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Abstract: Urban blue–green spaces (UBGSs) are a significant avenue for addressing the worldwide
mental health crisis. To effectively optimise landscape design and management for the promotion
of health benefits from UBGS, it is crucial to objectively understand public preferences. This paper
proposes a method to evaluate public landscape preference from the perspective of seeing and
thinking, takes the examples of seven parks around the Dianchi Lake in Kunming, China, and
analyses the social media data by using natural language processing technology and image semantic
segmentation technology. The conclusions are as follows: (1) The public exhibits significantly
high positive sentiments towards various UBGSs, with over 93% of comments expressed positive
sentiments. (2) Differences exist in the frequency and perception of landscape features between image
and text modalities. Landscape elements related to stability are perceived more in images than in
text, while dynamic and experiential elements are perceived more in text than in images. (3) In both
modalities, the distinctive landscape features of parks are more frequently perceived and preferred
by the public. In the end, the intrinsic links between landscape elements and public sentiment and
preferences are discussed, and suggestions for design and management improvements are made to
consolidate their health benefits to the public.

Keywords: landscape elements; public sentiments; landscape preferences; image semantic segmenta-
tion; natural language processing

1. Introduction

Urban blue–green spaces (UBGSs) are considered one of the most vital ecosystems
and dynamic urban places [1]. They serve as essential providers of ecological regulation
services [2] and recreational opportunities in urban environments [3]. Beyond their ecolog-
ical and sociocultural benefits, UBGSs significantly enhance public physical and mental
health, thus contributing to human well-being [4,5]. Empirical studies have substantiated
that natural environments offer more favourable outcomes in terms of reducing stress,
facilitating perceptual recovery, and improving affect and cognition for the general public
in comparison to urban artificial environments [6–9]. However, increasing urbanization has
resulted in the expansion of urban environments and a fast-paced, high-intensity lifestyle
that significantly reduces opportunities and time for urban residents to access natural
environments. This poses a serious threat to the mental health of those residing in urban
areas. Therefore, utilising the accessibility advantage of UBGSs and maximising its health
benefits has emerged as a feasible solution to tackle the worldwide public mental health
crisis [10].

Currently, investigations into UBGSs and their influence on public mental health
largely centre around two key outlooks: the macro perspective and the humanistic per-
spective [11]. From a macro perspective, a large number of studies have examined the
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relationship between the availability of UBGSs (e.g., quantity, area, distance) and residents’
mental health from a supply and demand perspective using large-scale cross-sectional
measures, mainly based on the criterion of “quantity” [12–14]. However, not all natural en-
vironments in urban areas equally promote mental health, as different spatial types [15,16]
and landscape features [17] have been found to have different effects on individual well-
being. As the demand for quality UBGSs continues to grow, assessments of landscape
quality and preferences from a humanistic perspective are becoming increasingly important
based on the interactions between the physical characteristics of the landscape and the
public’s perceptions [18–20].

Landscape preference serves as a rapid and intuitive expression of an individual’s
perception of the environment. Studies have indicated a correlation between landscape
preference and mental health in the general public [21,22]. Van den Berg and his colleagues
examined the mediating role of recovery in environmental preferences by having partic-
ipants view environmental videos. They found that higher preferences were associated
with greater affective restoration (including restoration from mental fatigue and restoration
from anxiety-based stress). Stress reduction theory suggests that features of attractive
natural environments stimulate positive emotional states and restorative psychophysio-
logical responses in the human autonomic nervous system through the activation of the
parasympathetic nervous system and a reduction in concomitant stress [23,24], resulting in
favourable alterations in physical and psychological well-being. In other words, individu-
als who have a greater preference for a specific natural landscape have a higher potential
for emotional restoration. Conversely, the potential for restoration can decrease when
individuals encounter elements in the environment that they do not favour. For instance,
visible pollutants [25], overgrown vegetation [26], and potentially threatening wildlife [24]
may elicit aversive emotions. Some studies indicate that interacting with nature through
physical contact can have a greater positive impact on stress relief and feelings of recov-
ery than merely observing or being present within a natural environment [27,28]. Thus,
engaging with nature in a preferred environment can therefore have greater psychological
benefits. However, the impact of UBGS on individuals differs based on personal necessities,
aesthetic preferences, and specific landscape features that influence perceptions [29–31].

The development of the internet and smart devices has provided a new approach to
studying public perception and evaluation of UBGSs. Collecting multisource data from
social media or online review platforms (e.g., Flickr, Twitter, Weibo, Dianping, Ctrip),
researchers examine the public’s perceptions of physical features such as landscape space
and resources in different types and sizes of UBGSs. This approach from a humanistic per-
spective offers valuable insight into individuals’ spatial choices, emotions, and landscape
preferences, along with the factors that affect them [20,32,33]. Of the available data types,
text and images are the most commonly utilised. In recent years, advancements in deep
learning technology have enabled the large-scale automated processing of text and image
data in online comments through natural language processing and image processing [34,35].
This breakthrough has eliminated the limitations posed by traditional methods, such as
questionnaire surveys and expert scores in terms of information sources, data volume, and
authenticity for quantitative analysis. Methodologically, it overcomes the constraints of
prior research, which mainly depended on manual coding and qualitative analysis. In these
studies, the results were prone to individual bias and subjectivity [36] and were not easily
applicable to large datasets and broad research fields.

Web review platforms in the Web 2.0 era embody the behaviour of subjective evalua-
tion grounded in usage and consumption [37]. These platforms encourage users to evaluate
and share their sentiments regarding parks or attractions by uploading photos. The user-
generated comments not only convey subjective evaluations but also combine textual and
visual elements, resulting in what is commonly known as “truth in images”. However,
when conveying the same information, discrepancies in interpretation may emerge between
image and text [38]. For instance, text comments reflect processed perceptual information
and exhibit abstract, core, and decontextualised features [39]. Individual cognitive fac-
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tors may limit the comprehensiveness of people’s expressions regarding environmental
perceptual elements, which can lead to incomplete quantification issues. However, text
comments often contain intense individual sentiment, providing a broader view of individ-
uals’ satisfaction with UBGSs [34] and the impact of the environment on their psychological
well-being [14]. On the other hand, for photographs, intuitive visual content can serve as
the primary component in photo narratives [35] to visually represent public perception and
compensate for the absence of linguistic expression. However, it is worth noting that the
photographs within the comments represent not only people’s aesthetic appreciation of
the objects but also an expression of the scene in front of them and their own feelings in
a “documentary” form [37]. In essence, user-uploaded comment photos not only encom-
pass positive emotions and “likes” but also serve as evidence of negative emotions and
“dislikes” [40]. In prior studies on landscape preferences using commented photographs,
researchers have often regarded the photos’ contents as aesthetic objects for the general
public, emphasising the semantic information conveyed by the images while overlooking
the emotional expressions in users’ comments. When exploring the public’s landscape
preferences and sentiment tendencies through comment data, reliance on single modal data
may be inadequate to fully extract users’ perceptual information and emotional tendencies.
In this regard, text and images have certain complementary roles.

This thesis proposes a landscape preference assessment method based on bimodal data
with the aim of exploring which landscape elements contribute to the public’s positive and
negative perceptions of UBGSs. The objective is to provide more targeted recommendations
for the design and management of landscapes in UBGSs in order to optimise positive per-
ceptions. The framework is presented in Figure 1. Initially, we employed textual sentiment
analysis approaches to establish users’ sentiments towards the park and categorise positive
and negative comments in order to gauge their level of satisfaction. Second, to determine
the landscape elements and assess the similarity in landscape perception frequency and
degree across both data modalities, textual data mining and image semantic segmentation
techniques were employed. Following this, a method for assessing landscape preferences
based on bimodal data was used to quantify the preferences of the public for four different
types of parks. Finally, this thesis examines the causes of the public’s opinions on UBGS
landscapes and the efficacy of the bimodal approach in measuring landscape preference.

Figure 1. Framework of landscape preference assessment based on bimodal data.
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2. Data and Methods
2.1. Case Study Area

We selected seven parks located along Dianchi Lake, the largest lake in Yunnan
Province and the focal point of Kunming’s ancient city construction, as representatives of
UBGSs (Figure 2). Dianchi Lake, together with the surrounding green spaces such as parks,
forests, wetlands, and classical gardens, constitutes the UBGSs. It offers diverse leisure
spaces and cultural experiences for the public. However, as people’s demand for leisure and
spirituality increases, there is a mismatch between the quality of physical spaces and the
public’s needs, which even negatively affects the public’s mental and physical health. These
types of problems are prevalent in different UBGSs. To study the public’s preferences and
dislikes of landscape elements in various types of UBGSs, we divided the case study region
into four groups. Our categorization was based on park size, geographical location, the
number of images and text feedback received, and the particular landscape characteristics
of each park. The four groups are urban parks, historical parks, forest parks, and wetland
parks, and they are indicative of our research on UBGSs. Table 1 provides further details
on the park categories.

Figure 2. The case study encompasses 7 parks surrounding Dianchi Lake in southwest
Kunming, China.

Table 1. Descriptions of the case sites.

Name Area/ha Type Landscape Features

Dagauan Park 46 Historic park

The historic park is built along the water, with lake embankments, lotus ponds, and
exquisite pavilions and terraces. The park, dating back to the Kangxi period,

features the renowned Daguan Tower, from which people can enjoy views of Xishan
mountain and Dianchi Lake.

Haigeng Park 50 Urban park

The urban park functions as the chief site for observing Dianchi Lake and Siberian
seagulls. Along the lakefront, trees sway in shades of green, accompanied by orange

and yellow paths, green lawns, and an array of vibrant sculptures, catering to
people’s desires for leisure, physical activity, and social interaction.

Xishan Forest Park 889 Forest park

The Forest Park, adjacent to Dianchi Lake, boasts lush vegetation and a fresh and
elegant environment. From this park, one can also have a panoramic view of the vast
Dianchi Lake, making it an ideal destination for city residents to climb and enjoy the
scenery. The numerous ancient temples and Qing Dynasty grottoes on the mountain
are must-visit places for tourists who have a deep appreciation for cultural heritage.

Haihong Wetland Park 26

Wetland park

Wetland parks are situated around Dianchi Lake, serving ecological restoration and
recreation purposes. The park encompasses waterborne forests, lawns, floral
gardens, and natural-style revetments lining the waterfront, offering people

opportunities to experience nature and participate in leisure activities.

Wangguan Wetland Park 48
Dounan Wetland Park 43
Laoyuhe Wetland Park 53
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2.2. Data Collection and Preprocessing

The data for this study were primarily obtained from three major Chinese online
review platforms: Meituan.com, Ctrip.com, and Dianping.com. These platforms possess a
vast user base and a substantial amount of comment data, thus offering a rich source of
information that can effectively cater to the data requirements of this study. We utilised
the park name as the primary search term to gather comments and subsequently screened
comments with photos. The data collected included user ID, upload time, text comments,
and photos. To ensure that the image and text data were linked, the first photo was selected
as the image data for analysis. Our data collection spanned from 1 March 2018, to 1 March
2023, and we obtained a total of 14,503 data points through the Python program. Finally,
we preprocessed the comment data by eliminating any comment data unrelated to the
landscape, such as those regarding advertisements, restaurants, and accommodations.
Furthermore, we removed any non-landscape photos, such as selfies, food pictures, maps,
and tickets. After these processes, we acquired 12,766 text data and corresponding image
data for the review dataset. Of these, urban parks, historical parks, and forest parks
represented 5777, 2005, and 3230 entries, respectively. Due to the limited amount of
data received on a single wetland park and for the sake of ensuring data balance, four
comparable wetland parks were chosen as case sites, which resulted in the accumulation of
1754 data entries.

2.3. Text Sentiment Polarity Classification

In this study, we utilised the text sentiment propensity model training platform
provided by EASYDL (ai.baidu.com) to train and invoke the text sentiment classification
model, achieving the automated classification of text comments into either a positive or
negative sentiment. As displayed in Table 2, after training on 1200 random samples, the
model obtained an overall precision rate of 92.5%, an overall recall rate of 91.6%, and every
classification metric surpassed 88.0%. These results indicate that the model performed
proficiently overall. According to the documentation of the Baidu Sentiment Analysis
algorithm, we selected 12,766 items of data with a confidence level higher than 0.5. The
sentiment parameters were classified into three categories: positive sentiment (0.667–1.000],
neutral sentiment [0.333–0.667], and negative sentiment [0–0.333). To investigate the factors
that influence the formation of positive and negative attitudes among the general public,
we chose to analyse two types of data—positive and negative sentiments.

Table 2. Model Training Results.

Precision Recall F1-Score

Positive 0.96 0.97 0.96
Negative 0.89 0.87 0.88
Overall 0.93 0.92 0.92

2.4. TF-IDF Computation

TF-IDF is primarily utilised for assessing and computing the significance of particular
words within a collection of documents or corpus. Thus, a higher TF-IDF score indicates
that the word appears often in the document but is relatively rare in the entire document
set, demonstrating its representativeness and uniqueness [41]. In this study, we utilised
Python to compute the TF-IDF of textual landscape elemental components for positive and
negative review data of four park types. Initially, we conducted word frequency analysis to
obtain high-frequency words (Figure 3a). Landscape-related words were selected from the
top 500 high-frequency words for synonym merging, and subsequently, the TF-IDF weights
of the landscape words were calculated. Calculation of the TF-IDF follows this formula:

TFIDF(t, d, D) = TF(t, d)× IDF(t, D) =
nt,d

Nd
× log(

ND
nt

) (1)
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where TF(t, d) represents the word frequency of lexical item t in document d, nt,d refers to
the number of occurrences of lexical item t in document d, Nd denotes the total number of
words in document d, IDF(t, D) represents the inverse document frequency of lexical item t,
ND represents the total number of documents in the document set D, and nt represents the
number of documents where the lexical item t appears in the document set D.

Figure 3. Text and image data are integrated to extract and classify landscape elements.

2.5. Image Semantic Segmentation

The rapid development in deep learning and computer vision provides robust backing
for image semantic segmentation. At present, deep neural networks are predominantly
used to derive image features and accomplish pixel-level classification via automatic learn-
ing for tasks related to image semantic segmentation [42]. In this study, we implemented
the task of semantic segmentation for landscape photos using Python coding and the
DeepLabv3+ model, which was pre-trained with the ADE20K dataset (Figure 3b). The
ADE20K dataset encompasses diverse urban scenes covering multiple categories, including
buildings, roads, sky, water bodies, and more. The DeepLabv3+ model presents methods
including null convolution and global average pooling that are broadly applicable to land-
scape image segmentation tasks dealing with multiple categories, large scales, and complex
backgrounds [43]. Following this, we utilised Adobe Photoshop2020 image processing
software to manually correct incorrectly recognised labeled pixels such as sculptures, birds,
cable cars, and Ferris wheels. Finally, we utilised the PIL and Numpy libraries to detect
and compute the pixel coverage of each category of label.

2.6. Landscape Elements Classification and Cosine Similarity Calculation

We utilised the landscape vocabulary extracted from the text data and the labels
obtained from the labeled images (Figure 3) as a basis for summarising the perceptual
elements of the public into two main landscape categories, including eight landscape
elements and 24 element components (Table 3). The similarity between element components
in text and images was measured using cosine similarity. Cosine similarity is a technique
for measuring the degree of similarity between two vectors by calculating the cosine of the
angle between them. A higher value implies a greater frequency of co-occurrence of an
element component in both text and image modalities. In this study, we utilised keyword
search to generate text vectors for multiple landscape elements, based on the generalization
outcomes of the element components. If an element component is included in the text data,
its corresponding position in the vector is assigned a value of 1, otherwise, it is assigned
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a value of 0. The same approach is used for image data, with element components in the
images recognised using the image semantic segmentation technique discussed earlier and
represented as the corresponding image vectors. The cosine similarity between the text and
picture data is calculated as indicated by Equation (2):

similarty(T, I) =
T · I

∥T∥∥I∥ =
∑n

j=1 tjij√
∑n

j=1 t2
j

√
∑n

j=1 i2j
(2)

where T represents a vector of element components in the text, and I represents a vector
of element components in the image. n denotes the number of element components,
while tj and ij denote the occurrence of the jth element component in the text and image,
respectively.

Table 3. Landscape Elements Classification.

Landscape Categories Landscape Elements Element Components

Natural landscapes

Sky sky

Vegetation
trees
grass

flowers
Water water

Animals
birds
pets

Mountains and rocks
mountains

rocks

Artificial landscapes

Buildings and ornaments

buildings
sculptures

lights
display boards

bridges

Amusement facilities

boats
tents

grandstand
cable cars

Ferris wheels
bicycles

Infrastructures

barrier
steps
roads

ground

2.7. Integrating Text and Images to Assess Preference

After analysing the TF-IDF of the respective element components, the images’ area
share, the similarity, and the weights are combined and added to determine element
components’ comprehensive preference in both text and image collections. To ensure
objectivity, our study employs the entropy assignment method for calculating the weights
of each criterion in multilevel and multicriteria decision-making problems. This method
determines criterion weight by utilising data change variability. Finally, utilising the
summation of the second-level classification as demonstrated in Equation (3), we can
ascertain the landscape element preference as follows:

LEPi = ∑
(
α · TFIDFj + β · Areaj,p + γ · simj,t,p

)
(3)

where LEPi represents the overall preference score of landscape element i. j denotes the
element component belonging to the landscape element group. α, β, and γ are the weighting
coefficients of the TF-IDF value, area share in the picture, and cosine similarity, respectively.
In this paper, α = 0.213, β = 0.529, and γ = 0.257. TF-IDFj represents the TF-IDF value of
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component j, Areaj,p represents the area share of element component j in image set p, and
simj,t,p represents the cosine similarity of element component j in text set t and image set p.

3. Results
3.1. Overall Sentiment Tendency

The number of comments and the overall sentiment tendency can reflect the popularity
of a park and the public’s satisfaction with it on a macro level. We conducted sentiment
analysis on the cleaned data of 12,766 texts. As shown in Figure 4, urban parks ranked
highest in popularity, followed by forest and historical parks, while wetland parks had
fewer comments. The findings provide important clues about the popularity and public
satisfaction of different types of parks. Urban parks, with their multifunctional features,
are more favoured than other specialised parks. This implies that urban parks have
gained widespread recognition and become popular because they effectively cater to the
public’s requirements regarding natural landscapes, recreational facilities, and sociable
environments. Furthermore, a greater number of comments expressed positive sentiments
than negative sentiments for all parks. More than 90% of comments expressed positive
sentiments, while less than 6% expressed negative sentiments, and relatively few comments
expressed neutral sentiments. The overall data on sentiment trends for all types of parks
suggest that the public generally has a positive view of these parks.

Figure 4. The number of park comments and the number of three sentiments.

3.2. Landscape Elements Perception

To examine the similarities and differences in the public’s perception of park landscape
elements in the image and text modalities, we classified the park data into eight categories
based on sentiment tendencies and park types and then analysed the data based on two
dimensions: the frequency of perceiving element components and the degree of perceiving
landscape elements in both modalities.

3.2.1. Similarity Analysis

We selected element components that exhibit similarity in both image and text modali-
ties (Figure 5). Higher cosine similarity values indicate greater similarity, whereas values
close to zero suggest a lack of significant similarity. The element components’ cosine similar-
ity for each park category showed variations under different sentiment tendencies. Under
a positive sentiment tendency, urban parks exhibit higher similarity in birds (1.000), water
(0.786), and sky (0.649), whereas historic parks show higher similarity in buildings (0.683)
and flowers (0.589). Forest parks display high similarity in buildings (0.853), water (0.712),
and cable cars (0.586), while wetland parks show high similarity in the sky (0.767), trees
(0.783), water (0.733), and flowers (0.537) in both image and text modalities. In contrast, in
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parks with a negative sentiment trend, urban parks show a higher similarity with water
(0.805) and birds (0.767), followed by the sky (0.511). Historical parks display the highest
similarity with buildings (0.670). In forest parks, buildings (0.824) and water (0.683) show
higher similarity, while in wetland parks, the highest similarity was observed with the sky
(0.625), flowers (0.676), and buildings (0.525). These findings suggest that the occurrence of
these element components is similar in both modalities.

Figure 5. Similarity scores of element components in different parks and different sentiments. (p) and
(n) indicate positive and negative comments, respectively.

3.2.2. Disparity Analysis

To investigate the variances in how the public perceives landscape elements in both
modalities, we normalised the TF-IDF and image area proportions of the element com-
ponents in each dataset, calculated their percentages in the dataset, and finally merged
them into the corresponding secondary classification (landscape elements). As shown in
Figure 6, a comparison of the proportions of eight different landscape elements using both
text and image modalities revealed significant discrepancies in public perception. Notably,
the disparities in perception between the two modalities exhibited consistent patterns
regardless of whether the sentiments expressed were positive or negative. In all parks, the
text modality exhibited greater emphasis on animals and amusement facilities, whereas
the image modality emphasised sky and vegetation. Sky and vegetation are more stable
and ubiquitous in the park setting, making them more likely to be captured in imagery
by photographers across various scenes. Conversely, animals are more dynamic and are
subject to temporal factors, which may impact their presentation in images. Amusement
facilities prioritise user experience and interaction, whose comprehensive conveyance
through text is more effortless compared to images. For water features, the proportions
in both modalities are relatively consistent for urban parks, historic parks, and wetland
parks. However, the forest park is situated on the high part of Xishan Mountain, with a
height difference of approximately 620 metres from the lake level of Dianchi Lake. The
visual effect of viewpoints tends to draw people’s attention towards the distant landscape,
leading them to disregard the surrounding landscape. The spatial relationship between
the forest park and Dianchi Lake hinders the visibility of the lake within the park, leading
to a significant disparity in the proportion of water and mountain views seen in the two
modalities. However, in the case of the other three park types, the mountain landscape lies
on the opposite side of the lakeshore that is further away from the parks. Consequently,
these parks exhibit a comparatively greater proportion of the mountain landscape in the
text modality than in the picture modality.
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Figure 6. Comparison of landscape element proportions in image and text modes for two senti-
ment tendencies. (a), (b), (c) and (d) represent urban park, historic park, forest park and wetland
park, respectively.

3.3. Bimodal Landscape Preference

We computed the landscape element preference scores for each park type by aggre-
gating the element component scores based on landscape element classification. Then, we
analysed the perceived preference characteristics under positive and negative sentiment
tendencies (Figure 7). In general, there were notable variations in the perceived landscape
characteristics across the four park types. Perceived characteristics remained fairly consis-
tent across positive and negative sentiments. Through the analysis of textual comments and
photographs, we can gain a clear and intuitive understanding of the public’s preferences
and dislikes for the different landscape elements in different park types.

3.3.1. Urban Park

Regarding urban parks, the primary draws are the sky (0.812), water (0.660), and
animals (0.462). In the winter and spring, Dianchi serves as a winter habitat for Siberian
seagulls, whose actions may garner a great deal of interest. The positive opinions mainly
centred around seagulls, sky, and Dianchi, such as “The sunny day is conducive to observ-
ing seagulls” and “Seagulls elegantly soar amidst the blue sky, white clouds, mountains,
and water”. In contrast, water (0.666), amusement facilities (0.381), and infrastructure
(0.307) had more negative sentiments, with their “dislike” scores higher than their “pref-
erence” scores, and the negative comments were usually related to water pollution, over-
commercialisation, and inadequate facilities. For example, “The lake is covered with a
thick layer of green sediment”, “The commercial activity is impressive to witness”, “The
facilities are inadequate, and the supporting amenities are subpar”. In summary, urban
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parks offer the public a variety of natural landscapes and multi-functional activities, and
are conducive to alleviating urban pressure. The pro-water mentality and desire for natural
landscapes of the general public largely influence their perceptual preferences. However,
the layout, number and poor maintenance of artificial facilities, as well as other reasons,
lead to negative public perceptions.

Figure 7. Comparison of landscape element preferences and dislikes.

3.3.2. Historic Park

Strong positive preferences were shown for vegetation (0.808), buildings and orna-
ments (0.705) in the historical park. Comments mainly described classical garden architec-
ture, lotus ponds, flowers, and various flower displays. Some negative criticisms mentioned
the lack of grandeur in classical architecture and crowded amenities. For instance, “The
Daguan Tower is too short and not impressive”, “The amusement area ruins the atmo-
sphere”. Historical parks usually blend contemporary amenities with ancient monuments,
creating spacious public areas. The existence of historical structures, garden landscapes
and features evokes a positive response. However, the inclusion of modern amenities may
create negative feelings. This is especially true when such modern facilities do not align
with the historical nature of the area and are seen as jeopardising its artistic value.

3.3.3. Forest Park

In the forest park, the level of positive preference was higher for mountains and rocks
(0.678), buildings and ornaments (0.630), and vegetation (0.533). The comments focused
on Xishan Mountain, cliffs, pavilions, and forest vegetation. However, negative feedback
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centred around steep trails, inadequate facilities, and limited access within the park. For
instance, “The climb up and down the mountain is steep and hazardous”, “The amenities
are somewhat antiquated”. Forest parks, based on the natural environment of forests, offer
recreational activities, forest bathing, and other amenities to the public, making them a
highly popular and valuable public resource. The recreational facilities and forest trails
provide a place for people to view and experience natural beauty. While some mountain
and forest paths offer exciting and captivating experiences, others may lead to treacherous
terrains and a lack of maintenance facilities, resulting in fearfulness and affecting people’s
feelings to a great extent.

3.3.4. Wetland Park

Wetland park users preferred vegetation (1.080), sky (0.681), water (0.522), and amuse-
ment (0.424). An analysis of comments and photo content revealed positive portrayals of
various aquatic plants, flowers, scenic views including sunsets and evenings, and recre-
ational activities such as camping and boating. For example, “Exploring the serene waters
of the forest while surrounded by beautiful emerald green and blue skies” and “The sunsets
in this location are always an unforgettable sight” These positive descriptions suggest that
wetland parks, as a specific category of parks, have distinct landscape preferences. They
effectively offer charming natural surroundings and diverse recreational activities, pro-
viding a sense of calm and pleasure. Nevertheless, negative feedback points out pungent
smells coming from water plants, insufficient facilities, and water quality concerns. To
some degree, these issues impact the public’s experience and viewpoint.

4. Discussion
4.1. Landscape Elements and Public Preferences

As mentioned earlier, a notable positive correlation is evident between affective restora-
tion and landscape preference [21]. Moreover, positive emotions can act as indicators of
perceived restorative changes [23]. Studies have demonstrated that visiting UBGSs can
have a profound impact on the mental and physical health of attendees. For instance,
individuals often encounter a sense of tranquility when exposed to natural surroundings,
leading to psychological recuperation that fosters positive emotions and enhances overall
well-being [7,8,44]. Our research indicates that positive sentiments accounted for more
than 93% of public evaluations of all parks, which is significantly higher than other types
of sentiments (Figure 4). This finding is consistent with previous studies in other cities
that have demonstrated that public perceptions of UBGSs tend to be positive. For example,
Huai and Van de Voorde’s study in the cities of Shanghai and Brussels yielded similar
results, and the results of surveys of public satisfaction with urban parks carried out by
local governments also support this conclusion [45].

In UBGSs, vegetation plays a crucial role in providing ecological services and en-
hancing aesthetic appeal. Research has demonstrated a positive correlation between
plant-related landscape features, such as trees, lawns, and flowers, and psychological
recovery [17,46,47]. Our findings also confirm that people show a higher preference for
vegetation in positive comments. Additionally, water bodies are a significant component
of blue spaces. The study revealed that the public has a significant preference for Dianchi
Lake and water scenes. This aligns with previous research, such as Ulrich’s prior study,
which demonstrated that natural scenes, particularly those with water, had a positive effect
on participants’ psychological states [48]. A national survey conducted in Ireland revealed
a predilection among the public for landscapes related to water [49]. Additionally, White
et al. found that individuals prefer natural and built landscapes with water and that im-
ages of “built” environments with water bodies are considered positive as natural “green”
spaces [50]. While our findings are consistent with the majority of studies confirming a
strong public preference for water features, this study also uncovers a unique discovery.
Water features in urban parks received higher “dislike” ratings than “preference” ratings.
Negative comments suggest that issues with water quality had negative impacts on visitor
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experiences. This aligns with a study performed in China, which determined that lakes
were considered the least restorative landscapes because of water quality pollution and
litter problems [51]. Furthermore, our study brings to light a previously disregarded aspect
of the landscape: the sky. While previous research frequently disregarded the sky [52], our
findings suggest that individuals possess a significant inclination towards skyscapes in
metropolitan parks and wetland parks located along the eastern coast of Dianchi Lake. This
occurrence can be linked to the fact that the Dianchi region receives direct sunlight from the
plateau persistently throughout the year. On clear days, the visual effect of “Five hundred
miles of Dianchi Lake coming to the bottom of the eye, and the joy of the vast emptiness
without boundaries” is apparent [53]. Furthermore, the sky serves as a visual vehicle for
the presence of sunsets, clouds, and birds of prey that blend topographic features and
environmental factors (e.g., horizon, skyline, and canopy line) to create a natural fascination.
This fascination is also an important feature of restorative landscapes [52].

In addition to natural landscapes, individuals exhibit a strong preference for human-
istic landscape elements. This encompasses cultural elements such as plaques, couplets,
and stone carvings, as well as artistic elements such as buildings, rockeries, and sculptures.
This provides further evidence that historic buildings [54], cultural heritage sites [55],
and historic sites [56] typically have high attractiveness and can have positive emotional
restorative effects. The scenery in historic parks and forest parks, like most traditional
Chinese gardens, is strongly reminiscent of poetry and paintings. The humanistic land-
scape elements that carry the “poetic mood” are rich in aesthetic, literary, and historical
information [57], which can easily arouse people’s visual attention and cognitive desire.
The integration of traditional architecture with landscaping creates a visually appealing
“picturesque view” [57], which helps people relax and seek spiritual solace. As a result,
humanistic landscaping holds a distinctive significance in UBGSs, differing from that of
natural landscapes. Humanistic landscaping not only offers visual pleasure but also fosters
a bond between people and their surroundings, affecting their perception, experiences, and
emotional outlook towards UBGSs. Furthermore, such landscaping shapes individuals’
emotional identity and sense of belonging to the environment.

4.2. Differences and Connections between Images and Text

Regarding the methodology, there were differences in the frequency and degree
of perception in the two modalities. Image modality allowed for the easy recording of
landscape elements unique to the park with high stability. In contrast, textual modality
easily captured and expressed dynamic or interactive features, including animals and
rides, as well as landscape elements with park characteristics. As stated previously, both
modalities serve as sources of data pertaining to landscape preference. However, they
deviate in their degree of interpretation [38]. Images focus on reflecting the raw information
of landscape perception as a representation of the content when the subject is seeing the
object, while texts have the characteristics of abstraction, core, and decontextualization,
which omit trivial details [39], and focus on reflecting the processed perceptual information,
so that one reflects more concrete and contextualised content, and the other reflects more
focus or interest, both of which are important aspects of landscape perceptual preference.

Moreover, we discovered that the contents of photos are impacted not only by ob-
jective factors such as the traits of landscape elements and spatial and temporal features
but also by the emotional experience of the photographer. As a result, the findings of
landscape preference solely based on image modality are not definitive, as exemplified by
unfavourable reviews in online feedback. In the last ten years, the city’s rapid growth has
led to haphazard development in the vicinity of Dianchi Lake. Chronic water pollution
issues persist before lake governance, exacerbating a range of ecological and environmental
problems and ultimately resulting in the degradation of water quality [58]. However, when
measuring preferences for landscapes based on image modality, even if the photos show
signs of pollution, it is not possible to judge the negative evaluation of users by relying
on the semantics of the images, which makes the quantification of the landscape objects
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seen by the public, based on image modality as the basis of landscape preference, likely
to be out of touch with reality. On the other hand, commenting on text habitually utilises
accumulated prior knowledge and messages to evaluate the object, indicating a structured
thought process [59]. The quantification of sentiment through natural language processing
technology can also serve as a basis for determining a user’s positive or negative evaluation.
However, the quantifying of landscape perception is incomplete due to its abstractness and
decontextualization, and can be supplemented by image content. Supplementing pictures
may enhance comprehension and objectivity. For a more comprehensive and unbiased
understanding of the public’s perception and preference for UBGSs, visual presentations
and reflective feedback in pictures and texts should be combined.

4.3. Implications for UBGS Planning

The management and restoration of water ecosystems are crucial in maintaining
the health of water bodies and in enhancing public preference for aquatic landscapes.
Measures such as stringent pollution control, water quality monitoring and ecological
restoration can improve the ecological conditions of water bodies and thus increase the
public’s positive preference for water landscapes. Furthermore, the development of a
rich waterfront, the enhancement of the hydrophilic nature of the waterfront, and the
establishment of recreational areas that contribute to the closeness to nature can further
contribute to the positive impact of water landscaping on the restoration of UBGSs. The
selection and arrangement of trees and flowers, in addition to the extent of accessibility of
recreational areas such as lawns and forests, significantly influence the public’s preference
for green landscapes. Encouraging vegetation near the lakefront and granting communal
access to green spaces, while incorporating cities’ blue–green infrastructure, can provide
a diverse range of open green spaces. This further enhances the benefits of greening for
ecological restoration and the restoration of human physical and mental health. Rooting
UBGSs in local history and culture while emphasising regional culture and the uniqueness
of humanistic landscapes is an important means of avoiding landscape homogenisation.
UBGSs contain rich cultural elements that can provoke emotional resonance and create a
sense of inner peace and fulfilment.

4.4. Limitations and Future Directions

While this study ensures objectivity and comprehensiveness in assessing landscape
preferences by combining the visual presentations of the public in images and texts with
reflective feedback, there are several limitations to this paper. All user-generated datasets
and associated analyses are susceptible to biases that ought to be acknowledged in re-
search [60]. User sampling bias represents a subjective attribute inherent in online review
platforms [61]. This implies that user-generated data does not provide a comprehensive rep-
resentation of all user groups, especially those belonging to older age groups and children
who may be less likely to access the Internet. Another inherent bias in this user-generated
data is self-selective sampling. This means that not everyone is willing to share content
publicly [62]. Furthermore, the sharing of comments is also influenced by the phenomenon
of the “positive bias” [63,64]. This refers to the tendency of individuals to share positive
emotions more readily than negative emotions when posting comments [64]. In future
studies, researchers can widen the scope of their data by integrating online and offline
data sources, enhancing the complexity of landscape semantics and computation, and
decreasing the impact of user bias and technical constraints.

5. Conclusions

The purpose of this research is to test and validate a landscape preference assessment
method that uses bimodal data. This method allows for a thorough analysis of the public’s
perceptions and preferences for landscape elements found in UBGSs. The two modes
of “seeing” and “thinking” are combined by using both pictures and text. Under these
two modalities, the text mode offers insight into the public’s emotional disposition and a
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fundamental perception of the landscape when interacting with the UBGSs, whereas the
visual mode provides a more detailed perception of the landscape. These two modes of
perception can complement each other in quantifying landscape preferences.

Our research indicates that UBGSs promote positive feelings and enhance people’s
emotional experience. Our analysis of online comments, including both text and image
content, shows that this bimodal approach is able to capture the public’s perception of
different landscape elements in UBGSs at a very detailed level. Nevertheless, our analyses
also revealed differences between the two modalities in the frequency and percentage
of landscape element preferences. These disparities can be traced back to the sensory
registrations and expressive customs of the respective modalities, as well as the features
of the landscape components themselves. These distinctions enhance our knowledge of
landscape inclinations. Furthermore, our study unveils disparities in landscape element
preferences among various park types, indicating that different landscape elements play
unique roles in different types of parks, as evidenced by public visual and cognitive
preferences. These findings offer crucial references for further optimising and planning
UBGSs to cater to public requirements.
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