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Abstract: As an important type of linear cultural heritage and a waterfront landscape that
integrates both artificial and natural elements, heritage canals provide the public with
a multidimensional perceptual experience encompassing aesthetics, culture, and nature.
There remains a lack of refined, micro-level studies on heritage canal landscapes from a
multidimensional perspective of visual preference. This study focuses on a typical seg-
ment of the Grand Canal in China, specifically the ancient canal section in Yangzhou. We
employed SegFormer image semantic segmentation techniques to interpret features from
150 panoramic images, quantitatively identifying the waterfront environmental charac-
teristics of the heritage canal. Four perceptual dimensions were constructed: aesthetic
preference, cultural preference, natural preference, and hydrophilic preference. Through
a questionnaire survey and various statistical analyses, we revealed the relationships be-
tween visual preferences for the waterfront landscape of heritage canals and environmental
characteristics. The main findings of the study include the following: (1) Aesthetic pref-
erence is positively correlated with cultural, natural, and hydrophilic preferences, while
natural preference shows a negative correlation with cultural and hydrophilic preferences.
(2) Aesthetic preference is influenced by a combination of blue-green natural elements
and artificial factors. Natural preference is primarily affected by increased vegetation
visibility, cultural preference is associated with a higher proportion of cultural facilities
and high-quality pavements, and hydrophilic preference is linked to larger water surface
areas, fewer barriers, and better water quality. (3) There are spatial differences in canal
waterfront landscape preferences across different urban areas, with the old city exhibiting
higher aesthetic, cultural, and hydrophilic preferences than the new city and suburban
areas. Finally, this study proposes strategies for optimising and enhancing the quality of
waterfront landscapes of heritage canals, aiming to provide sustainable practical guidance
for the future planning and management of these heritage sites.

Keywords: heritage canal; waterfront landscape; visual preferences; panoramic image
interpretation; sustainable management
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1. Introduction
1.1. Heritage Canals: Cultural Landscapes Integrating Nature and Artifice

Rivers are often the most vibrant places in a city, and waterfront landscapes can offer
enriching experiences. Therefore, it is essential to consider how people perceive, value,
and interact with river landscapes in various ways [1,2]. Heritage canals, as artificial
waterways, possess more historical value and cultural appeal compared to natural rivers,
representing a unique category within the world heritage lists. The 1994 Expert Meeting on
Heritage Canals in Canada emphasised that canals are not only artificial waterways but
also linear cultural landscapes of outstanding universal value. In 2005, the “Operational
Guidelines for the Implementation of the World Heritage Convention” classified heritage
canals, heritage routes, cultural landscapes, historic towns, and town centres as special
types of applications for world heritage status [3]. For instance, many of the world’s most
iconic canals are closely tied to national politics and economies. Strategic canals such as the
Suez Canal in Egypt and the Panama Canal [4] play critical roles in ensuring international
transportation security. Meanwhile, research on canal landscapes often focuses on the
evolution and functionality of historical landscapes [5]. Examples include studies on the
rise and decline of the Birmingham canal system in the UK and the Amsterdam canal
network in the Netherlands, along with their driving factors [6,7]. Additionally, research
has explored the recreational, tourism, and landscape features of canals in cities such
as New York and Prague [8-10]. However, there has been limited exploration of how
individuals perceive and interact with regenerated urban canal landscapes in increasingly
diverse urban societies [11].

The Grand Canal dates back to 486 BCE during the Spring and Autumn period and
has undergone significant expansion and reconstruction during subsequent dynasties. The
Grand Canal of China was inscribed as a UNESCO World Cultural Heritage Site in 2014.
As a vital transportation artery connecting the north and south of ancient China, it stretches
1794 km, which represents large-scale living cultural heritage with significant temporal,
spatial, and technological depth, playing a crucial role in the social, economic, and cultural
development of cities along its route [12]. However, due to rapid urbanisation and tourism
development in China, the canal faces challenges such as environmental degradation
and insufficient conservation and utilisation. Current research on heritage canals often
focuses on their inherent value [13], leaning towards large-scale land use and coverage
analysis [14,15]. Studies examining visual perception preferences at the micro-, human
scale of waterfront landscapes are relatively rare, leaving a gap in understanding how to
shape culturally rich, high-quality canal landscapes, which hampers effective planning
and management.

1.2. Literature Review on Multidimensional Landscape Visual Preferences

Landscape preference is a crucial aspect of environmental perception, reflecting a
comprehensive result of emotional and cognitive responses to landscapes. Understanding
landscape preferences helps explore which landscapes are most favoured based on users’
holistic evaluations [16]. In evaluations of environmental perception and aesthetic satisfac-
tion in South Korea, visual factors have an approximately 76% influence [17]. In another
earlier study in the United States, it was proposed that 80% of human sensory experiences
depend on visual stimuli [18]. Research on Landscape Visual Aesthetic Quality (LVAQ)
originated in the 1960s in the United States and plays a significant role in environmental
planning and management [19]. The relationship between environmental quality and land-
scape preference has been widely emphasised [20]. Numerous studies have confirmed the
relationship between landscape biophysical characteristics (LBCs) and visual perception,
particularly scenic beauty (SBE) [21,22]. Researchers have primarily focused on streetscapes,



Land 2025, 14, 220

30f25

greenways, and waterfront landscapes. For instance, Wenping Liu investigated the visual
perception characteristics of ten greenway types in Wuhan using streetscape and remote
sensing images [23]; Li Xin studied urban channelized riverfront greenways, establishing
a batch predictive model for urban river landscape quality [24]; and Luo explored the
relationship between the landscape characteristics of blue space (e.g., water quality, aquatic
plant populations, accessibility) and aesthetic benefits [25]. It is important to note that
street landscapes and waterfront landscapes are not mutually exclusive. In some sections
of the river, street views also incorporate canal landscapes (i.e., the street directly abuts the
canal), while in sections with wider waterfront green spaces, the street space and waterfront
landscape are separate. While research on street landscapes is relatively well established,
studies specifically focusing on waterfront landscapes, particularly the visual landscapes of
heritage canals, remain limited.

Research on environmental visual perception preferences has largely concentrated
on aesthetic effects. Aesthetics are considered an important factor in cultural ecosystem
services (CESs), providing aesthetic benefits that enhance living environments and subse-
quently affect public health and well-being [26,27]. Previous studies have primarily focused
on the aesthetic qualities of natural rivers or general urban rivers [24]. However, given that
heritage canals are waterfront spaces closely integrating artificial and natural elements,
studies on landscape visual preferences should extend beyond aesthetics to include cultural,
natural, and hydrophilic experiences [22,28]. Furthermore, some research indicates that
the public’s positive attitudes toward the environment can influence their willingness to
revisit and use these spaces. Exploring landscape preferences from multiple perceptual
dimensions can reveal diverse public cognitions and needs [29], which is valuable for
promoting the multifunctional use of heritage canal waterfronts [30].

1.3. Panoramic Image Interpretation Technology Based on Deep Learning

Landscape visual preference research has largely utilised landscape photographs
as substitutes for real-world landscapes [31,32]. Studies show that when walking, peo-
ple observe their surroundings from multiple angles; however, traditional photographs
have limited perspectives and fail to reflect the true aesthetic qualities of landscapes or
provide complete three-dimensional spatial information [33]. With the maturation and
application of technologies such as panoramic photography and virtual reality (VR), 360°
panoramic scenes offer a more authentic experience, addressing the spatial limitations of
two-dimensional images [34]. This advancement has positively impacted the assessment
of street and greenway landscape quality [35-37]. Currently, Google Street View data are
commonly used for image segmentation processing. However, street views and waterfront
landscapes differ in several respects; large-scale streetscape photographs are challenging to
apply to waterfront landscape studies, while making use of 360° panoramic photography
for capturing riverfront landscapes is an effective means of accurately representing the
surrounding environment [38].

On the other hand, with the proliferation of big data, machine learning, and deep
learning technologies [39], deep semantic segmentation models based on convolutional
neural networks are increasingly employed to extract identifiable features from images for
precise element segmentation, aiding in the assessment of specific landscape environmental
characteristics” attractiveness [40]. Deep learning algorithms address limitations in tradi-
tional image processing methods, such as small sample sizes and low processing efficiency,
by leveraging the value of vast datasets to ensure data completeness and objectivity [41].
To obtain detailed visual element information, previous studies have extensively used
semantic segmentation models such as SegNet [36], PSPNet [42], and UNet [43] to estimate
pixel-level category information for visual elements (e.g., buildings, green spaces, sky); in
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particular, SegFormer comprises a novel hierarchically structured Transformer encoder
which outputs multiscale features and avoids complex decoders, so it sets a new state-
of-the-art in terms of accuracy and robustness, reaching significantly better performance
and efficiency than its previous counterparts [44]. However, few studies have specifically
targeted the identification of unique waterfront landscape elements in heritage canals (e.g.,
ancient architecture, boats, barriers), necessitating more precise segmentation calculations
combined with manual corrections.

1.4. Research Framework

Various statistical analysis methods can be utilised to explore the relationship between
landscape visual preferences and environmental characteristics. Many studies indicate that,
in general, artificial objects elicit negative perceptions, whereas natural environments (green
spaces, waterbodies) provoke positive perceptions [45]. However, the visual preference
patterns for blue-green spaces, such as heritage canals, which integrate artificial and
natural elements with strong cultural attributes, have not been thoroughly investigated.
Several questions warrant further research: Is there a close relationship between aesthetic
preference and cultural, natural, and hydrophilic preferences in heritage canal waterfront
landscapes? What are the correlations between the four types of landscape preferences
and environmental characteristics, and what environmental factors explain landscape
preferences? Are there spatial differences in landscape preferences among river sections in
different urban locations? This paper proposes a framework based on panoramic image
interpretation. Regarding the research subject, the focus has shifted from general urban
rivers to heritage canals. In terms of the research framework, we avoided a singular
aesthetic evaluation and established a comprehensive, multidimensional visual preference
system. Furthermore, we explored a method for interpreting the landscape characteristics
of heritage canals based on panoramic image capturing and Segformer image semantic
segmentation technology. The specific research objectives and implementation framework
are as follows (Figure 1):

(1)  Acquire an objective description of the heritage canal waterfront landscape through
continuous, fixed-point panoramic imaging and use image semantic segmentation
models to calculate the proportions of various environmental elements and characteristics.

(2) Develop a questionnaire on landscape visual preferences encompassing four percep-
tual dimensions—aesthetic preference (AP), cultural preference (CP), natural prefer-
ence (NP), and hydrophilic preference (HP)—to measure public perceptions of the
heritage canal waterfront landscape.

(3) Analyse the relationship between the objective environmental characteristics of the
heritage canal and landscape visual preferences through a correlation analysis and
stepwise multiple regression analysis, identifying environmental elements that explain
perceptual results, and compare spatial differences in landscape preferences across
different urban canal sections using a non-parametric one-way ANOVA and elucidate
the underlying reasons.

(4) Propose strategies for optimising and enhancing the quality of the waterfront land-
scape of heritage canals, effectively guiding the planning, design, and sustainable
management of the heritage canal environment, improving landscape outcomes, and
promoting the multifaceted value of heritage canals.
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Figure 1. Research framework.

2. Materials and Methods
2.1. Study Area

Yangzhou is located in central Jiangsu Province, on the northern bank of the lower
Yangtze River. It is the starting point of the Grand Canal, originating from the “Han Canal”
excavated by King Fu Chai of Wu in 486 BC. Over more than 2500 years, it has developed
into the renowned Yangzhou Canal that runs through the city [46]. Throughout history, the
Grand Canal has been a source of inspiration for poets and painters, reflecting its profound
cultural and humanistic value. For example, the scenic beauty of the Yangzhou section of
the canal has been immortalised in classical Chinese poetry, such as Spring River in the
Flower Moon Night by the Tang poet Zhang Ruoxu and Mooring at Guazhou by the Song
poet Wang Anshi. Similarly, the canal served as an important subject in traditional Chinese
painting. These artistic works highlight the cultural richness and historical significance of
the canal. The ancient canal in Yangzhou has witnessed the prosperity and splendour of
ancient Chinese canal civilisation, providing valuable historical experience and cultural
heritage for contemporary urban development [47]. In modern times, the canal has no
longer been the primary channel for material transportation, but its rich historical and
cultural connotations, along with its beautiful natural scenery, continue to attract numerous
tourists. The government and various sectors of society are increasingly focusing on the
conservation and utilisation of the ancient canal, showcasing it as an important urban
symbol. Simultaneously, the waterfront greenway serves as a venue for fitness activities
and an open urban public space, fulfilling diverse service functions and heritage values.

This study selects the core section of the ancient canal in Yangzhou, from Sanwan to
Zhuyuwan, covering a length of 10.2 km, with an average width of 63 m (Figure 2). Located
in the northeast of the city, Zhuyuwan serves as the ancient gateway of Yangzhou, while
Sanwan in the south is a unique hydraulic structure that has now been developed into a
canal park. Many famous historical and cultural relics remain today, such as ancient docks,
sluices, and post stations, which have become significant attractions along the ancient canal.
This segment of the canal passes through suburban areas, the old city, and the new city,
resulting in differences in waterfront landscape characteristics and perceptual preferences
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due to variations in urban regional styles and built environments. Therefore, using the
ancient canal in Yangzhou as a sample is conventional and representative, offering insights
applicable to similar canal cities along the Grand Canal.
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Figure 2. Location map and representative panoramic photos.

2.2. Research Methods
2.2.1. Data Collection: Panoramic Image Capture

The panoramic images used in this study were captured with an Insta360 X3 camera,
aimed at comprehensively documenting and reflecting the entire landscape surrounding the
shooting point. The shooting locations were selected starting from East Development Road
(Nan Sanwan Bridge) and ending at North Canal Road (Fu Chai Bridge). The landscapes
on both the left and right banks exhibit certain similarities. However, due to the higher
connectivity of the road network on the left bank (while the right bank is discontinuous
and some green spaces are inaccessible), the entire photographic process was carried out on
the left bank of the river. A team of three researchers conducted the full-line photography
from 12 July to 13 July 2023, between 9:00 a.m. and 5:00 p.m. These dates were chosen as
summer vegetation is lusher, and favourable weather conditions help accurately discern
landscape elements. The camera was maintained at human eye level, approximately 170 cm
above the ground, facing the direction of the canal, and capturing one image every 50 m. A
total of 208 panoramic images were obtained. After excluding images that did not meet
our requirements (e.g., bridge underpasses, significant human interference) and those with
high visual redundancy (58 images), a total of 150 standard experimental photographs were
retained. All images were converted into 720° panoramic images using Insta360 Studio
2020 software.

2.2.2. Environmental Feature Identification: Image Semantic Segmentation and
Environmental Feature Indicator Calculation

This study intends to employ SegFormer image semantic segmentation technology
to analyse objective landscape elements and environmental characteristics. Building on
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previous studies [48,49] and considering the features of heritage canal waterfront land-
scapes, the panoramic images were segmented into 16 categories: trees, grass, waterbodies,
sky, bare land, fence, people, hard pavement (roads and squares), modern structures, an-
cient buildings, bridges, landscape facilities (e.g., streetlamps, benches), boats, vehicles,
disruptors (e.g., trash bins, clutter, telephone poles), and others (Table 1). Representing
environmental characteristics using the proportions of landscape elements is a commonly
used and effective method [50]. This study utilised ten spatial morphological metrics to
characterise landscape environmental features, including the greenery visibility ratio, water
visibility ratio, and hard surface ratio, along with two graded quantification metrics for
water quality and pavement quality (averaged scores from ten professionals rated on a
scale of 1-5), totalling 12 indicators (Table 2). These were categorised into two main classes:
blue-green indicators (related to natural and water elements) and grey indicators (related
to artificial constructions).

Table 1. Image segmentation elements.

No. Category Code
1 tree Atn
2 grass Agn
3 bare land Abl,n
4 water Awn
5 sky Asn
6 hard pavement Ahpn
7 person Apn
8 fence Afn
9 modern construction Amcn
10 historic building Ahbn
11 bridge Abr,n
12 car Acn
13 boat Abo,n
14 landscape facility Alfn
15 disruptors Adn
16 others Aon

The continuous advancement of deep learning technology in computer vision has
led to significant breakthroughs in image classification, object recognition, and semantic
segmentation, especially regarding image segmentation tasks, where the SegFormer archi-
tecture has shown promising results. SegFormer, a simple, efficient, yet powerful semantic
segmentation framework, unifies Transformers with lightweight multilayer perceptron
(MLP) decoders [44]. Encoders capture features from the input images, while decoders
map these features back to the original resolution of the input image, generating pixel-level
segmentation results. This study first organised the photographed images by number and
developed a dataset. Using the SegFormer structure in the MMSegmentation, multiple
segmentation models were trained to achieve a high degree of fit, indicating the model’s
generalizability for the batch processing of canal waterfront images. This study conducted
100 training cycles, followed by model testing, calculating the accuracy (A) and intersection
over union (IoU) of the segmentation results. The 150 images used for analysis were input
into the model, producing the segmentation results. The model computed the pixel area of
each segmented element in each image and directly output the percentage of each element
relative to the total image area, facilitating the calculation of the environmental feature
metric system (Figure 3).
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Table 2. Environmental feature indicators.

Type No. Index Item Indicator Selection Basis Index Calculation
The proportion of green plants in
Green visibility ratio ~ people’s view emphasises the
1 (GVR) three-dimensional visual effect Atn +Agn
of greening.
The proportion of sky in what
’ Sky visibility ratio people see with their eyes Asn
(SVR) emphasises the visual effect of !
sky visibility.
Blue-green: nature- The proportion of waterbodies in
and water-related Ri isibili . h 1 th thei
indicators 3 iver visibility ratio ~ what people see with their eyes Awn
mn (RVR) emphasises the visual effect of !
water visibility.
Water quality has an impact on
4 Water quality (WQ) people’s perception of 5-level rating
hydrophilicity and aesthetics.
The proportion of bare ground in
5 Bare land ratio (BLR)  the picture reflects the degree of Abl,n
bare ground.
The proportion of hard paved
streets and roads in the images
6 Street openness (SO) people see reflects the degree of Ahpn
openness of urban streets.
Pavement quality The quality of,hard pavement .
7 (PQ) affects people’s evaluation of 5-level rating
landscape quality.
The proportion of modern
8 Modern construction — architecture that people see with Amen
density (MCD) their eyes emphasises the degree §
of engineering construction.
The proportion of cultural
buildings and related
Grev: artificial 9 Cultural facility constructions (such as historic Ahb,n + Abon +
y: . density (CFD) buildings, boats, streetlights, etc.) Alfn
construction X
o has an impact on
indicators .
cultural perception.
The existence of bridges affects
the linear spatial pattern of
10 Bridge visibility (BV) canals, and the proportion of Abrn
bridges in people’s view affects
the visual effect of the landscape.
The proportion of riverbank
1 Waterfront enclosure  enclosures in the picture affects Afn
degree (WED) people’s perception of security !
and hydrophilicity.
This is the overall visual
12 Interference degree  proportion of obstacles, piled-up Adn + Acn

(ID)

debris, garbage, pipelines,
cars, etc.
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Figure 3. Segmentation flow diagram. Comparison of original photos and segmented images.

2.2.3. Landscape Preference Evaluation

Landscape visual preference rating was conducted through an online questionnaire
survey, which offers convenience and is not limited by time and space. The 150 experimen-
tal photos were randomly divided into four groups, each containing 37-38 photos for the
online questionnaire survey. Many studies have confirmed that the landscape preferences
of professionals align with those of the public and can lead to more accurate interpre-
tations of images [51]. Therefore, 80 professionals (students, teachers, and practitioners
in landscape architecture, architecture, and urban planning) were invited to participate
in the survey, with 20 individuals per group. The questionnaire consisted of two parts:
(1) basic personal information, including gender, age, occupation, and familiarity with the
canal and visitation experiences, and (2) visual landscape preferences, where testers were
first briefed on the research purpose, sampling locations, and four indicators related to
each photo—aesthetic preference, cultural preference, natural preference, and hydrophilic
preference—with corresponding explanations (Table 3). All photos in the group were pre-
sented, and only after confirming that all had been viewed could the participants proceed
to the next page, ensuring a general understanding of all images to avoid extreme scoring.
Participants then rated all photos using a 5-point Likert scale ranging from 1 to 5 for each
of the four questions. Prior to the survey, all participants were fully informed about the
purpose and procedures of the study, and their consent was obtained. Participation in the
survey was conducted anonymously. The basic information statistics of the participants
(Table 4) showed an average age of 27.2 £ 3.3 years, with undergraduates comprising
22.50%, graduate and doctoral students comprising 48.75%, and university teachers and
professionals comprising 28.75%. Notably, 61.25% of the respondents reported familiarity
with or prior visits to canal-related attractions.

Table 3. Landscape preference evaluation questions.

Factors Survey Questions level

Do you think the scenery here is

Aesthetic preference (AP) beautiful?

Do you think this place reflects the
Cultural preference (CP) historical and cultural heritage of 1-5
the canal?
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Table 3. Cont.
Factors Survey Questions level
Natural preference (NP) Do you think this place is natural? 1-5
. Do you think it’s easy to access
Hydrophilic preference (HP) water here? 1-5
Note: 1 = strongly unwilling; 2 = unwilling; 3 = neutral; 4 = agree; 5 = strongly agree.
Table 4. The basic information statistics of the participants.
Information Proportion
gender Male (47.5%), female (52.5%)
age 20-25 (35%), 26-30 (51.25%), 31-35 (13.75%)
undergraduates (22.5%), graduate students (30%), doctoral
occupation students (18.75%), university teachers (15%),

professionals (13.75%)
familiar with or visited the canal (61.25%),

familiarity with the canal not familiar with or visited the canal (38.75%)

2.2.4. Statistical Analysis

In planning guidance research, statistical methods using SPSS software are widely
applied. For instance, correlation analysis and multiple linear regression models can be
used to analyse the relationships among various variables; one-way ANOVA can compare
the significance of differences between groups [52]. In this study, the independent variables
comprised 12 waterfront environmental feature indicators, while the dependent variables
included the four components of landscape visual preference: aesthetic preference, cul-
tural preference, natural preference, and hydrophilic preference. Utilising SPSS 27.0.1,
multiple analyses were performed on the different datasets: (1) The reliability (internal
consistency) of the questionnaire measurement scales was assessed using Cronbach’s o
coefficient, along with a descriptive statistical analysis of the results for landscape element
segmentation, environmental feature calculations, and landscape preference evaluations.
(2) Spearman correlation analysis was employed to examine the bivariate relationships
between the internal landscape visual preference indicators and waterfront environmental
characteristics, followed by stepwise multiple linear regression analysis (using the “Enter”
method) to explore the associations between different environmental features and visual
preferences, identifying significant environmental factors influencing the four landscape
visual preferences. (3) The canal sections were categorised into suburban, old city, and new
city segments, employing a non-parametric one-way ANOVA (Kruskal-Wallis test) to test
the significance levels of differences in landscape preferences across different segments,
thereby investigating the influence of spatial location on landscape preferences.

3. Results

3.1. Descriptive Statistics of Environmental Characteristics and Landscape Visual Preferences
3.1.1. Descriptive Statistics of Environmental Segmentation Element Ratios

After multiple training rounds, the model’s segmentation accuracy met experimental
requirements. With this accuracy, the image semantic segmentation resulted in high
recognition rates for various labels, with an overall pixel accuracy (PA) of 0.923 and a mean
intersection over union (MlIoU) of 0.754, enabling the precise batch processing of canal
waterfront images. The average ratios of the 16 environmental segmentation elements
across the 150 photos were statistically analysed (Figure 4). The highest proportions were
recorded for sky (27.43%), tree (17.85%), hard pavement (16.21%), and water (14.60%),
while the proportions for modern construction, historic buildings, bridges, and landscape
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facilities ranged from 0.5% to 1.6%, indicating a predominance of blue-green natural
spatial elements.

27.43
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Figure 4. Average ratios of segmented elements in photos.

3.1.2. Descriptive Statistics of Landscape Visual Preference Scores

The questionnaire data underwent reliability testing, yielding Cronbach’s « coefficients
of greater than 0.8 for all dimensions, indicating high reliability and suitability for further
analysis. Descriptive statistics for the scores of the four landscape preference indicators were
generated, revealing the following hierarchy: natural preference (3.05 & 0.61) > aesthetic
preference (2.97 £ 0.50) > hydrophilic preference (2.96 & 0.82) > cultural preference
(2.44 + 0.54). This indicates a stronger overall perception of nature and a weaker per-
ception of culture.

The three photos with the highest and lowest scores for the four visual preferences
were compiled (Figure 5). In photos with high aesthetic preference, the proportions of
waterbodies and vegetation were higher, and the quality of pavement and water was
better. Conversely, in lower-scoring photos, bare land, clutter, and modern structures
were more prominent. Photos with higher cultural preference featured classical pavilions,
boats, and high-quality pavements, while those with lower scores showed poor visibility of
waterbodies and fewer landscape facilities. High-natural-preference photos had a greater
proportion of vegetation and higher greenery visibility, whereas photos with lower scores
exhibited larger areas of hard surfaces and more artificial structures such as bridges, railings,
and buildings. High-hydrophilic-preference photos had a significant water surface area,
lower barriers, and better pavement quality, while lower-scoring images were obstructed
by plants or railings, resulting in lower visibility of the water.
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Figure 5. Summary of three photos with high and low landscape visual preference scores.

3.2. Relationship Between Environmental Characteristics and Landscape Visual Preferences
3.2.1. Correlation Analysis

Spearman’s correlation analysis was first conducted to calculate the correlations among
the four landscape visual preference indicators (Table 5, Figure 6). The results indicated that
aesthetic preference exhibited significant positive correlations with cultural, hydrophilic,
and natural preferences; however, cultural preference showed a negative correlation with
natural preference and a significant positive correlation with hydrophilic preference.

Table 5. Correlations among the four landscape visual preferences.

Correlation Aesthetic Cultural Preference Natural Preference Hydrophilic
Preference (AP) (CP) (NP) Preference (HP)
Aesthetic Preference (AP) 1 - - -
Cultural Preference (CP) 0.474 ** 1 - -
Natural Preference (NP) 0.455 ** —0.193 * 1 -
Hydrophilic Preference (HP) 0.465 ** 0.584 ** —0.090 1

Note: * p < 0.05; ** p < 0.01.

Subsequently, the correlations between the four landscape visual preference indicators
and the twelve environmental characteristic indicators were analysed (Table 6, Figure 6).
The findings were as follows: (1) Aesthetic preference showed significant positive corre-
lations with the river visibility ratio (RVR), water quality (WQ), pavement quality (PQ)
and cultural facility density (CFD) and significant negative correlations with the bare land
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ratio (BLR), street openness (5O), modern construction density (MCD), and the interference
degree (ID). (2) Cultural preference was significantly positively correlated with the river
visibility ratio (RVR), water quality (WQ), pavement quality (PQ), and cultural facility
density (CFD) and significantly negatively correlated with the green visibility ratio (GVR),
the bare land ratio (BLR), the waterfront enclosure degree (WED), and the interference
degree (ID). (3) Natural preference exhibited a significant positive correlation with the green
visibility ratio (GVR) and the bare land ratio (BLR) and significant negative correlations
with the sky visibility ratio (SVR), street openness (SO), and modern construction density
(MCD). (4) Hydrophilic preference was significantly positively correlated with the river
visibility ratio (RVR), water quality (WQ), pavement quality (PQ), and cultural facility
density (CFD) and significantly negatively correlated with the green visibility ratio (GVR),
the bare land ratio (BLR), the waterfront enclosure degree (WED), and the interference
degree (ID).
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Figure 6. Correlation heatmap of landscape visual preferences and environmental characteristic rtindicators.

Table 6. Correlations between landscape visual preferences and environmental characteristic indicators.

Correlation Aesthetic Cultural Natural Preference Hydrophilic
Preference (AP) Preference (CP) (NP) Preference (HP)
Green visibility ratio (GVR) 0.207 * —0.297 ** 0.715 ** —0.309 **
Sky visibility ratio (SVR) —0.148 0.072 —0.384 ** 0.139

River visibility ratio (RVR) 0.402 ** 0.442 ** —0.066 0.767 **
Water quality (WQ) 0.344 ** 0.412** —0.116 0.706 **

Bare land ratio (BLR) —0.352 ** —0.419 ** 0.222 ** —0.358 **
Street openness (SO) —0.245 ** —0.054 —0.309 ** —0.105
Pavement quality (PQ) 0.414 ** 0.495 ** —0.146 0.509 **
Modern construction —0.252 ** —0.070 —0.255 * ~0.117

density (MCD)
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Table 6. Cont.
Correlation Aesthetic Cultural Natural Preference Hydrophilic
Preference (AP) Preference (CP) (NP) Preference (HP)
Cultural facility density x - _ . ox
(CFD) 0.324 0.653 0.208 0.400
Bridge visibility (BV) 0.012 0.184 * —-0.117 0.111
Waterfront enclosure B _ . . .
degree (WED) 0.152 0.343 0.157 0.577
Interference degree (ID) —0.443** —0.404 ** —0.036 —0.451 **

Note: * p < 0.05; ** p < 0.01.

3.2.2. Stepwise Multiple Regression

To further explain the environmental characteristic factors affecting the four landscape
visual preferences, a stepwise multiple regression analysis was conducted for each indicator
(Table 7). The stepwise regression results indicated the following: (1) Aesthetic preference
is positively influenced by the river visibility ratio (RVR), the green visibility ratio (GVR),
cultural facility density (CFD), and pavement quality (PQ), while it is negatively influenced
by the interference degree (ID). (2) Cultural preference is mainly positively influenced
by cultural facility density (CFD) and the water visibility ratio (RVR), but it is negatively
impacted by the interference degree (ID), the waterfront enclosure degree (WED), and
the bare land ratio (BLR). (3) Natural preference is positively influenced by the green
visibility ratio (GVR) and negatively influenced by modern construction density (MCD)
and street openness (SO). (4) Hydrophilic preference is positively influenced by the river
visibility ratio (RVR), water quality (WQ), and pavement quality (PQ), while it is negatively
influenced by the waterfront enclosure degree (WED), the green visibility ratio (GVR), and
the sky visibility ratio (SVR). The explanatory power of the environmental characteristic
factors for these four indicators (adjusted R?) ranged from 0.525 to 0.835, indicating a good
capacity to explain landscape visual preference outcomes.

Table 7. Stepwise multiple regression results.

Unstandardized Standardised Collinearity
D\eIP‘fnglent Independent Variable Coefficients Coefficients t p Statistics
ariable
B Std. Error Beta Tolerance VIF
Constant 1.503 0.187 8.023 <0.001
Interference degree (ID) —0.082 0.024 —0.229 —3.433 <0.001 0.717 1.394
Aesthetic River V(lls{lsﬁl)ty ratio 0.027 0.005 0.358 5.616 <0.001 0.784 1.276
Preference
(R? =0.541, Green visibility ratio 0.025 0.004 0.423 6.496 0.001 0.750 1333
Adj R? = 0.525) (GVR) ’ ’ ’ ’ < ' '
Cultural facility density ) 3, 0.008 0.255 4018 <0.001 0.791 1.264
(CFD)
Paving quality (PQ) 0.141 0.037 0.266 3.787 <0.001 0.644 1.553
Constant 2.206 0.127 17.369 <0.001
Cultural facility density ) 9 0.007 0.661 13.244 <0.001 0.940 1.064
(CFD)
Cultural Preference River visibility ratio
0.015 0.005 0.180 2.945 0.004 0.629 1.589
(R? = 0.663, (RVR)
TR2 _
Adj R =0.651) Interference degree (ID) ~ —0.065 0.020 —0.167 —3215 0.002 0.868 1152
Waterfront enclosure
degroc (WED) ~0.023 0.010 ~0.132 ~2.299 0.023 0711 1.407
Bare land ratio (BLR) ~0.019 0.009 ~0.118 ~2.149 0.033 0.776 1.288
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Table 7. Cont.
Unstandardized Standardised Collinearity
D‘elpﬁngfnt Independent Variable Coefficients Coefficients t p Statistics
ariable
B Std. Error Beta Tolerance VIF
Constant 2.489 0.174 14.290 <0.001
Natural Preference Green ‘Egl\l,’;{l;ty ratio 0.044 0.004 0.612 10.433 <0.001 0.907 1.103
(RZ = 0.544,
Adj R? = 0.535) Modern construction . B B
density (MCD) 0.081 0.023 0.199 3.465 0.001 0.949 1.053
Street openness (SO) —0.022 0.007 —0.189 —3.275 0.001 0.941 1.062
Constant 2.910 0.300 9.692 <0.001
River visibility ratio 0.058 0.007 0.464 8.348 <0.001 0.357 2.799
(RVR)
Hydrophilic Waterfront enclosure ) 9, 0.011 ~0335 —7.964 <0.001 0.624 1.602
Preference degree (WED) ' ’ ’ ’ ' ’ '
(R?=0.842, o .

Adj R? = 0.835) Green ‘Egl\?ﬁ;ty rto 003 0.004 ~0.239 ~5697 <0001 0.628 1593
Paving quality (PQ) 0.091 0.032 0.105 2.803 0.006 0.794 1.26
Sky visibility ratio (SVR) ~ —0.014 0.005 ~0.119 2772 0.006 0.599 1.668
Water quality (WQ) 0.119 0.046 0.137 2.602 0.010 0.398 2,510

3.3. Differences in Landscape Preferences Across Different Segments

Canal waterfront landscapes exhibit environmental characteristic differences due to
variations in spatial location, which in turn affect people’s perceptions and preferences [53].
To investigate the differences in canal landscape preferences across sections, this study
classified the canal into three sections: 1—the suburban section; 2—the old city section;
and 3—the new city section. A non-parametric one-way ANOVA (Kruskal-Wallis test)
was used for post hoc multiple comparisons, resulting in a comparison table and box plots
for the four landscape visual preference indicators (Figure 7 and Table 8). The results
showed that aesthetic, cultural, and hydrophilic preferences in Section 2 were significantly
higher than those in Sections 1 and 3, with no significant differences observed between
Sections 1 and 3. The natural preference indicator did not show significant differences
across Sections 1, 2, and 3. This corresponds to the environmental characteristic indicators
of the three sections, where the river visibility ratio (RVR), water quality (WQ), paving
quality (PQ), and cultural facility density (CFD) of Section 2 were significantly higher than
those of Section 1 and 3. However, negative artificial indicators such as the bare land ratio
(BLR), bridge visibility (BV), waterfront enclosure degree (WED), and interference degree
(ID) were significantly lower than in Sections 1 and 3.

Table 8. Non-parametric one-way ANOVA multiple comparison results.

Multiple Comparison Sample 1-Sample 2 Test Statistics  Std. Error  Std. Statistical Test p Adj.p?
1-3 —7.582 11.707 —0.648 0.517 1.000
Aesthetic Preference (AP) 1-2 —49.612 9.333 —5.315 <0.001 0.000
3-2 42.03 9.466 4.44 <0.001 0.000
1-3 —-17.51 11.705 —1.496 0.135 0.404
Cultural Preference (CP) 1-2 —57.758 9.331 —6.19 <0.001 0.000
3-2 40.249 9.464 4.253 <0.001 0.000
Hydrophilic Preference 1-3 —4.794 11.712 —0.409 0.682 1.000
(HP) 1-2 —50.856 9.337 —5.447 <0.001 0.000
3-2 46.062 9.47 4.864 <0.001 0.000

Note: due to the fact that for natural preference (NP), we did not detect significant differences between samples in
the overall test, multiple comparisons were not performed. Asymptotic significance (two-sided test): p = 0.050.
2 The significance values were adjusted using Bonferroni’s correction method for multiple tests.
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Figure 7. Box plot of landscape visual preference results across three sections (*** p < 0.001, ns means
no significance).

Further, using ArcGIS 10.2.2 software, the results of the landscape visual preference
evaluations were mapped onto the geographical space of the canal waterfront, creating a
visual preference heatmap (Figure 8). The results revealed the following: (1) Areas with
high aesthetic preference were mainly concentrated in Section 2 (old city), while Sections 1
(suburban) and 3 (new city) showed significantly lower aesthetic preferences. (2) Cultural
preference was generally low overall, but at important nodes in Section 2 (e.g., docks,
ferries, ancient buildings), cultural perception was significantly enhanced, exhibiting a
node prominence characteristic. (3) The spatial distribution of natural preference was
relatively uniform across the three sections, with higher natural perception in the large
water bay and South Gate area of Section 3 (new city) and Section 2 (old city), corresponding
well with vegetation coverage shown in Google satellite imagery. (4) Hydrophilic preference
was higher in Section 2 (old city) overall, mainly concentrated in the South Gate—including
Dashuiwan Bay and Dongguan Ancient Ferry—and Dawang Temple sections, whereas
hydrophilic perceptions were generally lower in Sections 1 (suburban) and 3 (new city).
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Figure 8. Heatmap of landscape visual preference perception.

4. Discussion

4.1. Factors Influencing Visual Preferences for Heritage Canal Waterfront Landscapes

Heritage canals embody a unique blend of natural and historical cultural character-
istics, presenting environmental features distinct from ordinary urban rivers. They have
significant historical and cultural value while also playing a role in heritage education [13].
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Considering the unique cultural value attributes of heritage canals, exploring the factors
influencing visual preferences for these landscapes and the relationships among various
landscape preferences is a key objective of this study. The discussion will focus on these
two aspects.

4.1.1. Relationships Among Landscape Visual Preferences

Aesthetic preference (or scenic beauty) is generally regarded as one of the most im-
portant indicators for evaluating visual preferences. Previous studies have focused on
waterfront aesthetic preferences [27,46], but few have explained their associations with
other visual perception preferences. This study not only considers aesthetic preference
but also incorporates three other significant visual preference indicators: cultural pref-
erence, natural preference, and hydrophilic preference. The correlation analysis results
in Section 3.1 indicate certain interrelationships among the four visual preference indi-
cators: aesthetic preference is significantly positively correlated with cultural preference,
hydrophilic preference, and natural preference, suggesting that all three can enhance peo-
ple’s aesthetic experience of waterfronts to varying degrees. Conversely, cultural preference
exhibits a negative correlation with natural preference but a positive correlation with hy-
drophilic preference. This may stem from the fact that an increase in hard surfaces, ancient
buildings, and cultural facilities enhances cultural perception but diminishes natural per-
ception. Meanwhile, an increase in water area and pavement also positively influences
both the cultural and hydrophilic perception indicators.

4.1.2. Environmental Factors Influencing Landscape Visual Preferences

The results from Section 3.2 indicate that the four landscape visual preference indi-
cators are influenced to varying degrees by environmental characteristics, with different
environmental elements explaining the indicators to different extents. The specific mecha-
nisms of influence are as follows:

(1) The factors explaining aesthetic preference include the interference degree (ID), river
visibility ratio (RVR), green visibility ratio (GVR), cultural facility density (CFD), and
pavement quality (PQ). This indicates that landscape aesthetics involve a complex
perceptual process. Increases in blue-green spaces such as waterbodies and vegetation
significantly enhance aesthetic inclination value, aligning with findings from numer-
ous previous studies [54,55]. The visibility and strategic positioning of waterbodies,
as critical elements of canal waterfront landscapes, contribute positively to visual
aesthetic experiences [56,57]. Additionally, natural plant landscapes composed of
trees and lawns also promote aesthetic functionality [58,59]. This is similar to the
results of a green view index (GVI) analysis of street landscapes [39]. Studies have
shown that when the GVI exceeds 15%, people tend to feel comfortable, and a GVI
above 30% may lead to a richer impression of greenery [60]. In contrast, some prior
studies suggested that artificial structures negatively affect aesthetic preference [48],
whereas this research found that cultural structures and landscape facilities (e.g.,
seating, streetlamps) and high-quality pavements can enhance aesthetic preference to
a certain extent. This may be because these well-designed cultural elements achieve
a good visual balance with the natural scenery, thereby stimulating the perception
of beauty. This can be confirmed through urban river improvement projects such as
the Chicago Riverside Trail in the United States and the Cheonggye River in South
Korea [61,62], indicating that the aesthetic orientation of heritage canals results from
harmonious consideration of both natural and artificial elements.

(2) Cultural preference is the most unique and significant aspect of landscape perception
for heritage canals. With abundant cultural heritage resources such as hydraulic struc-
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tures, navigation channels, and ancient buildings, cultural significance distinguishes
these canals from typical urban rivers. This study found that cultural preference for
heritage canal landscapes is primarily influenced by cultural facility density (CFD),
the river visibility ratio (RVR), the interference degree (ID), the waterfront enclosure
degree (WED), and the bare land ratio (BLR). An increase in cultural facility density
and river visibility significantly enhances cultural perception, likely due to the forms
of cultural facilities, ancient buildings, and canal water that evoke historical cultural
sentiments [63]. The Amsterdam Canal in Netherlands combines landscape architec-
ture with historical and cultural significance, which enriches people’s enjoyment and
connection with the environment [7,64]. However, higher disturbance, waterfront
enclosure area, and bare land ratios can diminish cultural perception. It is noteworthy
that cultural preference scored the lowest among the four indicators, indicating a gen-
erally weak cultural perception of the Yangzhou canal waterfront landscape, which
requires targeted improvement.

(3) Natural preference is also an important indicator for measuring canal landscape
preferences. This study revealed that natural preference is primarily related to the
green visibility ratio (GVR), modern construction density (MCD), and street openness
(SO). Abundant vegetation is the most critical factor influencing natural perception.
Many studies have confirmed that increased plant density can significantly enhance
respondents’ landscape preferences [65,66]. However, an increase in grey artificial
structures, such as modern constructions, large bridges, and road squares, significantly
reduces natural perception and can impact aesthetic experiences. This may be because
the introduction of artificial structures reduces the proportion of natural vegetation,
which has also been confirmed in studies related to park green spaces [48].

(4) Hydrophilic preference serves as an important indicator for measuring the public’s
experience and interaction with waterfront landscapes. This study indicated that
hydrophilic preference is influenced by the river visibility ratio (RVR), the water-
front enclosure degree (WED), the green visibility ratio (GVR), water quality (WQ),
pavement quality (PQ), and the sky visibility ratio (SVR). Larger water surface areas
and reduced enclosure can significantly enhance hydrophilicity. Additionally, water
quality and pavement quality are crucial factors affecting hydrophilic experiences;
clear water and high-quality waterfront pavements are more inviting than murky
water and cluttered surfaces. This aligns with previous findings that high-quality
river landscapes enhance the overall enjoyment and visual pleasure derived from the
surrounding environment [67], encouraging proximity to waterbodies.

4.2. Spatial Differences in Visual Preferences for Canal Waterfront Landscapes Across Different
Urban Segments in Urban Areas

Numerous studies have confirmed that differences in environmental character-
istics and landscape preferences resulting from geographical location are objectively
present [68,69]. The findings in Section 3.3 of this study support this assertion. The
canal segment in the old city showed significant differences in aesthetic preference, cultural
preference, and hydrophilic preference, which were all higher than in the suburban and new
city areas. Higher-rated areas were primarily clustered around docks, ferry crossings, and
cultural buildings. This phenomenon can be attributed to two main reasons: (1) The old city
possesses richer cultural heritage resources, with more cultural heritage sites and landscape
resources due to historical factors, leading to higher aesthetic and cultural quality. Addi-
tionally, the fact that it has more open dock spaces contributes to its higher hydrophilicity.
(2) Due to cultural heritage protection and tourism development, the canal segment in the
core area of the old city benefits from greater construction funding and protective measures.
Tourists tend to view the old city as a travel destination, prompting the government to



Land 2025, 14, 220

20 of 25

prioritise its development in terms of cultural tourism, resulting in significantly better
connectivity and landscape quality compared to surrounding areas. In contrast, the new
city and suburban areas often feature disjointed roads and wastelands that have not been
effectively preserved or utilised, raising concerns about landscape quality.

These two reasons lead to a significantly higher quality of canal landscapes in the old
city compared to the new city and suburban segments. This issue is prevalent and difficult
to avoid in the development of many canal cities. However, as a world cultural heritage
site, the Grand Canal should be treated as a unified linear entity, and the segments outside
the core area also require considerable attention. This study addressed spatial differences
in environmental characteristics and landscape preference indicators of heritage canals,
which should be prioritised in subsequent planning and design efforts.

4.3. Recommendations for Optimising Planning and Sustainable Management of Heritage Canal
Waterfront Landscapes

4.3.1. Enhancing Waterfront Landscape Quality Through Coordination of Blue-Green
Natural and Artificial Elements

The evaluation of the quality of heritage canal waterfront landscapes should move
away from a singular focus on aesthetics and encompass multiple dimensions, including
aesthetic, cultural, natural, and hydrophilic factors. This study’s results indicate that
blue-green elements such as vegetation and waterbodies, along with artificial facilities,
significantly influence landscape preference for heritage canals. Therefore, improving
waterfront landscape quality requires comprehensive consideration of the coordination
and integration of blue-green natural and artificial elements. This can be achieved through
strategic planting to optimise riverside vegetation, increasing the visibility of canal water
surfaces, adding cultural service facilities, and enhancing pavement quality. These measures
not only improve aesthetic quality but also ensure a balance among cultural, natural,
and hydrophilic elements. In addition, there is a need to enhance urban planners” and
policymakers” understanding of the multidimensional characteristics of heritage canals,
moving beyond traditional planning approaches that prioritise aesthetics. Specifically,
it is essential to base the renewal, renovation, and management of these canals on the
diverse needs of the public, transforming heritage canal waterfronts into urban public
leisure spaces.

4.3.2. Highlighting Historical and Cultural Aspects of the Canal Through Heritage Feature
Excavation and Waterfront Space Transformation

Cultural significance is the most important and prominent aspect of landscape per-
ception for heritage canals. This study reveals that the cultural perception indicator of the
Yangzhou ancient canal waterfront landscape is relatively weak and significantly lower
than the other three visual preference indicators. A key challenge in practical planning and
design is how to emphasise the historical and cultural characteristics of the canal’s heritage.
This study confirms that cultural constructions, landscape facilities, and pavement quality
significantly enhance cultural perception. Elements such as aesthetically designed street-
lamps, seating, cultural pavilions, and high-quality pavements in dock squares can evoke a
perception of rich historical culture associated with the canal. Additionally, various cultural
interpretive displays, tour guide service points, and cultural exhibition walls should be
incorporated into the landscape design, utilizing canals as traditional decorative patterns
to enhance cultural richness. Furthermore, the canal itself represents a direct carrier of cul-
tural significance; therefore, updating and transforming waterfront space nodes should be
prioritised. Excessive barriers and hedges can diminish perceptions of the canal’s cultural
significance and hydrophilicity. Thus, at key hydraulic nodes such as docks, sluices, and
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post stations, it is advisable to increase water accessibility to enhance people’s interaction
with and perception of the canal.

4.3.3. Balancing Landscape Quality Disparities Across Different Urban Areas Through
Greenway Connectivity and Resource Integration

Significant differences in landscape quality often exist across different urban areas due
to variations in historical and cultural resource endowments and management policies.
This study found that the canal segment in the old city exhibited significantly higher
scores in terms of aesthetic preference, cultural preference, and hydrophilic preference
compared to the suburban and new city areas. To address these disparities in actual
planning and design processes, different measures are necessary: First, there is a need to
establish a continuous greenway along the canal. In particular, many riverside paths in
the suburban and new city areas remain disconnected due to inadequate development,
which prevents pedestrian access and greatly diminishes waterfront landscape quality.
Second, it is crucial to fully integrate various landscape resources into the landscape
to create distinct landscape attractions. For instance, while the canal segment in the
suburban area may not have as rich cultural resources as the old city, it possesses greater
natural landscape resources, and the river morphology is more diverse. Planning should
leverage these natural landscape characteristics to highlight the landscape charm of each
urban area. Additionally, it is essential to establish an interactive feedback mechanism for
canal landscapes, particularly strengthening the relationship between public and private
partnerships in canal environment management. By gathering public feedback, issues in
different sections of the canal can be identified, and participatory renewal approaches can
be used to drive efficient project implementation and management.

5. Conclusions

This study employs image semantic segmentation technology based on panoramic
photos to interpret landscape elements and explore the relationships between visual pref-
erence indicators for waterfront landscapes of a heritage canal and its environmental
characteristics. It investigates the spatial environmental factors influencing the four land-
scape preference indicators and addresses differences in landscape preference indicators
for heritage canals across different urban areas, subsequently proposing relevant planning
and design enhancement strategies. This research presents two main innovations: first,
it focuses on the unique linear cultural heritage of heritage canals, recognising their dis-
tinct attributes compared to typical urban rivers by introducing four indicators—aesthetic
preference, cultural preference, natural preference, and hydrophilic preference—to compre-
hensively assess landscape visual preferences; second, it utilises panoramic photo image
semantic segmentation technology to accurately identify 16 landscape elements and com-
pute 12 environmental characteristic indicators, thereby establishing an indicator system
for the features of heritage canal waterfront landscapes.

This study identified several significant findings: (1) There are correlations among
the four types of landscape preference indicators. Aesthetic preference shows a positive
correlation with cultural, natural, and hydrophilic preference, while natural preference dis-
plays a negative correlation with both cultural and hydrophilic preference. This highlights
the need for a systematic approach to multidimensional preference. (2) Each landscape
preference indicator is influenced by different environmental factors. Aesthetic preference
is shaped by a combination of blue-green natural elements and artificial features; natural
preference is primarily driven by an increase in the green view index; cultural preference is
associated with a higher proportion of cultural facilities and high-quality paving; and hy-
drophilic preference is influenced by larger water surfaces, fewer barriers, and higher water
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quality. (3) Spatial differences in canal waterfront landscape preference were observed
across different urban segments. Overall, the aesthetic, cultural, and hydrophilic prefer-
ence indicators were higher in the historical city sections compared to the new urban and
suburban sections. These findings confirm the link between landscape visual preference
and environmental characteristics, providing a robust theoretical basis for the sustainable
planning and management of heritage canals.

However, this study has certain limitations, such as its focus on urban parts of her-
itage canals without extensively addressing rural or suburban areas. Given the disparities
between urban and rural areas along the canal, the findings may not be applicable to rural
regions. Additionally, to ensure high-quality questionnaire responses, only professionals
were invited to participate in the survey, which limits the exploration of differences in
landscape preferences among various demographic groups, such as differing ages and
occupations. Furthermore, the factors influencing landscape preferences may include
complex latent variables like social environment and local policies. This study primarily
investigates environmental characteristics and offers preliminary insights into the poten-
tial underlying influences of spatial disparities, warranting further research in the future.
Nevertheless, this study provides valuable insights and recommendations for the protec-
tion and utilisation of heritage canal landscapes. For many urban linear heritage canal
corridors that face imbalances between artificial and natural elements or a lack of cul-
tural characteristics, future planning and management should prioritise the integration of
blue-green natural elements and artificial components to enhance waterfront landscape
quality, highlight the historical and cultural significance of the canal through heritage
feature excavation and waterfront space transformation, and balance landscape quality
differences across segments through greenway connectivity and resource integration. At
the same time, it is important to emphasise the involvement of multiple stakeholders in
the heritage management process, strengthening bottom-up public participation in canal
planning and management, so that heritage canals can bring greater landscape value and
positive experiences to urban residents.
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