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Abstract 

The visual composition and human perception are found to relate to the reuse and tourism of heritage railways. 
Previous studies have used either environmental audits and on-site interviews that have limitations in terms of cost, 
time, and measurement scale, or virtual perception base on two-dimension images but with gaps in interactivity, 
virtual immersion and field of view. This study developed an “objective + subjective” visual evaluation and perception 
framework integrating Computer Vision (CV) and Immersive Virtual Reality (IVR) to assess the visual quality of industrial 
heritage sites along the Yunnan-Vietnam Railway (Yunnan Section). The stepwise multiple linear regression models 
were carried out to investigate the relationship between objective evaluation and subjective perception. The results 
showed that 16 landscape elements of the heritage sites were successfully segmented. According to the visual 
perception score bands, the 120 industrial heritage sites were classified as 39 high-score sites, 66 medium-score sites, 
and 15 low-score sites. In general, although the sky and hard ground accounted for a higher proportion, they had 
little effect on the sum scores, while the vegetation, water, and buildings played a significant role in the perception 
of visual quality. The results can help researchers, planners, and government departments clarify the visual quality 
to scientifically specify bottom-up planning and management solutions for railway industrial heritage sites. Moreover, 
the simplicity, accuracy, and effectiveness of this framework make it suitable for large-scale visual evaluation of other 
railway industrial heritage sites and linear heritage sites.

Keywords Immersive virtual reality, Computer vision, Visual evaluation and perception, Industrial heritage sites, The 
Yunnan-Vietnam Railway (Yunnan Section)

Introduction
Heritage railways serve as tangible remnants of human 
industrial civilization and have made significant con-
tributions to global transportation, economic progress, 
and cultural exchange [1]. Presently, the United Nations 
Educational, Scientific and Cultural Organization (UNE-
SCO) has officially inscribed four heritage railways 
on the World Heritage list, including the Semmering 
Railway, the Mountain Railways of India, the Rhaetian 
Railway in the Albula / Bernina Landscapes, and the 
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Trans-Iranian Railway. Since 2018, a total of 14 heritage 
railways, including the Middle East Railway and Yun-
nan-Vietnam Railway, have been consecutively enlisted 
in China’s Industrial Heritage Protection List. These 
railways span across numerous provinces in China, col-
lectively extending over a distance exceeding 9700  km. 
Some of these railways have been converted into theme 
parks, museums, greenways, tourist facilities, and green 
infrastructure through landscape remediation efforts. 
However, certain transformations lacking scientific anal-
ysis have worsened the degradation of this valuable her-
itage [2]. Additionally, repurposing railway heritage as 
tourist attractions is a prominent strategy in the tourism 
industry to generate economic benefits, compete with 
alternative modes of transportation, and enrich the local 
cultural identity [3, 4]. Railway tourism is considered to 
be a significant factor in addressing poverty and promot-
ing sustainable development in developing countries 
such as China and Vietnam. As a major component of the 
human five senses for people to perceive the landscape, 
visual information had an effect of 76% on overall sat-
isfaction [5, 6], which is considered to be an important 
foundation to support landscape improvement and tour-
ism development on heritage railways [7, 8]. The meas-
urement of objective visual evaluation and subjective 
visual perception of heritage sites, as well as the examina-
tion of their associations, hold significant theoretical and 
practical implications.

The increasing attention given to landscape elements 
in relation to landscape visual quality has garnered inter-
est among scholars due to their influential role in shap-
ing individuals’ subjective perceptions of landscapes. 
Additionally, these elements are crucial factors in the 
realms of tourism and the repurposing of heritage sites 
[3, 9]. With the increased development and popularity of 
deep learning technology, scene parsing based on seman-
tic segmentation models has been used to determine the 
proportion of features that can be seen in a scene [10, 11]. 
As a core topic in computer vision, semantic segmenta-
tion aims to assign a label to each pixel in an image [12]. 
Many ready-to-use models, such as pyramid scene pars-
ing network (PSPNet), SegFormer, and DeepLab, can be 
used for image segmentation [13–15]. The assessment of 
visual quality in a landscape can be conducted by evaluat-
ing the proportion of visible elements [16]. This approach 
has been extensively employed in assessing the visual 
quality of both natural and cultural environments, such 
as streets [17, 18], communities [19] and parks [20], and 
heritage sites [21]. However, there is a dearth of seman-
tic segmentation research specifically focused on rail-
road industrial heritage sites. Moreover, relying solely on 
the proportion of image elements for landscape assess-
ments has inherent limitations in terms of reliability and 

effectiveness, as human subjective visual perception also 
plays a crucial role.

There has been a long history of research on landscape 
visual perception [22, 23]. Photo-based surveys and on-
site interviews have been widely used to gather stated 
preferences [24, 25]. Although there has been a prolifera-
tion in the use of two-dimensional (2D) media (such as 
photos) for visual evaluation as an on-field audit alterna-
tive [26, 27], there are limitations in terms of interactivity, 
virtual immersion, and vision. IVR displays enable par-
ticipants to immerse themselves in a virtual environment 
by providing a panoramic image centered on the cam-
era [28]. Additionally, the use of iPads and smartphones 
equipped with gyroscopes and accelerometers allows for 
remote viewing of virtual environments. Consequently, 
IVR technologies offer a more intuitive experience for 
landscape visual perception compared to traditional 
image-based evaluation methods [29, 30]. Researchers 
have examined the types of human perception in urban 
and forest areas, including safety, beauty, color, liveli-
ness, boredom, and depression [31, 32]. A previous IVR-
related canal heritage perception study selected beauty, 
pleasure, tranquility, color, complexity, and liveliness 
as visual perception indicators [33]. However, the exist-
ing visual perception indicators for heritage related to 
IVR primarily focus on the environment, neglecting the 
unique characteristics of heritage.

The combination of IVR and CV technologies over-
come the limitations of previous methods and show great 
potential for studying visual quality [34]. A more cost-
effective alternative to conducting on-site perception 
audits is to immerse oneself in a 360-degree view of the 
heritage site, which has demonstrated comparable feasi-
bility and effectiveness [35, 36]. The semantic segmenta-
tion model allows batch analysis of panorama landscape 
elements, which facilitates the analysis of the relationship 
between the visual composition and visual perception 
[10, 37, 38]. Some scholars have endeavored to investi-
gate the assessment of visual landscape quality through 
the integration of computer vision (CV) and immersive 
virtual reality (IVR) technologies, with a focus on tour-
ism and heritage preservation. However, the measure-
ment of landscape quality remains challenging due to 
the subjective preferences of users, especially in intricate 
environments and regions with extensive cultural and 
social backgrounds [39]. This study aims to develop an 
“objective + subjective” visual evaluation and perception 
framework for industrial heritage sites along the Yunnan-
Vietnam Railway (Yunnan Section) by combining CV 
and IVR technologies. The results can help researchers, 
practitioners, and government departments clarify the 
visual quality to scientifically specify bottom-up planning 
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and management solutions for railway industrial heritage 
sites. The research questions are as follows:

• How can an “objective + subjective” visual evaluation 
and perception framework be operated for large-scale 
railway heritage sites based on panoramas?

• What are the differences in their objective visual 
composition, and what are the differences in people’s 
subjective perceptions among various railway industrial 
heritage sites?

• Does objective visual evaluation correlate with sub-
jective visual perception?

Material and methods
Study area
The Yunnan-Vietnam Railway, connecting Haiphong (the 
largest port city in northern Vietnam) and Kunming (the 
capital city of Yunnan, China), is the first alpine narrow-
gauge railway in China and was nominated as a national 
industrial heritage site in 2018[3, 40]. The existing for-
eign research on the Yunnan-Vietnam Railway primarily 
focuses on historical and cultural analysis, which pre-
dominantly relies on foundational information and his-
torical records from France, such as books, drawings, 
documentaries, and photographs. Various studies con-
ducted in China have explored different aspects of rail-
way heritage, including the economy, history, culture, 
and the preservation of heritage resources across various 
periods, regions, and segments of railroads. These studies 
have also touched upon topics such as tourism develop-
ment, value assessment, and the construction of heritage 
corridors for railway heritage. Railway industrial heritage 
sites serve as significant remnants of heritage railways, 
encapsulating the origins, growth, and transformation of 
these historical rail systems. However, there is a notice-
able gap in research concerning the visual aspects of 
railway heritage sites, which consequently hinders the 
availability of scientific support for certain tourism devel-
opment initiatives and landscape enhancements. In view 
of operability, this study selected 120 industrial heritage 
sites along the Yunnan-Vietnam Railway (Yunnan Sec-
tion) and Gebishi Railway as the sample by removing 
those that have been demolished or are inaccessible to 
the COVID-19 epidemic. The sample includes 78 stations 
(ID: 1–78), 11 bridges (ID: 79–89), 5 residential herit-
age sites (ID: 90–94), 15 public service heritage sites (ID: 
95–109), and 11 productive heritage sites (ID: 110–120) 
(Fig. 1, Appendix A).

Research framework
The research framework comprises four stages (Fig.  2). 
Initially, IVR panoramas were gathered for each sam-
ple site. Subsequently, PSPNet model was employed 
to compute the pixel ratio of each visual element as an 

objective feature of the eye-level heritage environment. 
Thirdly, the panorama image was visualized using the 
PICO Neo3 Head-mounted Display, enabling partici-
pants to immerse themselves in the heritage site for sub-
jective visual perception. Finally, the  stepwise multiple 
linear regression models were conducted to examine the 
relationship between objective evaluation and subjective 
perception.

Data collection
A Canon 5d3 camera equipped with an EF8- 15 mm f/4L 
(USM) fisheye lens was used to obtain the panoramas 
(from August to December 2021). We aimed for consist-
ency in the weather and angles of the shoot as much as 
possible. We first adjust the shooting angle to 0°and take 
a picture every 60° when rotating clockwise to obtain a 
360° image in the horizontal direction. Then, we adjust 
the shooting angle to -45° and + 45°respectively, and 
repeat the above operation to obtain a 180-degree image 
in the vertical direction. The camera was in line with the 
sitting height of the human eye (1.2  m) while shooting, 
and 1to 3 panoramic images were taken at each heritage 
site. We obtained 205 panoramas (300dpi) after stitching 
and adjusting by Photomatix Pro 6.2.1, Adobe Photoshop 
Lightroom, PTGui, Pano2IVR6, and Adobe Photoshop 
CC2019. However, it may be difficult for participants to 
view all panoramas. Therefore, a total of 120 panoramas 
were selected after discussion (1panoramic image for 
each heritage site).

Objective visual analysis
Semantic segmentation based on the PSPNet model
Semantic segmentation is a fundamental part of com-
puter vision for parsing scenes. Many ready-to-use mod-
els, such as PSPNet, SegFormer, and DeepLab, can be 
used for image segmentation [13–15]. DeepLab and PSP-
Net are commonly used models for semantic segmen-
tation. After conducting a comprehensive comparison 
of the segmentation effects between DeepLab and PSP-
Net models on railway heritage sites using Python 3.7 in 
PyCharm, the PSPNet model was finally chosen (Fig. 3). 
The pyramid pool module is the core module of PSPNet, 
which can aggregate image information of different scales 
and improve the ability to obtain multiscale features. The 
workflow of PSPNet was as follows: In Step 1, we gave an 
image; In Step 2, the CNN was applied to obtain the fea-
ture map of the last convolutional; In Step 3, a pyramid 
parsing module was used to harvest different representa-
tions of subregions; In Step 4, the representation was fed 
into a convolution layer to obtain the final per-pixel pre-
diction [41].
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Objective index system
Aesthetic perception and visual quality are pro-
foundly influenced by both natural and artificial ele-
ments (such as vegetation, water, and buildings) [20]. 
Previous studies usually chose one or more indices to 
merge the element pixels in the image, among which 
the green visibility index (GVI) is one of the most com-
monly used indices [17]. Based on the industrial herit-
age visual evaluation research [33] and combined with 
railway characteristics, the  visibility indices  of  land-
scape elements were grouped into six indices: GVI, 
water visibility index (WVI), sky visibility index (SKVI), 
hard ground visibility index (HVI), buildings visibility 
index (BVI), and other elements visibility index (OVI) 
(Table 1). GVI, WVI, and SKVI are natural indices that 
can be used to measure the natural landscape ecologi-
cal environment of the heritage sites. HVI, BVI, and 
OVI are artificial indices that can reflect the intensity 
of artificial construction around the heritage sites. The 
selected indices cover the elements contained in the 

heritage and can objectively reflect the visual condition 
of the heritage landscape.

Subjective visual perception
Index system and questionnaire
Previous research has investigated multiple dimensions 
of human perception, such as beauty, color, and pleasure, 
in the context of landscape perception in virtual reality. 
Similarly, studies on linear landscapes and urban parks 
have employed indices such as color, space, culture, tran-
quility, and beauty [33, 34]. Adopting the previous expe-
rience in the state of the art of visual perception and the 
characteristics of the railway heritage sites, space, color, 
texture, uniqueness, culture, history, beauty, and pleasure 
were selected as visual perception indices. Beauty and 
pleasure are commonly used indices in landscape visual 
quality assessment, which can describe the aesthetic 
preference of the public [42]. Space, color, and texture are 
mainly used to perceive the environmental texture, while 
uniqueness, culture, and history are mainly applied to 
perceive heritage characteristics.

Fig. 1 Study area and location ID
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The evaluation questionnaire was composed of three 
parts. The first part was a personal information question-
naire, including gender, age, educational background, 
major, and number of visits to   the  railway. The second 
part was the visual perception questionnaire, encom-
passing a total of 40 Table 2 items. A 7-point Likert scale 
was used to rate each item from 1 (completely disagree) 
to 7 (completely agree). The visual perception score of 
each heritage site was the mean value of the overall index 
scores. The third part was a post-evaluation question-
naire, which consisted of the presence and immersion, 
and dizziness (IVR disease). There were two items in the 
questionnaire: (1) “What do you think of the presence 
and immersion of the IVR viewing experiment?” and (2) 
“Do you feel dizzy?”.

Procedure
Participants were recruited through posters and social 
media platforms (Line). The inclusion criteria were no 
significant mood swings and cognitive or psychiatric dis-
orders. The 135 participants (53 males and 82 females), 
aged between 15 and 57  years, were students and fac-
ulty from the College of Landscape and Horticulture, 

the College of Materials Science and Engineering, the 
College of Biodiversity, and other colleges of Southwest 
Forestry University. A small gift was presented to each 
participant after the experiment was completed as a 
token of appreciation.

The IVR viewing experiment was conducted at the 551 
Workshop, Building A, Southwest Forestry University, 
from November 21 to 30, 2022. The experimental equip-
ment consisted of a display screen, an Asus Notebook PC 
G512L, a PICO Neo3VR Head-mounted Display, and a 
free-rotating chair. The Pico Neo 3 is a Head-mounted 
Display that can read IVR panoramas directly. First, par-
ticipants went to the information desk at the entrance of 
the workshop to complete the personal information ques-
tionnaire. In the meantime, a researcher explained the 
experiment’s purpose and procedure. In addition, par-
ticipants were informed that they could withdraw from 
the experiment at any time if they felt uncomfortable. 
To prevent the negative side effects (e.g., IVR sickness) 
from long exposure to IVR scenes and fatigue’s influ-
ence on the score, the panoramas of 120 heritage sites 
were divided into 3 groups by an arithmetic progression, 
with each group experiencing 40 heritage sites. To ensure 

Fig. 2 Research framework
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Fig. 3 Comparison of the segmentation effects between DeepLab and PSPNet on the railway heritage sites

Table 1 Description of the objective indices

Dimension Indices Indices description

Natural GVI The ratios of vegetation pixels (tree, grass, plant, mountain/hill) to the total pixels in the image

WVI The ratios of water pixels to the total pixels in the image

SKVI The ratios of sky pixels to the total pixels in the image

Artificial HVI The ratios of hard ground pixels (floor, road, sidewalk, earth/ground, rock) to the total pixels in the image

BVI The ratios of buildings pixels to the total pixels in the image

OVI The ratios of other elements pixels (person, car/van/minibike/boat /bus/truck/train, fence/wall, column/
signboard/awning/streetlight /airplane/pole) to the total pixels in the image

Table 2 Rating scale for visual perception

Parameter Description Scale

Space Here is an open space with a wide view 1 2 3 4 5 6 7

Color This heritage site is rich in color 1 2 3 4 5 6 7

Texture The texture of this heritage site is clear 1 2 3 4 5 6 7

Uniqueness This is a unique heritage site 1 2 3 4 5 6 7

Culture This heritage site is rich in a cultural atmosphere 1 2 3 4 5 6 7

History This heritage site has a long history 1 2 3 4 5 6 7

Beauty This heritage site is beautiful 1 2 3 4 5 6 7

Pleasure This heritage site gives me pleasure 1 2 3 4 5 6 7
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comfortable viewing of the panorama, the head-mounted 
display was adjusted for participants. The participants 
could look around and score according to the descrip-
tion by the researcher. After viewing all the heritage sites, 
the participants needed to complete the post-evaluation 
questionnaire at the information desk and receive a gift. 
In order to eliminate potential interference, IVR viewing 
was performed with silent conditions. The whole experi-
ment took approximately 30–35 min (Fig. 4).

Regression analysis between the objective and subjective 
visual evaluation
The stepwise multiple linear regression models [Eq.  (1)] 
[43] were carried out in SPSS 25 to investigate the rela-
tionship between the objective and subjective visual 
evaluation. We first assumed that there was a linear rela-
tionship between the 9-category visual perception (space, 
color, texture, uniqueness, culture, history, beauty, pleas-
ure) scores and 6 physical components (GVI, WVI, SKVI, 
HVI, BVI, OVI). Then, a certain linear regression model 
was used to fit the data of the variable, and the regression 
equation was obtained by determining the parameters. 
Since stepwise regression allows for the construction of 

regression models from a set of candidate variables, the 
system can automatically identify the influential vari-
ables, which helps to eliminate independent variables 
without significance and calculate an "optimal" regression 
equation for data with many variables that may not be 
entirely independent.

where Y is the dependent variable; x1, x2 . . . xp are the 
independent variables;
β0,β1,β2 . . . βp are the parameters; ε is random compo-

nent (the rest of the model).

Results
Objective visual evaluation results
There are 16 successfully segmented elements (trees, 
grass, plant, mountain/hill, water, sky, floor, road, side-
walk, earth/ground, rock, buildings, person, car/van/
minibike/ boat/bus/truck/train, fence/wall, column/sign-
board/ awning/streetlight/ pole) of the heritage sites. The 
visual element ratio of the sky accounts for the highest 
proportion of 33%, followed by earth/ground and trees, 

(1)Y = β0 + β1x1 + β2x2 + . . . βpxp + ε

Fig. 4 The procedure of subjective visual perception
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accounting for 22% and 10%, respectively. The visual 
element ratios of the floor, rock, buildings, grass, plant, 
mountain/hill, road, sidewalk, and fence/wall range 
from 1 to 10%, while the four elements of water, person, 
car and column account for less than 1%. To explore the 
objective visual characteristics of the  heritage sites, 16 
visual elements are classified into six indicators: GVI, 
WVI, SKVI, HVI, BVI and OVI (Fig. 5). We discover that 
the total proportion of SKVI (33%) and HVI (43%) is 78%, 
which forms the leading skeleton of the heritage land-
scape. GVI and BVI account for 16% and 7%, respectively, 
as secondary visual elements. OVI accounts for 1%, and 
WVI accounts for less than 1%.

We compared the objective characteristics of 120 herit-
age sites based on the pixel ratios of six objective visual 
indices in panoramic images. In most heritage sites, the 
geographic distributions of SKVI and HVI change mildly, 
while the BVI and GVI are noticeably unequal. In addi-
tion, the geographic distribution of WVI and OVI only 
exists in some special heritage sites. GVI consists of 
trees, grass, plant and mountain/hill, which is the main 
index of heritage sites 17, 26, 33, 79, 100, 111 and 113. 

WVI is predominantly found in bridges and partly  in 
public service and productive heritage sites. There is no 
distribution of WVI in stations and residential heritage 
sites. OVI is mainly distributed in residential, public ser-
vice and productive heritage sites (Fig. 6).

Subjective visual perception results
A total of 5400 responses (Likert scales) were collected 
for the railway heritage sites (45 participants × 40 sites × 3 
groups = 5400 responses). Figure 7a shows the sum scores 
(SUMS) of the average scores of eight visual perception 
indices among 120 heritage sites. On the whole, SUMS 
of the heritage sites are relatively high, with the highest 
score being 48.77 and appearing at site 95, and the low-
est score being 27.68 at site 19. According to the visual 
perception score bands, the 120 industrial heritage sites 
can be classified as 39 high-score sites (SUMS > 40), 66 
medium-score sites (32 < SUMS ≤ 40), and 15 low-score 
sites (SUMS ≤ 32) (Fig. 8). The average scores of 87.5% of 
heritage sites are greater than 32 and the average scores 
of each perception index range exceeded 3, indicating 

Fig. 5 Panoramic images and their semantic segmentation results
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that the majority of participants rated these heritage sites 
positively [44].

Figure  7b shows the results of the quantitative analy-
sis of the eight visual perception indices in 120 heritage 
sites. In general, the average score of history is the high-
est at 5.00, with a maximum value of 6.51 at site 28 and 
a minimum value of 3.46 at site 33. We observed that 

the average score of pleasure is the lowest at 4.52, with a 
maximum value of 6.20 at site 120 and a minimum value 
of 3.15 at site 6. The average scores of space, color, tex-
ture, uniqueness, culture, and beauty are 4.93, 4.58, 4.75, 
4.76, 4.60, and 4.58, respectively. The average scores of 
all indices ranged from 4.58 to 5.00, indicating that these 

Fig. 6 Proportion and evaluation of visual indices

Fig. 7 a Overall average scores, b visual perception results visualized as a stream graph
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eight indices are all important to the visual quality of the 
heritage landscape.

The analysis of the post-evaluation questionnaire after 
viewing all the heritage sites shows that 95.6% of the par-
ticipants thought that the presence and immersion of the 
IVR viewing experiment were strong, indicating that the 
immersive IVR experience provides people with a high-
quality sense of presence. In addition, 10.4% of the par-
ticipants experienced strong dizziness, 31.9% reported 
moderate dizziness, and 57.7% reported no symptoms. 
The findings regarding the occurrence of dizziness in 
virtual reality (VR) experiences demonstrate consistency 
across various environments and conditions of immer-
sive virtual reality (IVR) usage, encompassing activities 
such as nature walks, stationary immersion, and active 
engagement within immersive environments [45, 46]. 
Therefore, IVR disease is still a problem that needs to be 
solved in the future when using IVR to conduct immer-
sive evaluation research. In this experiment, although 
some participants felt dizzy, they were able to complete 
the experiment well after a brief rest.

Regression analysis results
The  stepwise multiple regression analysis was used to 
determine the relationship between the ratios of objective 
visual evaluation and scores of subjective visual percep-
tions. We constructed nine stepwise regression models, 
corresponding to the nine categories (space, color, tex-
ture, uniqueness, culture, history, beauty, pleasure, and 
SUMS) with six objective indices. The Durban–Watson 
values of the nine models are 1.596, 1.984, 1.874, 2.070, 
1.955, 2.021, 1.974, 2.066, and 2.011, respectively, which 
means that the data meet independence requirements. In 
all these models, the variance inflation factor (VIF) is less 
than 2, indicating that there is no potential multicollin-
earity problem. The residual histograms indicate that the 
residuals basically conform to a normal distribution. The 

results show that regression models can be built using 
these variables [34].

In the nine stepwise regression models, GVI, WVI, 
SKVI, BVI, and OVI are the explanatory variables, while 
HVI is the excluded variable. As shown in Fig. 9, GVI is 
positively correlated with beauty and pleasure, which 
is similar to the previous GVI analysis results of streets 
and parks [47]. WVI has a significant correlation with 
the scores of subjective visual perceptions, implying that 
water played a significant role in the positive perception 
of the heritage sites. The score of space increases with 
SKVI and WVI. The BVI is positively correlated with 
texture, uniqueness, culture and history, indicating that 
the railway buildings can be considered as an important 
representation of heritage characteristics [48]. In general, 
although the SKVI and HVI account for a higher propor-
tion, they have little effect on the sum scores of the aver-
age scores of eight visual perception indices. GVI, WVI 
and BVI have a positive correlation with the sum scores, 
implying that vegetation, water and buildings play a sig-
nificant role in the perception of visual quality.

Discussion
The significance of railway-related landscape planning 
and design has grown in importance within the broader 
context of environmental development due to the rise in 
the reuse and tourism of heritage railways. However, a 
planning approach that neglects public visual perception 
and solely focuses on top-down decision-making could 
potentially lead to the destruction of railway heritage 
sites instead of facilitating their efficient reuse [49, 50]. 
This study developed a visual evaluation and perception 
framework integrating computer vision (CV) and virtual 
reality (IVR) for quantifying the contributing visual ele-
ments and measuring the visual perception of the herit-
age sites. The results could provide important support for 

Fig. 8 Image samples of the railway heritage sites were predicted to have a high scores, b medium scores, and c low scores for visual perception
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the management and development of the heritage sites of 
the Yunnan-Vietnam Railway (Yunnan section).

The creation of a semantic segmentation dataset for 
railway heritage sites enables a quantitative analysis of 
the landscape components within extensive railway her-
itage sites, thereby facilitating the identification and 
understanding of visual attributes associated with railway 
landscapes. We discovered that the total proportion of 
SKVI (33%) and HVI (43%) is 78%, which forms the lead-
ing skeleton of the heritage landscape. This is related to 
the panorama feature [51]. GVI and SKVI accounted for 
16% and 7%, respectively, as secondary visual features. 
OVI accounted for 1%, and water (WVI) accounted for 
less than 1%. The results  suggest that the semantic seg-
mentation model (e.g., PSPNet) can be used to batch pro-
cess large-scale linear heritage landscape photos, which 
has certain applicability [33]. In addition, the research 
focuses on linear heritage, which is conducive to other 
large-scale linear heritage research.

Previous studies have confirmed that IVR panoramas 
are more conducive to landscape visual characteriza-
tion than traditional 2D images in terms of immersion 
and presence [45]. Head-mounted displays were used to 
realize the perception of the heritage landscape from the 
normal human perspective, bringing a high-quality sense 
of presence. This method allows for a larger field of view 

and has become an important aid for visual evaluation. 
The average scores of 87.5% of heritage sites are greater 
than 32, and the average scores of each perception index 
range exceeded 3, indicating that the majority of partici-
pants rated these heritage sites positively [44]. According 
to the visual perception score bands, the 120 industrial 
heritage sites can be classified as 39 high-score sites 
(SUMS > 40), 66 medium-score sites (32 < SUMS ≤ 40), 
and 15 low-score sites (SUMS ≤ 32).  In the process of 
heritage management and development, it is possible to 
implement cluster management and to take measures for 
the different score clusters. In the post-evaluation phase, 
although the participants greatly affirmed the presence 
and immersion of the IVR panorama, some of them 
suffered from dizziness, which can also be called "IVR" 
disease. This is also a problem with most relevant experi-
ments [52], indicating that further research is needed in 
this area.

According to the results of the stepwise multiple 
regression analysis, we discover that GVI is positively 
correlated with beauty and pleasure, which is similar to 
the results of GVI analyses conducted at the street and 
park levels [47]. Thus, the impact of GVI on visual per-
ception is applicable not only to street and park land-
scapes but also to railway industry heritage landscapes. 
WVI has a significant correlation with the scores of 

Fig. 9 Results of the stepwise multiple regression analysis between the objective visual evaluation and subjective perception scores
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subjective visual perceptions, which differs from the 
findings of Luo et al. [33]. This is related to water qual-
ity. The Yunnan-Vietnam Railway is close to the Nanpan 
River and Nanxi River, and there are some highland lakes 
along the route. In the process of fieldwork, we found 
that the water has a high quality, which form beautiful 
scenery. Therefore, good water quality can improve peo-
ple’s visual experiences, which is also supported by previ-
ous research [53]. The score of the space increases with 
SKVI and WVI, indicating that the higher the proportion 
of sky and water, the more open the space is. The BVI is 
positively correlated with texture, uniqueness, culture, 
and history. This is in line with the selection of indica-
tors related to world heritage [54]. Although the SKVI 
and HVI accounted for a higher proportion, they had 
little effect on the sum scores, while the GVI, WVI, and 
BVI had a positive correlation with the sum scores. Com-
pared to buildings, vegetation, and water, the sky and 
ground mostly lack variation and mostly exist as a back-
ground. The results of regression analyses contribute to 
the advancement of the humanization and refinement of 
the identification, evaluation, and management of objec-
tive landscape elements associated with subjective visual 
perception scores.

Although we demonstrate that IVR panoramic technol-
ogy and semantic segmentation techniques can be used 
to analyze the visual features of railway heritage land-
scapes, there are still some problems to be solved. First, 
the semantic segmentation of images can be improved 
with further efforts. There are also inaccuracies in the 
recognition of elements in different states, such as histor-
ical walls being recognized as grass because of the growth 
of grass on them and dead branches in winter not being 
recognized as trees. Second, although we used similar 
parameters and conditions for filming to maintain data 
consistency, there are still inconsistency problems caused 
by the large number and span of the railway heritage 
sites. Finally, panorama-based evaluation methods can be 
more diverse, such as using an immersive sensing device 
or nonimmersive sensing equipment, or a combination of 
both. Immersion in IVR provides a strong sense of pres-
ence, while nonimmersion in IVR allows more people to 
take part in the experiment remotely. The limitations and 
challenges in the study will also be topics to address in 
future research. Through a standardized panoramic data 
processing process, the research results will not only pro-
mote replication in different locations but also allow iter-
ative updates within the same location, and it will help 

analyze the dynamics of landscape change over time, thus 
improving the digitization and refinement of heritage 
spatial management, which is useful for heritage plan-
ners, environmental managers, and railway researchers.

Conclusion
This study developed an “objective + subjective” visual 
evaluation and perception framework integrating CV 
and IVR to assess the visual quality of industrial heritage 
sites along the Yunnan-Vietnam Railway (Yunnan Sec-
tion), which is a novelty in this domain. We generated a 
semantic segmentation dataset based on 120 IVR pano-
ramic images of the railway heritage landscape. Using 
this dataset and the CV algorithm, the railway heritage 
and the surrounding landscape can be automatically 
and effectively analyzed, overcoming the shortcomings 
of existing techniques. According to the visual percep-
tion score bands, the 120 industrial heritage sites can be 
classified as 39 high-score sites, 66 medium-score sites, 
and 15 low-score sites. The participants’ overall level of 
preference regarding heritage landscapes can be a signifi-
cant factor in deciding on the reuse ways, which facili-
tates the formation of a bottom-up planning scheme that 
incorporates public visual perception. We also identified 
the visual elements that strongly influence human vis-
ual perception by using the multivariate stepwise linear 
regression models. In general, although the sky and hard 
ground accounted for a higher proportion, they had little 
effect on the sum scores, while the vegetation, water, and 
buildings played a significant role in the perception of 
visual quality. Furthermore, we investigated the possible 
reasons for the correlation results and compared them 
with those of related studies. Thus, railway heritage plan-
ners and managers can consider adding dense vegetation, 
water, and buildings to these settings to build high-quality 
heritage environments. The results and proposed frame-
work can help researchers, planners, and government 
departments clarify the visual quality to scientifically 
specify bottom-up planning and management solutions 
for railway industrial heritage sites, which are beneficial 
to railway-related landscapes and environments.

Appendix A
See Table 3.
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Table 3 IDs and names of railway industrial heritage sites

ID Name of the heritage site ID Name of the heritage site ID Name of the heritage site

1 Kunmingbei 41 Luoshuidong 81 The French railrway bridge at Xiaolongtan

2 Heituao 42 Gegu 82 the Muhuaguo bridge

3 Niujiezhuang 43 Luogu 83 the Yulinshan seven-hole bridge

4 Xiaoxicun 44 Tingtang 84 the Renzhecun three-hole bridge

5 Xizhuang 45 Bodujing 85 the eight-hole bridge

6 Chenggong 46 Chongzhuang 86 theWujiazhai bridge

7 Wangjiaying 47 Wantang 87 the Baizhai bridge

8 Sanjiacun 48 Baizhai 88 the Laofanzhai bridge

9 Shuitang 49 Baiheqiao 89 the China-Vietnam railway bridge

10 Yangzonghai 50 Lahadi 90 the Lu Han Residence

11 Fengmingcun 51 Dashutang 91 the Hu Zhiming former residence in Kunming

12 Kebaocun 52 Laofanzhai 92 the Zhou family courtyard

13 Shuijingpo 53 Nanxi 93 the Wang family courtyard

14 Yiliang 54 Majie 94 the Yuan Jiagu former residence in Shiping

15 Yangjiezi 55 Mahuangbao 95 the former site of the army officials school in yunnan

16 Goujiezi 56 Shanyao 96 the former site of Ganmei hospital

17 Dishui 57 Hekou 97 the former site of French hospital

18 Xujiadu 58 Yuguopu 98 the 1909 square

19 Lufengcun 59 Jiangshuidi 99 the French garden

20 Nuozu 60 Jijie 100 the site of the French consular office

21 Dashatian 61 Datianshan 101 the former site of Customs and Excise department

22 Xier 62 Wulichong 102 the French prison

23 Xiaohekou 63 Nanyingzhai 103 the Colombo Lu Si western travel

24 Panxi 64 Linan 104 the former site of estuary Customs office of flood control

25 Reshuitang 65 Jianshui 105 the Customs site and ancient fort in Hekou

26 Xicheyi 66 Xianghuiqiao 106 the former site of post office in Hekou

27 Lalihei 67 Tuanshan 107 the former site of the Gebishi railway company

28 Xunjiansi 68 Xiapochu 108 the Qihe Tower

29 Denglongshan 69 Baxin 109 the Chen family ancestral hall

30 Xiaolongtan 70 Renshoucun 110 the former site of central electrical equipment factory

31 Shilicun 71 Shiping 111 the water works in Kunming

32 Kaiyuan 72 Songcun 112 the coal mine in Xiaolongtan

33 Yulinshan 73 Baoxiu 113 the former site of the power plant in Kaiyuan

34 Zhumashao 74 Huogudu 114 the Nanqiao power plant

35 Data 75 Gejiu 115 the baofenglong firm

36 Dazhuang 76 Renhecun 116 the Yunxi Datun concentrator

37 Caoba 77 Baishachong 117 the Marag mine in Gejiu

38 Bisezhai 78 Mengzi 118 The concentrator and bell tower in Gejiu

39 Heilongtan 79 the Goujie bridge 119 the former site of Yunnan Tin company

40 Zhicun 80 The Lufengcun bridge 120 the Zhujia Garden
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Abbreviations
CV  Computer vision
IVR  Immersive virtual reality
2D  Two-dimensional
ID  Identity document
GVI  Green visibility index
WVI  Water visibility index
SKVI  Sky visibility index
HVI  Buildings visibility index
OVI  Other elements visibility index
SUMS  The sum scores of the average scores of eight visual perception 

indices
VIF  The variance inflation factor
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