning.
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3.3. Results of Correlation Analysis

This section discusses both Global Moran’s I and Anselin Local Moran’s I. Global
Moran’s I indicates the presence of spatial clusters or outliers, while Anselin Local Moran’s
I reveals the spatial distribution.

A global spatial autocorrelation analysis was conducted using the spatial autocorrela-
tion function in ArcGIS. Table 4 presents the results of Global Moran’s I calculations for
the study area. Global Moran’s I indicates a positive spatial autocorrelation of emotional
perceptions across the campus, meaning areas with high or low values tend to cluster
spatially. The p-value is typically less than 0.05, and the Z-score usually exceeds 1.65, which
meets the 99% confidence level, thereby rejecting the null hypothesis.

Table 4. Global Moran’s I.

Global Moran’s
I Index p-Value Z-Score Confidence

Coefficient Pattern

Happiness 0.173687 0.000000 44.972916 99 per cent Clustered
Concentration 0.287764 0.000000 74.493483 99 per cent Clustered
Disappointment 0.329239 0.000000 85.226579 99 per cent Clustered

Depression 0.379017 0.000000 98.107986 99 per cent Clustered
Security 0.164829 0.000000 42.680497 99 per cent Clustered

Relaxation 0.228221 0.000000 59.085108 99 per cent Clustered

Spatial local autocorrelation analysis classified points with spatial clustering rela-
tionships into four types: high-high clustering (HH), high-low clustering (HL), low-low
clustering (LL), and low-high clustering (LH) (Figure 7). High-high clusters of pleasure and
relaxation are distinctly distributed in the southern region at the foot of Yuelu Mountain,
primarily the main gathering area of open universities. This may be attributed to the open
campus design, which enhances the perception of relaxation and pleasure. Similarly, the
region exhibits low-low clustering of disappointment and preoccupation, suggesting that
open university environments foster positive emotions, characterized by higher diversity
and lower motility. However, two areas within the region also exhibit significant high-high
clusters of depression. The closed university campus in the southern part of the plot also
exhibits significant high-high clusters of depression, while the secondary teaching campus
in the western part of Yuelu Mountain and the non-teaching area in the southernmost part
of the plot exhibit low-low clusters. This may be attributed to the more relaxed building fa-
cades, open spatial layout, and adequate campus greening in these areas. The western part
of Yuelu Mountain features a more relaxed teaching atmosphere, while the southernmost
area of the secondary commercial support zone has a more relaxed academic environment.

Cold spot analysis was conducted using the Getis-Ord Gi* statistic of ArcGIS 10.8
(Figure 8). By exploring the spatial heterogeneity of emotional perception within the uni-
versity campus environment, we gained insights into how this environment influences
students’ emotions. We identified areas with strong positive emotional perception, in-
cluding open university zones and supporting commercial areas, and areas with strong
negative emotions, such as closed campuses and the interiors of high-rise residential areas.
Additionally, the area with moderate emotional perception was the central part of the
study area. The results indicate that emotional perception levels in the central area of
Yuelu Mountain are significantly higher than in the surrounding areas. Similarly, areas
with lower emotional perception were concentrated in the southern region, exhibiting a
point-like distribution.
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Characteristic importance analyses of the relative importance of the six types of spatial
elements (Figure 9) provide valuable insights into spatial design. For the mood of “depres-
sion”, “motorization” has the highest relative importance (0.31), followed by “building
facade” (0.26). Motility is closely linked to depression as it encompasses factors that trigger
stress and attentional depletion—constant cognitive load, lack of opportunities for stress re-
covery, increased stress, sensory overload, social isolation, and physical exhaustion. These
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factors collectively highlight the significant role of motility in contributing to depression.
Particularly in the context of Yuelu Mountain National University Science and Technology
City, high-motility environments are characterized by constant movement, traffic flow,
and rapid decision-making. The absence of environmental factors that alleviate learning
pressure forces college students to maintain a high degree of attention to directional traffic,
which continuously strains their cognitive resources and diminishes the cognitive recovery
described by ART. Additionally, noise and visual stimuli in high-motility environments
decrease emotional resilience, while social deprivation and isolation contribute to higher
levels of depression.
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For the mood of “disappointment”, “diversity” (0.27) and “building facade” (0.25)
had the highest relative importance. “Diversity” has the strongest impact on “disap-
pointment” and is negatively correlated. Diverse design elements and inclusive cultural
experiences offer unique and enriching opportunities for students to engage in various ac-
tivities, social interactions, and educational pursuits, thereby significantly reducing feelings
of disappointment.

For the emotion of “security”, all six factors had similar importance, with diversity
(0.22) being the highest. The diversity of university campus environments reflects a wide
range of cultural, social, and functional characteristics, ensuring that diverse student groups
can find spaces that resonate with them. Diversity also offers various options for interac-
tive activities such as sports gatherings, which enhances their sense of security through
redundancy and choice. Therefore, diversity is strongly correlated with a heightened sense
of safety.

For “pleasure”, “building facade” (0.25) and “motorization” (0.20) had the highest
relative importance. Building facades are crucial in shaping the character and identity of
a university, particularly at Yuelu Mountain National University Science and Technology
City. The facades of university towns frequently feature traditional classical Chinese
architectural elements such as sloping roofs, upturned eaves, and ornate details. Tiled roofs,
decorative wood beams, and red brick foster a deep sense of cultural continuity and identity.
These architectural features evoke a sense of cultural pride among students and strengthen
their emotional attachment to the campus environment. At the same time, the excessive
display of building facades can also lead to psychological pressure and reduced attention
recovery among college students, potentially resulting in depression and other negative
emotions. Therefore, for “happiness”, the feature of “building frontage” plays a pivotal
role. In contrast, while “campus greenery” and “sky views” are generally associated with
positive emotions, their influence on happiness is more subtle and indirect, rendering them
less critical. In the campus environment of Yuelu Mountain National University Science
and Technology City, where architectural features are highly valued, greenery and sky
views are typically regarded as complementary elements rather than primary contributors
to happiness.

When it comes to relaxation, “motility” is the most significant factor (0.24) and exhibits
a negative correlation, while “campus greenery” holds the lowest importance and is
positively correlated. Motility induces stress and attentional depletion, which detracts from
the overall experience of relaxation. Although greenery may not be the primary contributor
to relaxation, it still exerts a beneficial, subtle effect. In environments characterized by
high motility and functional priorities, the role of greening is perceived as secondary
and nuanced.

For “concentration”, “greenery” (0.35) had the highest relative importance, while “sky
views” and “diversity” had almost no importance. These findings indicate that different
environmental factors affect the distributional characteristics of emotions. At the same time,
we find that “building frontage” is the most significant factor contributing to happiness and
ranks as the second most important factor for depression, relaxation, and disappointment.
This suggests that the primary source of happiness at YLMNUSTTC is derived from the
sense of identity and pride associated with traditional culture, with building facades effec-
tively connecting college students to the cultural heritage of the Huxiang region. However,
the prominence of building facades also highlights the challenges of high-density urban
environments, where increased building density can exacerbate psychological stress and
hinder attentional recovery. By understanding and optimizing these impacts, university
campuses can enhance student well-being by ensuring that campus environments simulta-
neously preserve cultural heritage, foster positive emotional perceptions, and address the
modernizing needs of the academic community.

This aligns with previous research [73], which found that “greenery”, “terrain”, and
“rider” positively impact street comfort, while “building”, “motorbike”, and “bicycle”
negatively affect it. However, the specific factors and psychological effects were not clearly
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defined. Another study [74] concluded that an increase in tree canopy reduces stress, and
different individuals experience varied moods related to green landscapes.

“Diversity” was positively correlated with the four positive mood indicators and
negatively correlated with “depression” and “disappointment”, suggesting that diversity
promotes positive moods in campus spaces. “Motility”, “building facades”, “motorization”,
and “sky views” were positively correlated with positive mood indicators. “Depression”
and “disappointment” are positively correlated with negative mood indicators, as complex
road traffic and dense buildings increase negative emotions. Conversely, a larger propor-
tion of the sky and a more spacious visual space on campus can generate positive emotions.
“Campus greenery” is positively correlated with “concentration” and “relaxation”, indicat-
ing that green spaces enhance environmental quality and improve spatial perception.

A challenge in validating the results is that the sentiment values predicted by the
XGBoost model are based on empirical judgments from experts, such as architects and
planners, and there are no reference standards to ensure complete accuracy. To validate the
study results, we compared the XGBoost predictions with manually scored images. The
validation was performed using manually scored images of high-high (HH) and high-low
(HL) clusters (Figures 10 and 11). The label Hh → 1 in Figure 10 indicates that the score of
high emotional values Hh tends to 1, which refers to the high range of emotional perception
scores. Hl → −1 indicates that the low emotional worthiness score Hl tends to −1, which
refers to the low range of emotional perception scores. It was observed that images with
high indicators of “security”, “relaxation”, “happiness”, and “concentration” displayed
a high degree of greenery, greater diversity, and superior quality skyscapes. Conversely,
images with high indicators of “depression” and “disappointment” exhibited a higher
proportion of building facades, with pedestrian spaces being narrower and more complex.
These findings are consistent with the predictions of the XGBoost model.
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4. Discussion
4.1. Natural Environment and Emotional Perception

Compared to the built environment, the natural environment exerts a more positive
influence on emotional perception and health. Experimental results indicate that campus
greenery significantly enhances students’ concentration and relaxation. This finding sug-
gests that the natural landscape on university campuses supports students focus and stress
relief. Factors such as high accessibility to greenspaces, the presence of water, visibility of
trees or shrubs, and well-designed landscaping contribute to increased restorative ability.
An expanded tree canopy enhances resilience by invoking a sense of “away”, as described
in ART, while physical activity in green spaces fosters restorative emotional experiences.
However, the study found that beyond a certain threshold, increased campus greenness
does not enhance restoration. Optimal restorative perceptions were observed with moder-
ate green visibility (24–34%), whereas excessive greenery resulted in negative emotional
responses due to obstructed or overly complex views.

Additionally, experimental results reveal that expansive sky views enhance feelings
of pleasure and reduce stress, thereby promoting attentional restoration. The degree of
spatial openness and the proportion of natural elements influence the restorative benefits
of natural spaces, resulting in varying emotional perceptions.

The experiments also demonstrated that areas with high-quality motility contribute
to pleasure and relaxation. However, such areas are often associated with noise and
pollution, which can induce negative emotions, distract students, and thereby reduce
learning efficiency. Implementing passive segregation units to distance from traffic can
mitigate these issues, thereby enabling public natural spaces to better fulfill their primary
function of providing a knowledge-sharing environment.

4.2. Built Environment and Emotional Perception

One reason the built environment is generally less restorative than the natural envi-
ronment is that the latter contains more comprehensible information, allowing individuals
to process emotional perceptions without extensive directed attention. Dense building
facades contribute to feelings of depression and tension, amplifying negative emotions
such as depression and disappointment, as reflected in the experimental results. Modern
university campuses often present excessive information, creating significant sensory over-
load and operational strain, leading to prolonged stress among students. Due to prolonged
engagement in high-intensity cognitive tasks, students often experience attention depletion.
They navigate environments with limited variety and repetitive pathways, encountering
monotonous architectural spaces that impede recovery. The primary condition for recovery
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involves diverting attention from exhausting tasks, yet the built environment often fails to
support this, even in the absence of additional stressors.

Therefore, well-designed architectural spaces that incorporate humanistic elements
and enhance diversity can offer meaningful restorative experiences for university students.
Spaces imbued with cultural or historical significance notably increase interest and appeal,
providing an additional mode of restoration beyond natural environments. To achieve
this, strategies involving the utilization, adaptation, and transformation of historical sites,
protected buildings, and educational exhibition gardens should be implemented. Inte-
grating historical and cultural elements into environmental design through extraction,
abstraction, and translation can reduce stress and restore attention. This approach enables
students to perceive their environment from a broader regional perspective, promoting
mental rejuvenation through expanded thinking.

4.3. Disciplinary Environment and Emotional Perception

The degree of recovery for an individual depends not only on the spatial environment’s
structure and characteristics but also on how the individual interacts with it. Both open and
closed disciplinary environments significantly influence emotional perception. Campus
diversity can significantly enhance positive emotions among students while reducing
feelings of depression and disappointment. Open campuses, such as Hunan University
and Hunan Normal University, achieve this effectively. However, these open campuses,
integrated with high mobile, diverse, and motorized urban environments, require careful
management of negative emotional impacts resulting from excessive directed attention
consumption. Excessive external stimuli hinder the recovery of undirected attention.
Despite reporting high levels of pleasure and relaxation in these areas, students are more
susceptible to external distractions due to the surrounding environment’s complexity,
which leads to decreased concentration and an unstable sense of security, particularly in
heavily trafficked and densely built locations.

In contrast, closed campuses, such as Central South University and Hunan Arts Vo-
cational College, typically feature higher levels of campus greenery and lower motility,
facilitating a quieter, more private learning environment. According to stress reduction
and attention recovery theories, such environments are conducive to reducing stress and
promoting attention recovery among students. Experimental results support this conclu-
sion, indicating that positive emotions, such as pleasure, relaxation, and concentration,
are more prevalent in closed campuses, particularly in areas with abundant greenery and
well-designed building facades. However, the homogeneous and relatively closed compo-
sition of environmental elements may also lead to elevated levels of depressive emotions.
Enhancing campus landscape elements and functional facilities, introducing non-campus
elements, and adding diverse functional areas could be beneficial. Additionally, incorporat-
ing a wider variety of plants into campus greening can create a richly layered ecological
landscape that diverts student needs and encourages active engagement.

4.4. Campus Planning and Emotional Perception

Differences in campus planning between old and new campuses result in varying
emotional perceptions. The teaching secondary campus in the west of Yuelu Mountain (the
old campus) shows a low-low cluster of depression perceptions, while the Open Univer-
sity Area in the center of Zone A (the new campus) exhibits significantly positive mood
perceptions, particularly in terms of disappointment. Additionally, this area demonstrates
medium to high levels of happiness and relaxation. The design of the new campus closely
aligns with the core principles of ART, which emphasizes that a natural environment is
crucial for restoring attentional resources depleted by prolonged cognitive activity. The
new campus is more modern and functional, offering increased green and open spaces,
which contribute to higher quality sky views and enhanced campus greenery. This design
not only enhances environmental diversity and interest, but also provides an ideal setting
for students to recover from intensive learning tasks and regain their attention, thereby fa-
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cilitating positive emotions such as happiness and concentration. New campuses are often
planned with more spacious and comfortable transportation environments, minimizing
distractions from motorized vehicles and offering a greater sense of safety and relaxation,
further contributing to concentration restoration and the experience of positive emotions.

In contrast, the old campus exemplifies the negative impact of environmental con-
straints on students’ emotional perceptions. Due to historical factors, the old campus is
characterized by high building density and relatively few green and open spaces, resulting
in low-quality campus greenery and insufficient environmental diversity. According to
Attention Restoration Theory, such an environment hampers the restoration of students’
attention, as it lacks sufficient natural elements to alleviate cognitive fatigue. Additionally,
from the perspective of Stress Reduction Theory, the environmental characteristics of the
old campus may aggravate students’ psychological stress. The low quality and diversity
of greenery increase the likelihood of experiencing negative emotions such as depression
and disappointment. Furthermore, while the low level of motorization in older campuses
may bring a certain tranquility, it also suggests problems such as poor accessibility or aging
facilities, which contribute to negative emotional perceptions such as “depression” and
“disappointment”.

5. Conclusions
5.1. Environmental Perception and Quantification of Emotions

We quantify the influence of campus environment elements on students’ emotional
perceptions by analyzing the correlation between spatial attributes and emotions, investi-
gating the relationships between emotion indicators and campus environment elements,
and conducting quantitative modeling to predict emotional states and distribution charac-
teristics across campus spaces. Additionally, these correlations are explored through the
frameworks of ART and SRT. This study adopts a student-centric perspective, aiming to
enhance emotional perception and mental health, thereby providing robust support for the
development of a campus that addresses students’ psychological needs.

The study is the first to systematically correlate the university campus environment
with students’ emotions. It extends beyond traditional environmental evaluation metrics
by incorporating campus environment elements and psychological indicators that more
closely align with the psychological needs of college students. This approach addresses
gaps in research on educational environments and student psychology, thereby laying
a theoretical foundation for future studies. The research method employed is broadly
applicable, and the use of campus environment image data represents a significant ad-
vancement in the assessment of campus space and environmental perception. This method
more accurately captures architectural space perception and provides a superior alternative
to traditional data collection methods by enabling large-scale analysis of spatial element
distributions and the visualization of spatial emotion predictions. By focusing on users’
emotions and psychology, this approach enables more effective assessment and prediction
of human-centered campus environments, offering valuable insights for the construction of
educational spaces that meet users’ psychological needs.

Compared to previous studies, this research offers a more advanced approach. Earlier
studies primarily utilized fragmented image evaluations from limited perspectives, whereas
our study employs panoramic image collection to extract spatial elements and gather
emotional indicators. This method, which includes virtual simulation experiments, allows
for a more intuitive and comprehensive experience of spatial emotions, providing a clearer
and more accurate representation of campus spaces. Additionally, this study optimizes
emotional perception indicators, aligning them more closely with the psychological needs
of campus spaces.

5.2. Limitations

The research has several limitations. First, as the campus environment images are
two-dimensional, they do not fully capture the spatial area and content, nor can they
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represent the space comprehensively in three dimensions. Future research is expected
to address this limitation. Temporally, although updated campus environment images
were manually selected and batch color correction was performed, factors such as weather,
sunlight, season, and year were not examined in detail. Additionally, some sampling points
lacked corresponding images. Future research should aim to address these limitations
through technological advancements and societal development.
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