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Abstract: The visual evaluation and characteristic analysis of urban rivers are pivotal for advancing
our understanding of urban waterscapes and their surrounding environments. Unmanned aerial
vehicles (UAVs) offer significant advantages over traditional satellite remote sensing, including
flexible aerial surveying, diverse perspectives, and high-resolution imagery. This study centers
on the Haihe River, South Canal, and North Canal in Tianjin China, employing UAVs to capture
continuous panoramic image data. Through immersive virtual reality (VR) technology, visual
evaluations of these panoramic images were obtained from a cohort of young participants. These
evaluations encompassed assessments of scenic beauty, color richness, vitality, and historical sense.
Subsequently, computer vision techniques were utilized to quantitatively analyze the proportions of
various landscape elements (e.g., trees, grass, buildings) within the images. Clustering analysis of
visual evaluation results and semantic segmentation outcomes from different study points facilitated
the effective identification and grouping of river visual features. The findings reveal significant
differences in scenic beauty, color richness, and vitality among the Haihe River, South Canal, and
North Canal, whereas the South and North Canals exhibited a limited sense of history. Six landscape
elements—water bodies, buildings, trees, etc.—comprised over 90% of the images, forming the
primary visual characteristics of the three rivers. Nonetheless, the uneven spatial distribution of these
elements resulted in notable variations in the visual features of the rivers. This study demonstrates
that the visual feature analysis method based on UAV panoramic images can achieve a quantitative
evaluation of multi-scene urban 3D landscapes, thereby providing a robust scientific foundation for
the optimization of urban river environments.

Keywords: visual perception; UAV remote sensing; immersive virtual reality; semantic segmentation;
riverscapes

1. Introduction

The development of human civilization is closely intertwined with rivers, which are
often the cradle of urban centers where water is abundant. Urban rivers not only provide
essential spaces for citizens’ recreation and exercise but also play a crucial ecological role,
such as regulating the urban climate and providing habitats for various species [1–3].
Consequently, the study of urban rivers and their adjacent spaces has become a vital part
of built environment research, laying the foundation for enhancing the social, cultural, and
ecological values of river corridors [4–6].

The visual characteristics of riverscapes are increasingly recognized as a crucial com-
ponent of urban environmental quality. These characteristics significantly enhance the
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aesthetic appeal of urban areas and influence public perception and engagement with these
spaces [7]. Previous studies have examined several dimensions of riverscapes, including
their ecological functions, social significance, and contributions to urban sustainability [8,9].
For example, Garau et al. (2021) explored the sociocultural and ecological constructs of
riverscapes, emphasizing their essential role in shaping urban experiences [10]. In another
study, researchers analyzed canalized rivers in Beijing, using panoramic imagery captured
from riverbanks and applying deep learning and virtual reality technologies to derive both
objective visual characteristics and subjective visual perceptions of river landscapes [1].
Their analysis delved into the mechanisms linking these objective features with subjective
perceptions. Similarly, Luo et al. (2022) focused on the aesthetic evaluation of urban wa-
terscapes, underscoring the importance of scenic beauty in shaping public perception [11].
Research in this area has also explored continuous water landscape imagery along rivers
like the Thames, utilizing computer vision techniques to analyze the visual elements of
riverscapes [12]. This method, which involves perceiving the landscape from a water-level
or boat-level perspective, allows for a more detailed understanding of the river and its sur-
rounding environment. It provides valuable insights for assessing water landscape quality
and optimizing landscape design. Additionally, studies have highlighted the importance
of aerial perspectives in understanding the visual perception of urban riverscapes [13–15].
Aerial views offer a more comprehensive and holistic understanding of urban rivers and
their surrounding environments, capturing features such as construction intensity, ecolog-
ical characteristics, and the distribution of landscape elements. The findings from these
perspectives serve as critical references for decision-makers and planners involved in urban
riverscape planning and redevelopment [16].

The integration of advanced technologies, such as immersive virtual reality (IVR), and
computer-aided techniques, has further broadened the scope of riverscape analysis. For
instance, Kim et al. (2024) explored the visual impact of urban waterfront development
on mountainous backgrounds, a contextually significant aspect of riverscapes that also
reflects broader concerns about preserving the visual integrity of urban natural settings [17].
Their study, which utilized immersive VR experiments, provided scientific justification for
urban waterfront visual impact regulations, particularly in terms of maintaining moun-
tain visibility against the backdrop of high-rise developments. This work underscores
the importance of considering the interaction between built environments and natural
landscapes in visual impact assessments, a principle that is equally relevant to riverscape
studies. Additionally, Puspitasari and Kwon (2019) analyzed the visual quality of riverfront
skylines, focusing on the height and spatial arrangement of tall buildings. Their research
highlighted how the configuration of built elements along a river can significantly influence
the overall visual appeal of an urban skyline when viewed from the water [18]. This study’s
emphasis on skyline aesthetics and its methodical approach to quantifying visual quality
through building characteristics offer valuable insights that can be applied to the analysis
of riverscapes, particularly in understanding how built structures contribute to or detract
from the visual harmony of urban rivers.

However, despite the growing body of literature on riverscapes, several challenges
remain. Traditional methods of riverscape assessment, such as on-site surveys and 2D
photography, often fall short in capturing the dynamic and three-dimensional nature of
these environments [1,12]. These methods typically offer a limited perspective, failing
to account for the complexity and variability of riverscapes across different spatial and
temporal scales [19,20]. Furthermore, the subjective nature of visual assessments can lead
to inconsistencies, complicating efforts to establish standardized criteria for evaluating
riverscape quality [11,21].

Recent advancements in technology offer promising solutions to these challenges.
Unmanned aerial vehicles (UAVs) have revolutionized environmental monitoring by pro-
viding high-resolution, multi-perspective imagery that captures the full scope of river-
scapes [22–24]. UAVs are highly flexible, capable of collecting environmental data from
almost any location and time, except in restricted flight zones [25]. Increasing the flight
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altitude of UAVs expands the range of vision, aiding in a better understanding of large-
scale scenes [11]. In addition to capturing conventional image data in tilt, nadir, and
horizontal modes, UAVs can also take panoramic photos at different heights [26–28]. Com-
pared to satellite remote sensing imagery, UAV aerial surveying offers richer perspectives,
higher data resolution, and shorter revisiting intervals, providing opportunities for rapid
monitoring and multi-perspective analysis of urban rivers and other environmental charac-
teristics [29–32]. Immersive virtual reality (IVR) technology further enhances the ability to
perceive and evaluate riverscapes by allowing users to experience these environments in
three dimensions [33–35]. This technology, widely applied in urban environment studies, of-
fers a more comprehensive and interactive approach to visual evaluation, enabling a deeper
understanding of the spatial characteristics and visual appeal of riverscapes [12]. The
combination of UAVs and IVR technology addresses the limitations of traditional methods,
offering a more accurate and detailed analysis of large-scale urban landscapes [36–39]. Ad-
ditionally, the rapid development of computer vision technology has significantly improved
the accuracy and efficiency of image semantic information recognition and analysis [40,41].
Techniques such as image semantic segmentation and object recognition in computer vision
have supported the visual quantitative analysis of urban landscapes [42–44]. Some studies
have begun to use computer vision technology for quantitative analysis of UAV aerial sur-
vey data [11,45]. For instance, datasets such as UAVid [46] and AeroScapes [47], along with
semantic segmentation models like SegNet [48] and SegFormer [49], have enabled pixel-
level precise identification of various objects in UAV oblique photography images [11]. The
quantitative analysis results of related studies have become important data for researchers
to understand the elements of large-scale landscapes, enhancing the accuracy of visual
environment analysis.

Based on these advancements, the current study proposes a method for analyzing the
visual characteristics of urban river landscapes using UAV panoramic images combined
with immersive VR perception technology. The aim is to achieve a flexible and efficient
visual evaluation of large-scale rivers and their surrounding areas. Using computer vision
technology, pixel-level semantic segmentation of panoramic images allows for the identifi-
cation and quantitative analysis of various landscape elements. Cluster analysis is utilized
to comprehensively summarize the characteristics of different river areas. This study con-
ducts an empirical analysis of the Haihe River, South Canal, and North Canal, which flow
through the central urban area of Tianjin. The research questions include the following:
(1) What are the spatial variation characteristics of the immersive VR perception results
of the Haihe River, South Canal, and North Canal? (2) What similarities and differences
exist in the proportion of visual landscape elements among the three rivers? (3) How can
VR perception results and the characteristics of landscape element proportions be used to
comprehensively describe the spatial features of the rivers?

2. Research Area and Data Source
2.1. Study Area

This study focuses on three river sections located in the central urban area of Tianjin
City: the Haihe River, the North Canal, and the South Canal. These sections have lengths
of 6 km, 10 km, and 12 km, respectively, totaling 28 km (Figure 1). The selection of these
river segments as the study area is primarily justified for the following reasons: (1) These
rivers traverse the central urban district of Tianjin, flowing through regions that include
numerous waterfront parks, tourist attractions, and residential areas. They are closely
related to the daily lives of the populace, representing the urban rivers of the city. (2) In
recent years, Tianjin has introduced a series of renovation and enhancement projects
targeting the cultural and tourism belt of the Grand Canal and the Haihe River. However,
the current visual characteristics of these rivers and their adjacent riverside spaces remain
unclear, lacking a “bottom-up” evaluation of river space perception based on the public’s
viewpoint. (3) This area is free of UAV flight restrictions and electromagnetic interference,
ensuring the safe operation of UAVs for data collection.
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2.2. Data Sources

The study utilized the DJI Mavic Air 2S UAV to acquire aerial photography data.
Within the 28 km linear study area, a panoramic image data collection point was set
up approximately every 500 m, totaling 54 points. Specifically, the Haihe section had
13 mapping points (labeled H1–H13), the South Canal had 19 (labeled S1–S19), and the
North Canal had 22 (labeled N1–N22).

Choosing the appropriate altitude for UAV data collection was crucial: On one hand,
increasing the shooting height could offer a broader perspective, capturing a larger area
of the riverscape, but at the cost of reducing the clarity of smaller objects such as vehicles,
people, and plants. This reduction in resolution poses challenges for accurate semantic
segmentation and feature recognition within the images. On the other hand, lower flight
heights provide more detailed imagery of ground elements, but they limit the field of view
and increase the risk of safety issues due to potential obstacles such as wires, tree branches,
and other flight hazards [50]. To determine the optimal flight height, this study conducted
a comparative analysis of panoramic images captured at four altitudes—30 m, 60 m, 90 m,
and 120 m (Figure 2). The images taken at 30 m provided exceptional detail of ground
elements; however, the limited field of view at this height made it difficult to capture
the broader spatial distribution of landscape features. Conversely, the 120 m altitude
allowed for a comprehensive perspective of the landscape but at the expense of detail, with
smaller elements becoming indistinct, affecting the accuracy of semantic segmentation.
The 60 m altitude was ultimately chosen as the optimal height, striking a balance between
these trade-offs. At 60 m, the images provided a sufficiently wide field of view while
maintaining the clarity needed for effective semantic segmentation and accurate feature
extraction. As demonstrated in the comparison results, the 60 m images offered better
visibility of both built and natural features, such as riverside vegetation and pedestrian
areas, without sacrificing resolution or safety. Therefore, UAV operators manually flew
60 m above the river mid-lines based on real-time flight data to capture panoramic imagery
for this study. This decision ensured both data quality and operational safety across the
54 mapping points.
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To ensure the quality of the photography, the shooting was scheduled during the
hours with optimal lighting and weather conditions, from 10 a.m. to 6 p.m. The aerial
photography was conducted over non-consecutive days between July and September 2022.
The high-resolution panoramic photos obtained by this study reveal very clear details of the
ground, such as pavement, vehicles, plants, etc., meeting the research needs. It is important
to note that the images used in this study were panoramic, each composed of 32 individual
2D photos stitched together. Therefore, the proportion of landscape elements in these
images is consistent and unaffected by the camera’s gimbal angle during capture [51,52].
This approach ensures the objectivity and reproducibility of the study, as the camera angle
does not influence the final image composition.

3. Methodology
3.1. Immersive Virtual Reality

While numerous studies have begun to utilize UAV aerial imagery for visual percep-
tion, they predominantly focus on ordinary photographs captured from a single perspective,
which fails to fully showcase all features of the photographed area; nor do they integrate ad-
vanced virtual interactive devices such as VR. UAV panoramic imagery effectively bridges
this gap [46]. Compared to traditional assessment methods based on 2D pictures, utilizing
virtual reality technology for landscape visual perception offers a more interactive visual
experience [53]. Some studies have evaluated the scenic beauty and vitality of study areas
using panoramic pictures [54,55].

Drawing upon previous experiences in visual evaluation research and considering
the characteristics of the three rivers involved in this study, scenic beauty, vitality, color
richness, and a sense of history were selected as evaluation indicators to capture people’s
visual impressions of river landscapes. Scenic beauty is one of the most commonly used
indicators in visual evaluation, allowing the analysis of the public’s landscape preferences.
Scenic beauty refers to the aesthetic appeal of a landscape, capturing how visually pleasant
and attractive it appears to participants. It is often influenced by the balance, harmony,
and composition of natural and built elements in the environment [56]. Vitality reflects the
sense of liveliness conveyed by the environment. It measures the visual cues that indicate
an active, engaging space, influenced by architectural forms, pedestrian and vehicular
movement, and other urban activities [57,58]. Color richness measures the variety and
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quality of colors present in the landscape, reflecting the character and vibrancy of the
environment. It plays a crucial role in urban aesthetics by contributing to the identity of the
space [59,60]. Sense of history refers to the visual connection with the past, as perceived
through historical districts, monuments, or architectural elements with significant cultural
heritage. This indicator measures how well the landscape reflects a cultural narrative or
historical value [61].

To ensure the reliability and consistency of visual evaluations, this study used sta-
tistical measures, including Pearson correlation coefficients, Cronbach’s alpha, and the
Kaiser–Meyer–Olkin (KMO) measure, to assess participants’ scoring consistency. The Pear-
son correlation coefficient was employed to evaluate the strength and direction of the linear
relationship between the initial evaluation scores and verification scores for the four visual
indicators. The inclusion of Pearson correlations in this study ensures that participant
assessments remain consistent, validating the immersive VR-based evaluation as a robust
tool for landscape perception studies. Cronbach’s alpha was used to evaluate the internal
consistency of participants’ responses across the four visual indicators. We also employed
the KMO measure to assess whether the dataset was adequate for correlation analysis.

The technological approach of this study is illustrated in Figure 3. In immersive
virtual reality visual perception research, selecting the appropriate VR device is crucial.
Common VR devices include head-mounted displays (HMDs), stereoscopic screens, and
multi-projection systems. HMDs typically consist of a display and associated sensors,
projecting images directly in front of the user’s eyes to provide an immersive experi-
ence [62,63]. Stereoscopic screens, often large or surround displays, offer 3D visual effects,
requiring users to wear 3D glasses for a realistic VR experience. Multi-projection systems,
composed of several projectors, create multiple images in an area, offering a surround 3D
visual experience.

For this study, considering the strengths and weaknesses of various VR devices, along
with the study’s objectives, experimental convenience, and reliability, we selected the PICO
NEO 3 head-mounted display as the primary perception device [64]. This device was
chosen for its combination of portability, high resolution, and affordability, which meets
the study’s need for immersive visual assessments in various environments. The key
parameters of the PICO NEO 3 HMD are summarized in Table 1. These features ensure
that participants receive a high-quality immersive experience, supporting the accuracy of
visual assessments in the IVR environment [65].

Table 1. The key parameters of the PICO NEO 3 HMD.

Parameter Specification

Resolution 1920 × 3664 pixels (4K)
Pixels per inch (PPI) 773
Refresh Rate 90 Hz
Field of View (FoV) 98 degrees
Weight 350 g
Battery Life 3 h
Controllers 2 handheld controllers with 6DoF

A total of 36 volunteers were invited to participate in the immersive VR perception
experiment. The perception experiment consisted of two parts: visual evaluation and
result verification. In the visual evaluation, 27 volunteers used immersive VR devices
to score the four evaluation indicators across different scenes; in the verification part, an
additional 9 volunteers re-evaluated these panoramic image data for visual perception
scoring. Verification scoring was used for correlation analysis with the first part of the visual
evaluation. Among the volunteers participating in the first part of the visual evaluation,
70.4% (19 people) were female, 85.2% (23 people) were students, and the average age was
23.2 years. In the verification group, 55.6% (5 people) were female, 77.8% (7 people) were
students, and the average age was 24.3 years.
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Over two-thirds of the 36 volunteers had lived in the study area for more than two
years, making them very familiar with the region. Additionally, these volunteers had a
high level of education, which ensured that they were proficient in using the head-mounted
VR devices, contributing to the smooth execution of the study. Given the participants’
extended residency in the study area and their academic backgrounds, their lifestyles and
environmental perspectives likely reflect a deep familiarity with the local environment
and an informed understanding of landscape aesthetics and sustainability. This familiarity
and educational background may have influenced their visual evaluations, particularly in
terms of their sensitivity to environmental quality and historical context.

The participation process was as follows: First, researchers explained the purpose and
steps of the study to all participating volunteers and allowed each participant to browse
through the panoramic pictures as a whole. Next, to ensure participants fully understood
the content of each panoramic photo, they were required to look around each scene for
at least a full circle, with a viewing time of no less than 40 s. To prevent fatigue from
wearing VR glasses for a long time from affecting the scoring, the panoramic photos of
the 54 mapping points were divided into three groups in an arithmetic sequence, each
containing 18 panoramic pictures. Thus, each mapping point had scores from 9 volunteers
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and verification scores from 3 volunteers. The Likert scale was used to rate the four
evaluation indicators on 7 levels (with 1 being the lowest and 7 the highest). After viewing
each scene’s panoramic picture, researchers sequentially asked volunteers for their scores
on scenic beauty, vitality, color richness, and a sense of history for the viewed scene. The
final score for each scene was the average of the visual evaluation scores from 9 participants.
This study was reviewed and approved by the ethics committee of the authors’ institution.
All participants signed informed consent forms before the experiment, ensuring they
understood the purpose and procedure of the study and agreed to participate.

3.2. Imagery Semantic Segmentation

In recent years, computer vision technologies, particularly image semantic segmen-
tation, have made significant strides [66–70]. Semantic segmentation involves grouping
and segmenting image pixels based on their semantic meanings, allowing for precise
identification and categorization within an image. Models such as FCN, SegNet, and
SegFormer are widely used for this purpose, effectively detecting and segmenting objects
in images [48,49]. SegFormer is built on a Transformer framework that excels in capturing
long-range dependencies within an image. This is particularly advantageous in riverine
environments, where both fine-grained local features (e.g., vegetation) and broader global
patterns (e.g., spatial layout of water bodies and built structures) are important. Compared
to FCN and SegNet, SegFormer offers a lighter decoder architecture that ensures faster
inference times and lower computational demands, while still maintaining high accuracy.

After our literature review, we found that there is no openly available UAV oblique
imagery semantic segmentation dataset that focuses on the river environment. Thus,
we acquire a large dataset containing UAV oblique images and segment them, which is
tailored for the semantic segmentation of river scenes and can support applications such
as the comprehensive visual analysis of river landscapes. We derived the dataset with
400 high-resolution images spanning the river and surrounding areas, each with a size of
1800 × 1480 pixels. We categorized the imagery into 14 groups, namely: building, cottage,
under construction place, tree, grass, water grass, soil, hard ground, water, sky, human, car,
boat, and void. This is a relatively comprehensive segmentation that will be applicable to
river landscapes in most parts of the world.

Given the characteristics of UAV data and the operational complexity of riverine envi-
ronments, we selected SegFormer, a state-of-the-art semantic segmentation model based on
the Transformer framework. SegFormer offers a compelling balance of efficiency, accuracy,
and robustness in handling image segmentation tasks [71]. Compared to traditional convo-
lutional neural networks (CNNs), the Transformer-based architecture of SegFormer excels
in capturing long-range dependencies and processing both fine-grained details and global
features. Below, we present the detailed workflow involved in applying the SegFormer
model for this study.

1. Data Preprocessing: The UAV-obtained imagery was annotated at the pixel level to
fit the 14 predefined categories. The annotations were stored in GeoJSON format to
ensure compatibility with the segmentation model. The dataset was split into training
(80%) and validation (20%) subsets. We applied data augmentation techniques, such
as flipping, scaling, and cropping, to improve the generalization capacity of the model
and mitigate overfitting.

2. Model Training: SegFormer leverages a Transformer-based encoder and a lightweight
decoder, facilitating both accurate pixel-wise classification and efficient inference. The
model was trained on an NVIDIA RTX 3090 GPU over 100 epochs with a batch size of
16. Following each epoch, the model’s performance was evaluated on the validation
dataset to ensure stability and convergence.

3. Model Evaluation: We employed mean pixel accuracy (MPA) and mean intersection
over union (MIoU) as the primary evaluation metrics. During the prediction phase,
the model generated pixel-level classifications aligned with the original UAV imagery.
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The implementation of the SegFormer model in this study offers insights that extend
beyond river landscape analysis. The segmentation results provide valuable data for urban
planners and landscape architects, enabling them to analyze, categorize, and optimize
urban landscapes in a systematic manner. Additionally, the ability to automate the analysis
of large-scale imagery facilitates environmental monitoring, such as tracking changes in
land use, vegetation coverage, and water quality over time. In the context of riverscapes,
the customized dataset developed in this study provides a significant resource for compre-
hensive visual analysis. The segmentation results allow practitioners to assess the spatial
distribution of landscape elements and evaluate their visual impact on the environment.
This approach offers a standardized framework for evaluating and improving the visual
quality of riverscapes, making it applicable to various regions and supporting sustainable
landscape management on a global scale.

3.3. Landscape Feature Clustering

Cluster analysis is a technique used to identify similarities or relationships among
multiple research objects, grouping them into clusters based on these similarities. Objects
within the same cluster share strong similarities, while those in different clusters show
significant differences [72,73]. This method is particularly useful in exploratory research,
providing multiple potential solutions and allowing researchers to interpret the grouping
results according to the study’s objectives [74].

In this study, we used Python’s SciPy library to perform hierarchical cluster analysis,
which generated clear dendrograms for visualizing the results [75]. To unify the data from
immersive virtual reality visual evaluations and computer vision statistics, we normalized
both datasets to a 0–1 scale. This ensured that subjective visual scores and objective
environmental measurements contributed equally to the clustering process. The combined
feature matrix, with each row representing a river section, was used as input for the
cluster analysis.

The cluster analysis provided a nuanced understanding of how different landscape
elements are distributed across the study area, allowing us to identify spatial locations with
similar visual characteristics. For instance, certain river sections were grouped together
based on their high scenic beauty and vegetation density, while others were clustered due
to their higher concentration of built structures.

These clustering results are not only descriptive but also have practical implications
for landscape management. Urban planners and landscape architects can use this informa-
tion to prioritize areas for aesthetic improvement or conservation. For example, clusters
with lower scenic beauty but high development potential could be targeted for landscape
enhancements, while clusters with valuable natural features might be designated for preser-
vation. Moreover, the approach used in this study can be applied to other geographic
contexts, providing a replicable method for analyzing landscape features in urban and
rural environments. By adapting the clustering criteria to specific research needs, practi-
tioners can gain insights into the spatial distribution of landscape features and their impact
on visual quality, ultimately guiding more informed decision-making in environmental
planning and management.

4. Results
4.1. Immersive Virtual Reality Perception Results
4.1.1. Evaluation Analysis

In this study, volunteers used immersive VR devices to evaluate four visual
indicators—scenic beauty, vitality, color richness, and historical sense—across various
river scenes. The results showed strong correlations between the initial evaluations and the
verification scores, indicating consistency and reliability in participants’ perceptions. Specif-
ically, the Pearson correlation coefficients for scenic beauty (r = 0.821), vitality (r = 0.942),
color richness (r = 0.906), and historical sense (r = 0.885) were all significant at p < 0.01. The
reliability and validity of the data were confirmed using Cronbach’s alpha (0.682) and the
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Kaiser–Meyer–Olkin (KMO) measure (0.643), both exceeding the acceptable thresholds,
affirming the robustness of the evaluation process.

These findings suggest that the immersive VR setup used in this study is effective in
generating consistent and reliable visual assessments, making it a valuable tool for future
studies in urban landscape analysis. The high correlation values indicate that participants’
visual experiences in the VR environment closely mirror their natural perceptions, which is
crucial for ensuring the validity of the results in applied urban planning contexts.

4.1.2. Comprehensive Comparison of Virtual Perception Results

Statistical analysis of the visual evaluation results across four dimensions—scenic
beauty, color richness, vitality, and historical sense (Figure 4)—revealed that the South
Canal had the highest average scenic beauty score of 4.4, slightly higher than the Haihe
River’s score of 4.0 and significantly higher than the North Canal’s average of 3.4. The
highest scenic beauty score of 5.8 was found in the South Canal, with both the Haihe
River and North Canal reaching a maximum of 5.3. The lowest scenic beauty scores for
all three rivers were 2.3, located in the North Canal; the South Canal and Haihe River had
slightly higher minimum scores of 2.8 and 3.4, respectively. Moreover, the Haihe River had
the smallest standard deviation in scenic beauty, only 0.60, compared to 0.86 and 0.75 for
the South Canal and North Canal, respectively. Comparing the average, maximum and
minimum values, and standard deviations of scenic beauty across the three rivers shows
that the South Canal ranked highest in average visual attractiveness; the Haihe River had
generally good visual attractiveness with relatively small differences between its various
mapping points; the locations with the highest and lowest scenic beauty were in the South
Canal and North Canal, respectively, indicating significant differences in scenic beauty
between the South and North Canals.
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Comparing the color richness data of the three rivers revealed that the Haihe River
had the highest average color richness score (4.4), maximum score (5.6), and minimum
score (3.4), all higher than the other two rivers. The lowest color richness score was only
2.3, located in the North Canal. The South Canal’s highest score for this item (5.2) was
slightly lower than that of the North Canal (5.5), but its minimum score (2.6) was slightly
higher than the North Canal. Additionally, the standard deviation for color richness
in the South Canal was 0.66, lower than in the North Canal (0.99) and the Haihe River
(0.83). Meanwhile, the scoring results for vitality and color richness across the three rivers
showed similar characteristics. The Haihe River had the highest average vitality score (4.5),
maximum score (6.0), and minimum score (3.3), all higher than those of the South and
North Canals. The lowest scores for all three rivers were in the North Canal, only 2.3, with
its standard deviation being 0.79, also lower than that of the South Canal (0.81) and the
Haihe River (0.88).

The scoring for the sense of history differed significantly from the other three indicators.
The overall scores for the sense of history were not high across all three rivers, with the
Haihe River having an average score of 2.3; in comparison, both the South and North
Canals scored less than 1, with scores of 0.7 and 0.9, respectively. The highest scores for the
sense of history were in the Haihe River at 4.3, with the maximum values for the South and
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North Canals significantly lower at 2.6 and 2.4, respectively. The minimum scores for the
sense of history in both the South and North Canals were 0, while the Haihe River had a
slightly higher minimum score of 0.2. The standard deviation for the sense of history in
the Haihe River was 1.27, higher than in the South Canal (0.73) and the North Canal (0.69).
This evaluation indicates that the Haihe River conveys a stronger sense of history visually
compared to the South and North Canals. In other words, the sections of the South and
North Canals studied provide a very limited sense of history.

4.1.3. Spatial Distribution Characteristics of Virtual Perception Results

By correlating the immersive virtual reality evaluation results with the spatial locations
of the three rivers, this study identified distinct spatial patterns in the visual perception
results across the three rivers (Figure 5). The North Canal exhibited higher evaluation scores
in the central sections (N12–N16), while the South Canal’s scores were more consistent,
with occasional peaks (e.g., S16–S18). The Haihe River displayed a bimodal distribution,
with higher scores around H4–H6 and H9–H11. Notably, the South Canal consistently had
high scenic beauty scores, while the Haihe River excelled in historical sense.
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These findings align with previous research on urban riverscapes, which also noted
that central urban sections often receive higher aesthetic evaluations due to denser vege-
tation and better-maintained infrastructure [17]. Additionally, the observed variability in
historical sense scores across different sections of the rivers underscores the importance
of integrating cultural heritage into urban design, a point emphasized by Puspitasari and
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Kwon (2019) in their analysis of skyline aesthetics [18]. These results suggest that targeted
interventions in specific river sections could significantly enhance overall visual appeal
and cultural value.

4.2. Computer Vision Analysis Results

By training the SegFormer computer vision semantic segmentation model, this
study conducted pixel-level semantic segmentation on panoramic images from a total
of 54 mapping points across the Haihe River, South Canal, and North Canal. It classified
and quantified the pixel proportions of different landscape elements within the images.
The semantic segmentation model achieved a mean pixel accuracy (MPA) of 89.72% and a
Mean Intersection over Union (MIoU) of 47.04%, enabling relatively precise identification
and classification of landscape elements such as buildings, trees, grasslands, and water
bodies in the panoramic images. This aids in the quantitative analysis of the visual features
at different river mapping points (Figure 6).
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By analyzing the proportions of 14 types of landscape elements across the Haihe River,
South Canal, and North Canal, it was found that the proportions of six primary visual
landscape elements—sky, water bodies, buildings, trees, grasslands, and hard surfaces—
exceed 90%, forming the main visual characteristics of the three rivers. Analyzing the
spatial distribution characteristics of these six main visual landscape elements is beneficial
for understanding the variations in objective visual elements at different locations along
the rivers. As depicted in Figure 7, the distribution of water bodies, trees, grasslands, and
hard surfaces among these four elements is not uniform across the three rivers. Notably,
the visible area of water bodies shows significant differences among the three rivers, with
the Haihe River’s visible water area far exceeding that of the South Canal and surpassing
most areas of the North Canal. The visible water area of the South Canal and North Canal
fluctuates noticeably, while that of the Haihe River is relatively stable.
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Trees and grasslands present a distribution pattern opposite to that of water bodies.
The proportion of trees in the South Canal is higher than in the North Canal, with significant
fluctuations in both rivers across different sections, while the overall proportion in the
Haihe River is relatively lower and exhibits smaller fluctuations across locations. Similarly,
the visibility rate of grasslands in the South Canal and North Canal is higher than in the
Haihe River; however, there is significant spatial fluctuation in all three rivers. For instance,
the grassland visibility rate is higher in sections S1–S4 of the South Canal and N13–N20 of
the North Canal, with other areas having lower rates. The spatial distribution characteristics
of hard surfaces are similar to those of water bodies, with the Haihe River exceeding the
South Canal and North Canal, and the distribution across space being uneven. In contrast,
the spatial distribution of buildings and sky is relatively uniform across the three rivers.
Specifically, the proportion of buildings is slightly higher in sections H4–H10 of the Haihe
River, S4–S7 and S14–S17 of the South Canal, and N6–N18 of the North Canal compared to
other locations; the sky proportion in the Haihe River is slightly lower than in the South
Canal and North Canal.

4.3. Landscape Feature Clustering Analysis Results

Using Python’s SciPy scientific computing library, this study conducted hierarchical
cluster analysis on four types of visual evaluation results obtained from the immersive VR
perception experiment and six types of landscape elements acquired through computer
vision technology (Figure 8). Visual analysis of the clustering results revealed that dividing
into four clusters provided a satisfactory differentiation and characterization of the mapping
locations along the Haihe River, South Canal, and North Canal. These clusters are as follows:
Cluster 1, urban rivers with low visual value; Cluster 2, urban rivers with high visual value;
Cluster 3, suburban rivers with low visual value; and Cluster 4, suburban rivers with high
visual value.

The first cluster includes a total of eleven research points, with eight located on
the South Canal, two on the North Canal, and one on the Haihe River. It is defined as
urban rivers with lower visual value because this area has lower scenic beauty and color
richness and almost no perceptible historical atmosphere; moreover, the area has a relatively
higher proportion of buildings and hard surfaces, indicating a higher level of urbanization.
Additionally, this area exhibits an overall low rate of green visibility. Despite a higher
proportion of trees at some research points, the overall proportions of trees and grasslands
are lower in this area. The second cluster contains 13 research points, all but one (S19 on
the South Canal) located on the Haihe River. This cluster is defined as urban river areas
with high visual value because these areas have higher levels of vitality and color richness;
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a larger proportion of buildings and hard surfaces indicates a high level of urbanization;
simultaneously, these areas convey a strong sense of history. Additionally, these areas
have a larger visible area of water bodies and relatively less vegetation. The third cluster
represents suburban rivers with low visual value, including all 17 research points located
on the North Canal. Such research areas have very low scenic beauty, color richness, and
vitality, and they do not convey a strong sense of history; the proportion of buildings and
hard surfaces is also low. While this cluster has a higher proportion of grasslands than the
first and second clusters, the proportion of trees is not high, resulting in an overall low green
visibility rate. The fourth cluster is predominantly composed of research points on the
South Canal, defined in this study as suburban rivers with high visual value. Research areas
in this cluster have higher scenic beauty and color richness; a relatively lower proportion of
buildings and hard surfaces; a higher visibility rate of the sky, indicating better openness;
and a smaller visible water area, suggesting narrower river channels. Additionally, a
weaker sense of history is also a distinctive feature of this cluster.
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5. Discussion
5.1. Key Findings and Contributions

The rapid development of unmanned aerial vehicle technology has provided op-
portunities for quick monitoring and multi-perspective analysis of spatial characteristics
in built environments. Compared to two-dimensional satellite remote sensing imagery,
UAV-acquired image data offer higher resolution, enabling three-dimensional perception
of large-scale scenes [37]. Moreover, UAV panoramic images offer a broader viewing angle
and richer three-dimensional spatial information than traditional ground-level panoramic
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images, becoming an important data source for understanding the spatial characteristics of
large-scale landscapes [11,76].

This study combines UAV panoramic image data with immersive virtual reality percep-
tion technology to construct a method for analyzing the visual characteristics of large-scale
urban river landscapes in three-dimensional space. By integrating the landscape char-
acteristics of the study area and related research experiences, it proposes evaluating the
visual landscape perception from four dimensions: scenic beauty, color richness, vitality,
and historical sense. Additionally, using computer vision technology for pixel-level high-
precision semantic segmentation of panoramic images, this approach accurately identifies
various landscape elements within the images and quantitatively analyzes the spatial
distribution characteristics of major landscape elements like buildings, trees, and water
bodies in different river panoramas. Furthermore, by clustering analysis of immersive
VR visual evaluation data and computer vision semantic segmentation results, this paper
groups and characterizes different sections of the Haihe River, South Canal, and North
Canal. The results show that many areas of the Haihe River belong to the second cluster,
possessing high vitality and color richness, and conveying a strong sense of history. How-
ever, compared to the fourth cluster, primarily the South Canal, its scenic beauty is lower.
Targeted enhancement of scenic beauty in the rivers and surrounding areas is key to further
improving their landscape visual value. The South Canal and North Canal are important
sections of the Grand Canal, a World Cultural Heritage site; compared to the Haihe River,
this study’s sections hardly convey any sense of history. Knowing how to enhance the his-
torical perception of the South and North Canals is crucial for improving their visual value.
Researchers found that the architectural facade styles might impact historical perception
after comparing panoramic images of the South and North Canals with the Haihe River
and consulting with volunteers who participated in the visual evaluation. However, the
specific mechanisms of this impact remain unclear, and future research could delve into
this issue. Additionally, there are certain differences in scenic beauty and vitality between
the North Canal and South Canal, with most areas of the North Canal belonging to the
third cluster, i.e., suburban rivers with low visual value. Enhancing the scenic beauty and
vitality of such river sections is key to improving the visual value of the canals.

5.2. Limitations, Challenges, and Future Directions

Despite its contributions, this study faces several limitations and challenges that
suggest directions for future research:

Seasonal constraints in data collection: Data were collected only in the summer,
limiting the study’s ability to account for seasonal variations in landscape characteristics.
This is especially relevant in mid- to high-latitude regions, where environmental elements
such as vegetation cover and scenic beauty change significantly across seasons. Future
studies should explore multi-season data collection to better understand the spatiotemporal
dynamics of landscape features.

Manual UAV flight operations: The UAV flights conducted in this study were manual,
which required significant time and effort. While this approach ensured precise data
collection, it is not scalable for larger or more frequent studies. Automated drone control
systems could streamline future operations, reducing human workload and shortening
data collection intervals.

Historical perception and architectural styles: Although the study identified differ-
ences in historical perception between the Haihe River and the South and North Canals,
the underlying mechanisms affecting these perceptions remain unclear. Future research
could investigate the influence of architectural styles and facade designs to better un-
derstand how historical value is visually conveyed, offering insights for heritage-based
landscape enhancements.

Volunteer sample composition and subjective bias: Many of the volunteers who
participated in the immersive VR evaluation were students and had lived in the study
area for an extended period. While this sample provided valuable insights, it introduces
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potential biases that may affect the generalizability of the results. The homogeneity of the
sample in terms of age, background, and occupation may limit the ability to fully capture
the diverse perspectives of the general population. Additionally, the volunteers’ familiarity
with the area may have influenced their evaluations, potentially causing them to rely more
on their pre-existing perceptions than on the immersive virtual scenarios presented, thus
affecting the objectivity of the scoring process. To mitigate these biases, future studies
should aim to recruit a more diverse participant pool, including individuals from different
age groups, occupations, and backgrounds.

This study has successfully identified and grouped the visual characteristics of dif-
ferent river sections, providing data support for a precise understanding of urban river
landscape features. The methodology facilitates a quantitative evaluation of large-scale
urban 3D landscapes and provides practical insights for landscape management and urban
planning. By addressing these limitations and future challenges, future research can further
improve the scalability, generalizability, and seasonal adaptability of the proposed frame-
work, ensuring that it remains relevant for long-term landscape monitoring and urban
development strategies.

5.3. Addressing Research Gaps

This study specifically addresses a key research gap in the field by integrating UAV
imagery with immersive VR for environmental assessment, a combination that has been
underexplored in previous studies. While UAVs are commonly used for aerial photography,
few studies have incorporated UAV-based panoramic imagery into VR environments to
enable immersive landscape assessments. By combining subjective visual evaluations
through VR with objective computer vision techniques, this study introduces a novel
approach to analyzing the spatial distribution of landscape features and evaluating visual
quality. This research not only provides a replicable framework for urban landscape
analysis but also offers valuable insights for urban planners and environmental managers,
enabling them to better understand how different landscape elements contribute to the
overall aesthetic and ecological value of urban environments.

In summary, this study offers a practical, scalable solution for evaluating landscape
quality and provides a pathway for future research to incorporate automated UAV oper-
ations and seasonal variability analysis to further enhance the effectiveness of landscape
management practices.

6. Conclusions

This study utilized UAVs to obtain panoramic image data of three rivers in Tianjin City;
acquired dozens of participants’ visual evaluation results on the scenic beauty, color rich-
ness, vitality, and sense of history of different scenes through immersive VR devices; and
validated these evaluation results. It analyzed the spatial proportion of various landscape
elements such as trees, grasslands, and buildings using computer vision semantic segmen-
tation algorithms. By conducting hierarchical cluster analysis on VR visual perception data
and computer vision semantic segmentation data from different research points, it realized
the effective identification and grouped description of the visual features of different river
sections. The study found the following: (1) There are significant differences in scenic
beauty, color richness, and vitality among the three rivers. The South Canal had the highest
average scenic beauty within the study area; the Haihe River’s average color richness,
vitality, and sense of history were higher than the other two rivers; the South Canal and
North Canal provided a very limited sense of history. (2) Analysis of the landscape element
proportions at different mapping points using computer vision technology found that the
proportions of sky, water bodies, buildings, trees, grasslands, and hard surfaces exceed 90%,
forming the main visual characteristics of the three rivers; among these, water bodies, trees,
grasslands, and hard surfaces showed significant distribution differences across different
river sections, while buildings and sky were relatively evenly distributed across the three
rivers. (3) Hierarchical cluster analysis grouped and characterized mapping points with
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different landscape features, revealing that many points in the South Canal belong to high
visual value suburban river and low visual value urban river categories; the North Canal
primarily comprised low visual value suburban rivers, while many points in the Haihe
River fell into the high visual value urban river category.

By analyzing the multidimensional visual features of different urban rivers, the re-
sults of this study provide data support for urban planners, environmental researchers,
and experts in other fields. It is also beneficial for the construction of the Grand Canal
National Cultural Park and the enhancement of river landscape quality in Tianjin City.
Meanwhile, the methodology proposed in this study can be widely applied to the re-
search of river landscapes, offering opportunities for a better understanding of the river
landscape environment.
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