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Abstract: As the university campus is a place for learning, conducting scientific research, and com-
munication, campus street spatial quality has an impact on its users. Therefore, refinement evalua-
tions of campus spatial quality are essential for constructing high-quality campuses. In this study,
machine learning was used to conduct semantic segmentation and spatial perception prediction on
street view images. The physical features and perception quality of the surrounding areas of the
Chongshan campus of Liaoning University were obtained. The study found that the visual beautiful
quality (VBQ) of the student living area was the highest, and the VBQ of the teacher living area was
the lowest when compared to the research and study area, student living area, sports area, and
surrounding area. Greenness and openness had positive influences on VBQ, while enclosure had a
negative influence. This study analyzed the influence mechanism operating between spatial physi-
cal features and VBQ. The results provide theoretical and technical support for campus space spatial
quality construction and improvement.

Keywords: campus street space; semantic segmentation; spatial perception prediction; physical
features; visual beautiful quality (VBQ)

1. Introduction

Currently, the construction of campuses in China has focused on high-quality devel-
opment, particularly when it comes to the quality of campus space environments [1,2].
The public has proposed refined requirements for campus space quality. Campus spaces,
which provide research, living, teaching, communication, and rest functions, have a sig-
nificant influence on the comfort and satisfaction of students and teachers. Thus, conven-
ience, comfort, and beauty have become the main factors for evaluating campus space
quality. Abu-Ghazzeh's (1999) paper found that campus space quality depends on three
main components: physical environment quality, behavioral quality, and visual quality
[3-5]. As it is an important part of the campus space, the campus street is an important
site in which to conduct a quantitative analysis of campus spatial quality. The prerequi-
sites for and difficulties in improving the quality of the campus street space involve accu-
rately quantifying the campus’ built environment and public perception.

With the increasing the numbers of buildings and facilities, some problems are seri-
ously affecting the perception of campus space, such as low greenness, less openness, dif-
ferential distribution of spatial quality, and declining environmental quality [3]. At pre-
sent, the study of campus space focuses on spatial imagery, the street landscape,
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aesthetics, the protection of the campus’ historical buildings, green ecological energy sav-
ing, and the post-use evaluation of the campus built environment [6,7].

The Chongshan campus of Liaoning University, China was selected as the study site
for this study. Firstly, the study determined 245 sample points by using ArcGIS, then pan-
oramic street view images were obtained from Baidu data sources. Semantic segmentation
was used to recognize landscape elements in the street view images, and five physical
features, including greenness and openness, were calculated. Secondly, the Place Pulse 2.0
(PP 2.0) data set was used to quantify the spatial perception in the study area. Finally, the
study comprehensively analyzed the relationship and mechanism between visual spatial
features and human perceptions by using statistical analysis. The results could be applied
to the construction and sustainable development of Chinese campuses, as they provided
a theoretical basis, and data support, for improving campus spatial quality and coordinat-
ing internal and external spatial qualities.

2. Literature Review
2.1. Campus Space Features and Visual Quality Based on Street View Images

Previous studies on space quality measurement were mainly conducted from the per-
spective of urban morphology and environmental behavior. Researchers of spatial fea-
tures used to adopt some methods, drawing from sociology, environmental behavior, and
other disciplines. These methods, such as field survey and obtaining information on both
sides of the street from existing data, involve a high workload and the need for support
from other disciplines [8,9].

Human perception and the physical elements in the street space are the important
parts of evaluating space quality [10]. Related studies have showed that spatial features
and quality are related to the physical elements in the street landscape, such as the build-
ings, sky, greening, and sidewalk. Previous studies pointed out that the greening and
open space layout, building density, and spatial features are directly affected by the be-
haviors and moods of pedestrians [11-13]. Meanwhile, the spatial features were found to
have an impact on spatial quality [14], involving factors such as the green landscape index
[15], sky openness index [16], long sight line [17], critical buildings, pedestrian space [18],
enclosure [19,20], and width of the sidewalk [21-23].

In a street environment, the physical features can accurately reflect the objective
street spatial quality, but the human overall perception cannot be obtained from these
features. Vision is the most direct way to perceive the environment, and so, some scholars
have suggested understanding the visual features of street landscapes based on visual
perception [24,25]. Some theories in previous studies have confirmed a close relationship
between perception and quality, highlighting spatial scores [26] and sensory qualities [27].
The aesthetic quality in the urban street landscape is a dimension of the human perception
environment [28], which influences the attractiveness of urban spaces [29].

2.2. Machine Learning in Semantic Segmentation and Spatial Perception

With the development of street view imagery and computer vision technology [30],
obtaining basic data and efficiently using street view images have turned out to be possi-
ble [31] (Table 1). Thus, street view images and semantic segmentation are the main data
sources and methods for processing data that enable the continuous measurement of spa-
tial and perceptual features on a large scale and with high precision, allowing for the rapid
and accurate evaluation of spatial quality in large-scale data. The problems of the large-
scale nature and difficult refinement of traditional data have been solved [32]. Machine
learning and street-level images are now widely used in research design and data analysis
for dealing with the interrelationships between complex built environment features [33].
The development of these new technologies and methods has brought about promising
potential for future research on spatial quality.
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Street view images can represent the objective environment in a city [34-36], and
thus, are important for studying the urban objective environment from subjective percep-
tions [37]. They have been used to measure street landscape features including street spa-
tial qualities, three-dimensional (3D) urban reconstructions [38-40], specific scene recog-
nition [41], investigations of plant and animal species [42—44], route selection [45], per-
ceived safety evaluation [46], street visual evaluation perception [15,47,48], and urban de-
sign qualities. Moreover, some scholars have analyzed street features in entire cities by
using street view images, and have described urban street spaces [11] using physical fea-
tures such as green view rate, openness, building interface, diversity, and road motoriza-
tion. For example, Wu used street view images and semantic segmentation technology to
quantify the visual features in the streets of Shenzhen [49].

Machine learning has been used to analyze the correlation between urban big data
and individual public perception behavior using tools such as deep learning computer
vision models and semantic segmentation [26]. On the one hand, semantic segmentation
can segregate different urban landscape elements into segmented regions along their
boundaries, creating annotated color images for differentiation and observation. With the
powerful feature extraction capability of neural networks, semantic segmentation
achieves end-to-end, pixel-to-pixel segmentation algorithms which significantly enhance
the accuracy of image segmentation [50]. This has not only been used to analyze the con-
stitutive elements in the urban objective environment [51,52], but has also solved the prob-
lem of measuring landscape elements. An influence study of urban spatial features and
spatial quality at the micro-level can be conducted [24,53-55].

On the other hand, crowdsourcing data and machine learning provide opportunities
for studying urban perception [56]. Deep-learning computer vision models provide an
opportunity to study urban perception. Related scholars have become focused on utilizing
techniques that simulate human vision to perceive the urban landscape. Researchers have
been able to recognize features and conduct spatial perception prediction in complex
street environments [57,58]. For instance, Dubey et al. trained the Place Pulse 2.0 dataset
to develop a deep-learning computer vision model which can predict up to 74% of the
perceived comparisons between two images by rating the public’s perception of 100,000
street images using labels such as ‘safe’, “vibrant’, ‘uninteresting’, “affluent’, ‘downtrod-
den’, and ‘beautiful’ [59,60]. This large-scale perception prediction approach enables au-
tomated audits of urban appearance in cities around the world. Meanwhile, urban change
has been quantified by using time-series street-level imagery [61], and the impact of urban
design on human perception has been confirmed [62]. Currently, researchers focus on
quantifying urban perception and analyzing the influence of urban perception on urban
activities and the physical environment [63]. For example, Zhang et.al. utilized a deep
residual layer network DCNN model to construct and predict six perceptual features such
as the subjective perceptual discrimination of beauty in street space [49].

Table 1. The key literature on machine learning.

Authors Year Research Method

Lee et al. [10]
2022

By using a machine learning prediction model and the
2022 SHAP algorithm, the physical and visual characteristics
that affect pedestrian satisfaction were analyzed.

Wang et al. [11]

The study analyzed the Panoramic green view index by

2022
. 2022 SegNet.
Semantic X T — P
) This study quantified both subjective and objective
Segmentation Xu et al. [19] .
2022 human-scale streetscape perceptual quality and compared

2022

the effects of the two perceptions on house prices.

Ki and Lee [64]
2021

This study examined the street Green View Index (GVI)
2021 and its associations with walking activities by using
semantic segmentation and Google View images.
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Zhang and Hu [30]

Using Google Street View and deep learning, the study

2022 2022 analyzed and studyied street-level greenery.
Sun et al. [65] The study showed the relationship between the green
2023 L .
2023 view index and visual comfort.
Using deep learning algorithms, the study tracked subtle
Zhang et al. [66] emotional responses and classified finer visual variables.
2022 .
2022 The regression results for valence and arousal were
obtained.
By using street view images and machine learning
Ye et al. [18] 2019 algorithms, an evaluation model was trained to assess
perceived visual quality.
Wang et al. [67] The s.tu<.iy used multiple line'ar regre.ssion to explain .the
2022 association between the spatial quality and the constituent
2022 .
elements of the included streets.
The st h that i h ined
Dubey et al. [59] es udy showed tha CI'OWdSOL.II'CH’Ig, when combine
2016 2016 with neural networks, can quantify perceptions of the
Space urban environment.
perceptual Using GIS, remote-sensing datasets, and deep learning
prediction Larkin et al. [60] 2021 image segmentation, the study offered a new research
2021 avenue to explore how to predict perceptions of the built
environment.
Harvey et al. [61] 2015 The study indicated a relationship between the physical
2015 characteristics of the streetscape and perceived safety.
Using a DCNN model with a deep residual layer network,
Zhang et al. [49] 2019 the study predicted six perceptual features such as the

2019

subjective perceptual discrimination of beauty in street
spaces.

3. Materials and Methods
3.1. Study Site

Liaoning University is a public university that was established in 1948 (Figure 1). The
focus of this study is the university’s Chongshan campus, which spans 477,000 square
meters and stretches 1 km from east to west and 0.52 km from north to south. Divided
into five primary sections, including research and learning, student living, sports, faculty
living, and surrounding areas, the campus is bordered by the city’s main thoroughfare to
the south and Yuhong Nujiangdong Park to the north. The city’s residential and commer-
cial areas are situated to the east and west, respectively.
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Figure 1. Study site and distribution of various types of areas.

3.2. Baidu Street View Image Collection

The use of street view images to analyze urban streets and urban environmental qual-
ity is becoming more and more common in urban scientific research, and street view pic-
tures correspond to the visual perception characteristics of pedestrians [15]. Street View
platforms such as Baidu, Google, and AutoNavi often provide APIs that allow users to
download Street View data.

To examine the relationship between spatial visual aesthetics and the physical fea-
tures of the campus and its surroundings, this study utilized OpenStreetMap (OSM) to
collect street network data in the research area, which were then input into ArcGIS. Using
the random point generation function module, the study generated 245 sampling points
at 50-m intervals and obtained the latitude and longitude coordinates of each point. To
automatically collect street view images, a Python code program was written, with the
initial pitch value set to 0°. The sampling season was selected as summer, considering the
seasonal changes in street view images, and BSVIs were collected using the Baidu Street
View Image API. This comprehensive approach allowed for a complete study of the per-
ception dimension of spatial visual aesthetics and its relationship to the physical features
of the campus and surrounding areas [67].

3.3. Street View Image Semantic Segmentation Based on Deep Learning

Semantic segmentation is a component of computer vision technology. Semantic seg-
mentation algorithms based on convolutional neural networks include fully convolutional
networks (FCNs), U-net, PSPnet, and the Deeplab series [68]. FCNs achieve pixel-level
image prediction but lose much detailed information. U-net has slow training efficiency
as the same features are trained many times, resulting in a waste of GPU resources [69].
DeeplabV3+ was presented by a Google research group based on a convolutional neural
network system. It was allowed to capture information at multiple scales and extract
denser feature maps. With an accuracy of 82.1%, it is able to recognize all forms of images.
DeeplabV3+ supports both the analysis of street landscapes with high-resolution and mi-
cro-scale evaluations in urban areas [66,70-73]. It is known for its high accuracy in
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segmenting small street spaces and its efficiency in using smaller training sets.
DeeplabV3+ solved the problem of missing detail information. DeeplabV3+ has been
widely used by some researchers in studies on street view images and semantic segmen-
tation [65,73]. Therefore, it was chosen for use in this study. The flow-chart of the
DeeplabV3+ model is shown in Figure 2.
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Figure 2. Network structure of the DeeplabV3+ model [74].

We selected and identified five important physical features. It must be noted that all
physical features can be calculated by semantic segmentation. The formulae for calculat-
ing the five selected physical features are as follows:

1 1 .
Gi =230 Tl + 230, Gy (i € (12,...,m)}, (1)

where n denotes the number of sample point images (which is 8 in this paper),
T1,denotes the proportion of tree pixels, and G,, denotes the proportion of grass pixels;

0 =231, Suli € (12,...,m)}, @

where 1 denotes the number of sample point images (which is 8 in this paper), S,, denotes
the proportion of sky pixels, and the sum indicates the total number of sky pixels in each
image;

1 1 1 .
E; =230, Bl + 230 T, + X%, Wy {i € (12,...,m)}, ®)

where 1 denotes the number of sample point images (which is 8 in this paper), B1,
denotes the proportion of building pixels, T1, denotes the proportion of tree pixels, and

W, denotes the proportion of wall pixels;

1an 1on 1¢n iyn
n i=1Cn+;2i=1Tzn+;2i=132n+52i=1vzn

V1 = s : (4)

where 1 denotes the number of sample point images (which is 8 in this paper), C,denotes
the proportion of car pixels, T2, denotes the proportion of truck pixels, B2,denotes the
proportion of bus pixels, T2, denotes the proportion of truck pixels, V2, denotes the
proportion of van pixels, and R,, denotes the proportion of roads pixels; and finally,

P =230 Rfi€(12,..,m)} ©®)

where n denotes the number of sample point images (which is 8 in this paper) and P,
denotes the proportion of pedestrian pixels.
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3.4. Spatial Perception Prediction

The spatial perception model is implemented based on methods such as Transfer
Learning. The model obtains spatial quality ranking scores by taking an image pair as
input and conducting pairwise comparisons of the images. In this study, the Place Pulse
2.0 (PP 2.0) dataset was used to predict spatial perception. The dataset was presented by
the Massachusetts Institute of Technology and covers 56 urban street view images from
28 countries spread across 6 continents. The scores of visual aesthetic quality were ob-
tained by using neural network architecture based on human-labeled comparisons. In ad-
dition, the perceptual scores were divided into five levels to predict the model. The final
model prediction has an accuracy of 65%, a deviation of one level with 35.67% probability,
a deviation of two levels with 3.97% probability, a deviation of three levels with 0.34%
probability, and a deviation of four levels with 0% probability. Accurate prediction or de-
viation by one rank is above 95.6%. This shows that the results of predicting spatial per-
ception are consistent with visual perception. The results are the same as in previous stud-
ies [62].

4. Results
4.1. Perception Features
4.1.1. The Overall Analysis of VBQ

By sorting the visual beautiful qualities of 245 sample photos, the top 81 samples
were classified as high-perception samples while the bottom 81 samples were classified as
low-perception samples (Table 2). Based on the functional areas in the campus, the re-
search areas were divided into five areas. From the mean values of VBQ of each area, it
could be concluded that the overall VBQs of the five areas were ranked as follows: research
and teaching area > student living area > sports areas > surrounding areas > teacher living
area.

Table 2. Sample distribution of VBQ.

Teacher Living Research and Study  Student Living

Surrounding Area Sports Area

Area Area Area
0506, 0603, 0604, 0707,
0102, 0104, 0105, 0708 0709, 1103, 1105, o 0 o,
1303, 1403, 1501, 1502,
0106,0107,0109, =" 5 2 e D5, F09, GO,
High perception  F03, 102,102 OO 0L 02y o0y 0 09, a0, 11, GO G04 G05, 107, 110, 0705,
1606, 1612, P05, /v 0 T 0502, 0508, 0701, 0706
P07, P14, P15, P16, P N N NV 0702, 0703, 0704,
P18, 125 NI1, N17, N20, Q02, Q03,011 1007
’ Q06, Q08, Q10, Q11, Q12, ’
Q14, Q15, Q18,
0601, 0602, 1002, 1104
PR TS S Bo4, BOS, C03,
AOL DO1, Doz, V101 01080113, 1201, 1202, 1203, 1302, oot oo
Medi D03 Foz Hop,1607,1611, POL, 1304, 1402, 1404, 118,121, " oo 0 108, 109, 111,
€ “tl.m HO2. 1103 103, Toq, 0% P04, P06, P08, 122,124,104, LO8, MO6, oo " L7 * ' 112, 114, 114,
perception 106,104, 0201 T10P1L P12, P19, NO6 NO§, N10,N12, o 00 "0 - 115, 116, 0504
s P21, P22, P23 N13,N15,N18,N23,Q05, o« " 0 ™
Q07, Q09,Q13 '
A2, A03, BOT, B2, (0 oo 1301, 1401, 1504, 1505, BB, CO1, C03,
BO3, EOL, B02, E03, ' o) (s 117,103,112, M03, M05, DO, EO7,E08, | o oo
low perception  F01, 105, J01, J02, 1608, 1609, 1610, N14, N16, N19, N21, E09, E11, F04, 1'101 1102 ’
J03, K01, K02, K03, "0 "t BT N2, 001, 004, O16, 017, F05, 0401, 0801, '
K04, LO1, MO1, PR ERS E 019 0902
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MO02, NO1, N02, P20, P24, P25, P26,
NO03, N04, 0301, 101
0302

By comparing the VBQ for each area (Table 3) in the campus, it was found that in the
research and teaching area, there were wide roads, diverse skylines, and lush plant land-
scapes that added unique design details to the space. In the student living area, the build-
ings constituted a large proportion of the space. Here also, the roads were clean, the traffic
flow was relatively loose, and the road sections, which did not cause congestion, made an
open space pattern. In the sports areas, the plants were monotonous and their distribution
was unfair. The landscape view was blocked as a result of some fences and overgrown
vegetation. In the surrounding area, the roads were wide. Due to some overpasses and
height-limiting poles, the landscape view was blocked. The unharmonious relations be-
tween styles and colors of shopping signs reduced the spatial quality. In the teacher living
area, there were large spacings between the trees and thus the trees did not provide shade;
moreover, the old residential buildings had a negative influence on the visual perception
of the surroundings.

Table 3. Ranking order of the VBQ mean values of various types of areas.

Teac}::el;lvmg Surrounding Area Rsets:s;cifer;d Stud?:::vmg Sports Area
Mean value -0.7344 0.0702 0.2495 0.0870 0.0730
Standard deviation 0.8850 1.0360 0.9165 0.8896 0.9710
Medium -0.7810 0.3317 0.3209 0.1892 -0.0163

4.1.2. The Analysis of VBQ in the Studied Areas

The experimental data analysis showed significant spatial heterogeneity in human
perceptions of the campus space and surrounding area. Figure 3 shows the VBQ visuali-
zation results based on the perceptual feature.

(1) In the research and study areas, the mean value of VBQ was 0.2495. The propor-
tion of high perceptions was 44.3%. The proportion of medium perceptions was 34.1%.
The proportion of low perceptions was 21.6%.

Along the streets, trees with large crowns had been planted to create shade. Large
area of green spaces had colorful flowers for decoration (N09, N10, N19). The landscape
had distinct layers and rich posture (Q01, Q17, 0601) and was filled with vitality (I19,
1503). A strong natural atmosphere was created. The proportion of urban-identified build-
ings was small on both sides of the streets. The street space was open and the line of sight
was transparent (1105, 1304, 1504). Some node spaces were narrow, and buildings occu-
pied a large proportion of the street area; thus, the streets were crowded (L05, 1601). Due
to the lack of landscape elements, some node spaces were monotonous and boring (L04,
L07, QO5).

(2) In the student living area, the mean value of VBQ was 0.0870. The proportion of
high perceptions was 37%. The proportion of medium perceptions was 34.8%. The pro-
portion of low perceptions was 28.2%.

The wide and clean streets (0609, 0613, 1122) and the buildings along the streets (B07,
C02, D05) created open street spaces with wide views. The red buildings formed a cultural
atmosphere and had had a positive impact on the beauty of the street space (F04, F09).
However, some roads were narrow. The buildings formed a closed space, leading to the
sky visibility being low. The buildings and plants formed an oppressive spatial atmos-
phere (0902, E08, E09). Plant cultivation was sparse (F09, 0802, C03).

(3) In the sports areas, the mean value of VBQ was 0.0730. The proportion of high
perceptions was 25%. The proportion of mediums perception was 43.8%. The proportion
of low perceptions was 31.2%.
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The campus sports fields created open spaces (114, I16) that had had a positive impact
on the happiness and vitality of the public [43]. However, the extensive use of guardrails
had separated the roads from the open spaces, resulting in the obstruction of sight (1102,
1103). The plant hierarchy was varied, and the species was singular (110, 0505). The vehi-
cles parked along some of the streets had led to a disordered spatial environment (I11,
108).

(4) In the surrounding area, the mean value of VBQ was -0.0702. The proportion of
high perceptions was 34%. The proportion of medium perceptions was 32.1%. The pro-
portion of low perceptions was 33.9%.

Some overpasses that crossed above the street had resulted in an oppressive spatial
perception (P18, P25, P26). There were numerous shop plaques of conflicting colors and
styles along the street. The visual effect was confusing (P22, 0102, 1602). Although the
streets were lined with neatly planted street trees, the fading leaves gave them no vitality,
and created a dilapidated atmosphere (102, 1603, 1610).

(5) In the teacher living area, the mean value of VBQ was -0.7344. The proportion of
high perceptions was 7.1%. The proportion of medium perceptions was 31%. The propor-
tion of low perceptions was 66.7%.

The buildings in the old residential area were dense and in disrepair, and the color
of the buildings was singular (E01, E03, J02). Garbage and poorly maintained buildings
had led to the untidiness of the street space (A02, N02, HO3). The roads were narrow and
had led to a mixing of pedestrians and vehicles (N03, N05, 0302). In some areas, motor
vehicles were parked on the both sides of streets, showing a sense of disorder in the spatial
environment (F03, 104). The surrounding vegetation was poor (106, N04, 0401). The distri-
bution of cable facilities was optional in some streets (L02, M02, 0301).

VBQ
@ -2.781230 - -1.319990
@ -1.319989 - -0.394980
© -0.394979 - 0.372300
© 0.372301 - 1.110500
0 50 100 200 300 @ 1.110501 - 3.058410

Figure 3. Spatial distribution of VBQ.

4.2. Physical Features Comparative Analysis of the Five Types Areas

The study used the DeeplabV3+ semantic segmentation network to semantically seg-
ment 245 street view images. Five physical features were calculated that represented street
spatial quality: enclosure, openness, vehicle occurrence rate, pedestrian occurrence rate,
and greenness. To further analyze the spatial distribution of these physical features, this
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study compared these five features in five areas. From the analysis of mean values, it could
be concluded that the overall physical features ranked as follows (Table 4): enclosure
(0.445) > openness (0.345) > vehicle occurrence rate (0.306) > greenness (0.236) > pedestrian
occurrence rate (0.0009) (Figure 4). The study discussed that trees, the sky, and buildings
occupied the largest proportion of human sight, as these landscape elements formed the
main skeleton in the space.

Table 4. The results of physical features for various types of areas.

Teacher  Surrounding Researchand  Student Sports Area Overall Standard
Living Area Area Study Area Living Area Samples Divoation
greenness 0.2331 0.1860 0.2349 0.3346 0.1328 0.2360 0.1683
openness 0.2917 0.4719 0.3484 0.2570 0.2954 0.3448 0.1272
Vehicle
occurrence 0.5323 0.2819 0.4395 0.5559 0.4737 0.4454 0.1522
rate
Pedestrian
occurrence 0.3646 0.2784 0.3830 0.1853 0.1651 0.3058 0.3342
rate
Enclosure 0.0005 0.0009 0.0009 0.0008 0.0023 0.0009 0.0019

Greenness in the five areas

—— Overall Average — Greenness

Vehicle occurrence rate in the five areas

— Overall Average — Vehicle occurrence rate

0.365

ports area
0.165

Student living area Rest

earch and study area
0.383

.

Openness in the five areas

Pedestrain occurrence rate in the five areas

Overall Average == Pedestrian occurrence rate

Sports area Su
o @

Student living area Rescarch and study area Student living area Research and study arca
0.556

nt living area u
0.0008 0.0009

— Overall Average = Openness

Research and study area

0349

Enclosure in the five areas

— Overall Average — Enclosure

Figure 4. Physical features of various types of streets.

The spatial distribution of the five aforementioned physical features is as follows

(Figure 5).

Greenness is a psychological feature reflecting urban street greening quality. The
highest greenness was primarily located in the student living area, where it had a mean
value of 0.3346. Here, tall and lush street trees, shrubs, and greenery had formed a rich
plant community. These effectively blocked noise and provided students with a quiet en-
vironment for living and learning. The lowest greenness was mainly distributed in the
sports areas, where it had a mean value of 0.1328. There were large open spaces in the
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street interface. The greening along the road was not continuous, and the value of green-
ing here was lowest.
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Figure 5. Spatial distribution of physical features.

The highest openness was primarily located in the surrounding area, where it had a
mean value of 0.4719. Here, the wide roads and sky enhanced the openness in the street
space, creating an open and beautiful street environment. The lowest openness was
mainly distributed in the sports areas, where it had a mean value of 0.2570. Here, tall,
dense trees and buildings obstructed the view of the landscape on both sides of the roads.
In some samples, the trees on both sides of the roads were too luxuriant. Staggered build-
ing heights reduced the proportion of the sky and disturbed the skyline. Thus, the street
visual quality was reduced in these areas.
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The highest enclosure was located in the student living area, where it had a mean
value of 0.5559. This value indicated that the street enclosure was made of trees and build-
ing facades of varying heights. The street space was dominated by green plants, and the
visible area of the sky was limited. The next highest enclosure was located in the teacher
living area, where it had a mean value of 0.5323. This value highlighted the high building
density and large building sizes in this area. Here, there were narrow sidewalks and mo-
torways. The lowest enclosure area was located in the surrounding area, where it had a
mean value of 0.2819. This value indicated that the multi-lane roads occupied a large area
of the street view, and that the building sizes were small on both sides, diluting the sense
of space boundaries and giving people a feeling of openness.

Pedestrians and vehicles were the main movement factors on the campus. Therefore,
the pedestrian occurrence rate and vehicle occurrence rate had had significant impacts on
visual perception in the campus space. The usage of campus space could be reflected
through these physical features. In the Chongshan campus of Liaoning University, the
highest pedestrian occurrence rate was located in the sports areas, where it had a mean
value of 0.0023. A large number of sports areas had attracted a large flow of people, lead-
ing to the area space becoming more dynamic. On the other hand, wide sidewalks and
motorways had promoted traffic flow in this area. As the result, the lowest vehicle occur-
rence rate was located in this area, where it had a mean value of 0.1651. The teacher living
area had the lowest pedestrian occurrence rate, with a mean value of 0.0005. This was due
to the poor quality of the buildings and street surroundings here. The research and study
area had the highest vehicle occurrence rate, with a mean value of 0.3830. Parking spaces
were planned on both sides of the roads, and the street space was large. These factors
allowed for more parking areas.

4.3. Correlation Analysis

Using SPSS25.0, the visual beautiful quality and the physical characteristics of the
five aforementioned streets were analyzed, and the results are presented in Table 5. The
results showed that visual beautiful quality was positively correlated with greenness and
sky openness, with a significant correlation (p < 0.05). The higher the greenness was, the
higher the visual beautiful quality of the street space tended to be. Sky openness was also
positively correlated with visual beautiful quality, indicating that a larger sky openness
value leads to a higher perceived visual beautiful quality for a given street space. On the
other hand, visual beautiful quality was negatively correlated with interface closure,
meaning that too many closed spatial buildings could increase the number of wall areas,
which obstruct the line of sight and reduce sunlight exposure and air quality, leading to a
lower visual aesthetic quality of the street space and reducing the public perception of
beauty. The pedestrian occurrence rate and vehicle occurrence rate were not significantly
correlated with visual aesthetic quality, showing significance levels that were greater than
0.05. These findings provide insights into the relationship between the physical features
of buildings and the visual beautiful quality of built environments, which can inform de-
cision-making in urban planning and design.

Table 5. Correlation analysis of the VBQ and the five physical features.

VBQ
Pearson correlation 0.170 **
Greenness Sig. 0.008
245
Pearson correlation 0.230 **
Openness Sig. 0
245
Pearson correlation -0.085

Vehicle occurrence rate Sig. 0.186
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245
Pearson correlation 0.124
Pedestrian occurrence rate Sig. 0.053
245
Pearson correlation -0.256 **
Enclosure Sig. 0
245

** Correlation is significant at the 0.01 level.

5. Discussion
5.1. VBQ

In the research and study area, the study confirmed that plants had had a significant
impact on space quality. The trees in the area blocked out noise and provided a quiet
learning environment. Other research based on perception suggests that plants are im-
portant factors affecting space quality. In the study, space quality increased with increases
in the area covered by vegetation [10,75]. In the student living area, the road was the main
landscape element, and had a significant impact on space quality. The cleanliness, quality,
and scale of a road could effectively improve space quality in an area, and so, in road
design, managers should pay attention to the maintenance of road paving. Studies have
shown that a clean environment plays a vital role in improving human physical and men-
tal health. In the sports areas in the study, pedestrians and vehicles were the main ele-
ments that influenced space quality. It was found that the disorganized arrangement of
vehicles increased enclosure in the campus space, having a negative effect on visual qual-
ity. In the surrounding area, openness was the primary landscape element that had had a
significant impact on space quality. The openness here reflected the perceived light inten-
sity and perceived openness in the street, which in turn affected human visual perception.
However, overpasses and power lines had played a negative impact on space quality in
some samples of the surrounding areas. In the teacher living area, the study confirmed
that the buildings had had a significant impact on space quality. The buildings were old,
and the walls had formed enclosed spaces, resulting in low sky visibility, which affected
the spatial visual experience.

5.2. The Relationship between Perceptual and Physical Features

This study analyzed the correlation between the perception features of visual beau-
tiful quality and the physical features of street spaces using Liaoning University as a case
study. The results showed that the physical features of streets had had a significant impact
on the perception features of the visual beautiful quality of the street spaces.

The correlation between the perception features of visual beautiful quality and the
five measured physical features reveals that green vision rate has a significant impact on
visual aesthetic quality perception. This finding is consistent with previous studies by Di-
cle et al. [76-78]. The positive contributors to “visual beautiful quality” come from natural
elements—a result that fits Olmsted’s philosophy of embedding ecosystems into urban
infrastructure [79]. Dicle et al. (2003) noted that green areas strongly influence the percep-
tual evaluation of outdoor spaces [3,80,81]. Greenery is also considered a very important
element in landscape design as it benefits the environment, aesthetics, recreation, and
economy in urban communities [82], and as people tend to be more sensitive to “trees”,
“grasses”, and “plants”. In addition, urban greening can make people feel happy and no-
tice visually aesthetic qualities, having a positive impact on people’s moods and psychol-
ogy [83-86].

Enclosure has a significant negative correlation with visual beautiful quality. The de-
gree of this correlation is closely related to the density of surrounding buildings and trees,
as confirmed by previous studies conducted by Ma et al. and Harvey [87,88]. The denser
the buildings and trees in an area are, the higher the degree of closure of street space
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becomes, which in turn limits visual access and can negatively impact the aesthetic expe-
rience. Tall and complex buildings are more likely to produce a sense of closure, resulting
in a relatively poor aesthetic experience for pedestrians.

5.3. Optimization Strategy

On the Chongshan campus of Liaoning University, in the teacher living area and the
student living area, the buildings are dense and the streets are narrow, resulting in the
depressing atmosphere of the streets; moreover, the buildings in the teachers’ living area
are dilapidated. The streets are thinly greened, with large spacing between the trees on
both sides, and sparse foliage, which make the area less attractive to the public. The visual
beautiful quality of open spaces can be improved by creating visual extensions. The open-
ness of interfaces contributes to the perception of the visual aesthetic qualities of open
spaces, according to Tveit [89,90], and also improves public pleasure [91]. For instance,
demolishing some old houses and widening streets can increase a region’s openness [83].
The timely repairing and renovating of the facades of old buildings can enhance the aes-
thetic beauty of old residential areas. In the university campus’ surrounding areas and
sports areas, the green rate is low, a small number of street trees have been planted on
both sides of the roads, and the plant species are singular. Greenery is the most effective
factor in improving the quality of a street environment, and a larger green space is asso-
ciated with better landscape aesthetics [64,92,93]. Increasing the proportion of greenery in
campus planning, and emphasizing the structure and quality of greenery configuration,
can improve the aesthetic pleasure of teachers and students. Planting lawns, shrubs, and
other plants to increase plant diversity can enhance the natural feel and viewing experi-
ence of the campus’ streets, promoting the physical and mental health of the public [94].
For example, planting trees, flower beds, and other natural elements on both sides of the
street can have a positive impact on people’s emotional states [95,96]. The large number
of vehicles on the roads in the campus’ scientific research and teaching areas affects the
orderliness of those street spaces, having a negative impact on the street spaces’ beauty.
The reasonable planning of parking spaces in open spaces and the planting of rows of
trees on both sides of the streets can improve the visual beautiful quality for the public.

5.4. Limitations

The limitations of the study are also worth discussing.

First of all, this study only quantified the perceptual features of visual beauty quality.
Future research could consider and add other spatial perceptual features to comprehen-
sively analyze spatial quality. Moreover, in the present study, street view images could
only represent the visual elements of spatial perception. It is necessary to further analyze
the operant influence mechanism by infusing it with physical features such as the land-
scape with identifiers, cultural features, cleanliness, and spatial attractiveness in the in-
cluded university spaces.

Secondly, the latest technology was not applied in this study. Future research can use
EEGs, eye movement tracking, and other techniques to measure physiological indicators
and obtain the visual physiological indices of the public. By taking the physiological re-
sponse of the public as the intermediate variable, future studies can analyze the relation-
ship between the physiological perceptions of the public and space quality. Further, we
can investigate the conduction mechanism.

Thirdly, street view image and semantic segmentation technology are effective to
make accurate predictions for static landscape elements, but cannot fully represent instan-
taneously moving elements in the environment such as motor vehicles and pedestrians.
In future studies, our data could be combined with on-site time-based research to improve
the accuracy of research.
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6. Conclusions

In this study, deep learning and street view imagery were used to quantify the phys-
ical features in the spaces of the Chongshan campus of Liaoning University and make
spatial predictions of visual beautiful quality. The study showed that the physical features
had significantly impacted the VBQ of human perception in the Chongshan campus space.
The study indicated that physical features can objectively reflect the overall street space
quality of Liaoning University.

In the five studied areas, the teacher living area had the highest VBQ. The study
found that enclosure was the most important physical feature negatively affecting VBQ.
On the other hand, greenness and openness had positively affected VBQ in the Chongshan
Campus of Liaoning University. Greenness and enclosure were mainly concentrated in
student living areas, while high openness was distributed primarily in the surrounding
areas.

This study measured visual beauty quality in the campus’ spaces. It revealed the re-
lationship between human perception and physical features. The study is helpful not only
for finding the areas that need to optimize VBQ, but also for analyzing the reasons for low
VBQ in a given area by analyzing physical features. The study can help to provide strate-
gies and schemes for space quality improvement. Additionally, this paper has provided
theoretical and technical information for improving campus street spaces and coordinat-
ing them with surrounding areas.
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