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Abstract

Landscape Visual Assessment (LVA) has long examined how landscape elements influence
visual perception and aesthetic response, yet the question of which elements attract atten-
tion remains underexplored in historic parks. Compared with urban parks, streetscapes,
or natural landscapes, historic parks are shaped by a distinctive combination of natural
features, cultural structures, and historically embedded symbolic meanings. In this study,
we categorize landscape elements in historic parks into Natural Landscape Elements (NLE)
and Cultural Landscape Elements (CLE), and investigate their relative visual salience in
three historic parks in Beijing: Taoranting Park, the Summer Palace, and Beihai Park. We
adopt a multi-method exploratory framework integrating cognitive maps, eye-tracking
experiments, computational vision analysis, and GIS/UGC-based spatial analysis. The
study draws on 30 cognitive maps, participant-level eye-tracking data from 30 valid par-
ticipants, supplementary heatmap-based computational image analysis, and large-scale
geotagged photo-density data. The results show that, within the exploratory sample, CLE
were more frequently associated with strong memory impressions than NLE. In the pooled
eye-tracking analysis, CLE showed higher attention scores overall, but this pattern was
not stable across all parks and was strongly context-dependent. The computational and
spatial analyses further suggest that attention distribution is influenced not only by the
presence of specific elements, but also by color contrast, the spatial coupling of CLE and
NLE, and the broader organization of park scenes and visitor activity zones. Rather than
proposing a universal model of visual attention in historic parks, this study offers an ex-
ploratory, context-sensitive account of how cultural and natural landscape elements jointly
shape attention across perceptual and spatial scales. The findings contribute to landscape
visual assessment research by extending it into the specific setting of historic parks and by
demonstrating the value of combining perceptual, computational, and spatial methods in a
complementary framework.

Keywords: landscape visual assessment; visual attention; historic parks

1. Introduction
Long-term interactions between humans and the environment continuously shape

landscape form, function, and meaning [1]. As urbanisation, tourism, and heritage man-
agement increasingly transform historically significant environments, the assessment of
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landscape value has become an important concern in both environmental evaluation and
design practice [2]. Within this broader context, Landscape Visual Assessment (LVA) seeks
to understand how people perceive landscape scenes and how different elements contribute
to visual quality and aesthetic response [3]. However, accurately evaluating visual quality
remains challenging because landscape perception is shaped by both subjective preference
and the complexity of environmental settings, especially in places with strong historical
and cultural significance [4].

Landscape visual assessments can be broadly categorized into expert-based evalu-
ations, emphasizing systematic analysis grounded in design theory, environmental sci-
ence [5–7], and policy, and public perception-based evaluations, which focus on collecting
and interpreting the subjective experiences and aesthetics of the public [8–11]. This study
aligns with the latter perspective and asks a more specific question within that tradition: in
historic parks, which landscape elements are more likely to attract attention, and under
what spatial conditions?

Since the 1960s, research in environmental psychology, ecology, and landscape archi-
tecture has generated extensive knowledge on landscape preference and visual perception.
Theories such as prospect-refuge theory and the landscape preference model have explained
how openness, shelter, coherence, complexity, legibility, and mystery shape aesthetic re-
sponse. Subsequent studies have also explored how natural and built elements influence
preference and restorative effects [12,13]. More recently, eye-tracking techniques have
enabled researchers to examine visual attention with greater precision by tracing fixation
distribution and fixation duration during scene perception [14,15]. In parallel, advances in
computer vision have made it possible to analyse image features computationally at larger
scales. However, computational attention mechanisms in neural networks should not be
equated with human visual attention; instead, they provide a supplementary image-based
perspective on salience cues [10,16].

Despite these advances, most existing theories and empirical findings have been devel-
oped in relation to natural landscapes, urban parks, streetscapes, or general environmental
settings. Historic parks cannot be treated simply as extensions of these environments. This
distinction can also be understood through cultural landscape theory [1]. In Sauer’s classic
formulation, landscape is not merely a natural scene but a cultural palimpsest shaped by
successive layers of human occupation and inscription. Historic parks, especially those
with long histories of design, use, and symbolic association, may therefore be perceived
not only through their visible physical form but also through the historical meanings em-
bedded in their spatial composition. In this sense, CLE are not simply built objects within a
landscape; they are culturally inscribed features that may carry mnemonic and symbolic
weight in ways that differ from many natural elements. This perspective helps explain why
visual attention and memory in historic parks may not follow the same logic as in more
general urban or natural landscape settings. Unlike many other landscape types, historic
parks are characterised by the close integration of natural scenery, cultural structures, and
historically embedded symbolic meanings. In such settings, visual attention may be shaped
not only by general perceptual variables such as colour, visibility, and openness, but also by
the interaction between architectural heritage, natural features, and culturally meaningful
spatial organisation. Existing research has not sufficiently clarified how these components
jointly influence attention distribution in historic park settings.

To address this gap, the present study investigates three historic parks in Beijing—
Taoranting Park, the Summer Palace, and Beihai Park—through a multi-method exploratory
framework integrating cognitive mapping, eye-tracking experiments, computational vi-
sion analysis, and GIS/UGC-based spatial analysis. For analytical clarity, we classify the
landscape elements in these parks into Natural Landscape Elements (NLE) and Cultural
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Landscape Elements (CLE). Rather than testing a single classical theory, the study aims
to examine how CLE, NLE, and their spatial combinations jointly shape attention across
perceptual and spatial scales. This argument is also consistent with UNESCO’s conceptual
framework for cultural landscapes, which emphasizes the interaction of natural settings,
human intervention, and historically accumulated cultural value. From this perspective,
the perceptual significance of historic parks may derive not only from formal scenic com-
position, but also from the way cultural and natural elements are jointly embedded in a
historically meaningful landscape whole.

The objectives of this research are:

(1) to identify the landscape elements and landscape combinations associated with
stronger visual salience in the sampled historic parks; and

(2) to clarify the respective roles and analytical contributions of the four methods em-
ployed, thereby providing an exploratory methodological reference for future research
on visual attention in culturally significant landscape settings.

The framework integrates four complementary approaches to characterize human–
environment interaction in historic parks: (i) cognitive mapping and interviews to capture
visitors’ memory impressions and perceived importance of landscape elements; (ii) eye-
tracking experiments to quantify photograph-based gaze allocation (fixation distribution
and fixation duration); (iii) computational vision analysis (Section 4.3) as a supplementary
exploratory perspective on image feature cues; and (iv) GIS-based spatial analysis to
identify zone-level spatial patterns of visitor engagement. Outputs from these approaches
are compared to identify convergent and divergent patterns across perceptual, image-based,
and spatial scales.

2. Related Works
Parks are places of democracy, historical artifacts, nature, educators, and paradises [17].

Urban parks are an important component of public urban space, directly impacting res-
idents’ living experience and the city’s image. High-quality urban parks are crucial for
improving residents’ well-being [18]. Landscape visual assessment has been extensively
studied through diverse methodologies, aiming to systematically quantify and evaluate
the aesthetic qualities of landscape environments [19]. Early foundational studies in land-
scape visual quality assessment include Daniel and Boster’s Scenic Beauty Estimation
Method [8], which quantitatively evaluates landscape aesthetics based on viewer responses.
Similarly, Bacon [5] established a visual management system for landscape resources within
the U.S. Forest Service, providing structured guidelines for managing visual qualities in
forest landscapes. Several contemporary approaches have expanded upon these tradi-
tional methods. Bulut and Yilmaz [20] utilized visual quality assessments to determine
landscape beauty in Kemaliye, Turkey, emphasizing visual perception factors. Kang and
Liu [2] provided a comprehensive overview of methodologies and technological advances
in landscape visual quality evaluation, highlighting innovative tools such as Geographic
Information Systems (GIS), remote sensing, and advanced data analytics for more accurate
and objective evaluations.

Visual attention research, rooted in environmental psychology and cognitive theo-
ries, has significantly influenced landscape visual assessment methodologies. Crawford’s
Prospect-Refuge theory [16] emphasizes evolutionary preferences for landscapes providing
visibility (prospect) and refuge, directly relating to visual attention by highlighting the
importance of certain landscape features in attracting human gaze. Kaplan and Kaplan’s
Attention Restoration Theory [17,18,21] further elaborates on the role of visual attention
by suggesting that involuntary attention elicited by natural environmental stimuli pro-
motes psychological restoration and relaxation, thereby enhancing landscape attractiveness.
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Ulrich’s Affect and aesthetic preference study [12] complements these perspectives by
examining emotional responses triggered by visually attractive landscape features. His
research demonstrates the strong correlation between visual attention, emotional engage-
ment, and landscape aesthetic preferences, highlighting critical elements such as water,
vegetation, and spatial arrangement as primary visual attraction factors.

Semantic and perceptual aspects have also been central to landscape visual evalu-
ation. Historically, visual quality and impact assessments have relied on formal expert
evaluations of landscape visual attributes. Traditional urban landscape perception research
largely depends on individual experience, which may limit the collaborative production
of knowledge across spatial scales and disciplines [22]. In contrast, environmental psy-
chologists utilize rating and survey studies to investigate subjective landscape preferences.
These two approaches represent the “objectivist” and “subjectivist” paradigms in visual
landscape research, respectively. However, a gap exists between these two approaches:
actual observation. Numerous past studies have demonstrated the necessity of incorporat-
ing eye-tracking research into visual landscape assessment, viewing it as a crucial bridge
connecting objective landscape quality and subjective visual experience. Furthermore,
the literature describes the fundamentals of eye-tracking methods and data types, and
introduces the role of eye movements in landscape preference formation [15]. Meanwhile,
research results show that eye-tracking experimental results are highly consistent with
subjective evaluation results. Samples with higher landscape aesthetic scores perform
better in core eye-tracking indicators such as total fixation duration, total fixation frequency,
and total saccade duration, and typically have higher landscape feature factor values [23].
Cognitive perception mapping is a traditional method for landscape assessment, but its
creation faces many challenges, one of which is the difficulty in representing spatially
unevenly distributed viewpoints or viewpoints unrestricted by the location of physical
elements within the landscape. In recent years, tools based on geographic information
technology have been widely used in the field of landscape assessment [24]. One article
proposed a method based on spatial generalization of cognitive landscape viewpoints:
using a public participatory geographic information system to collect data, this system uses
bipolar adjectives to describe user viewpoints and combines inverse distance weighted
spatial interpolation and multi-criteria evaluation for spatial analysis to successfully create
a cognitive landscape viewpoint map. A new procedure was established within the land-
scape methodology, which can be referenced in this paper [25]. Osgood et al.’s semantic
differential scale [10] laid the groundwork for capturing the subjective meanings attributed
to landscapes. Echelberger [9] and Ren [11] further applied the semantic differential scale
combined with modern technologies such as eye-tracking experiments, significantly en-
hancing our understanding of the cognitive and perceptual processes involved in landscape
appreciation. Ren [11] particularly underscored how eye-tracking technology, coupled with
semantic analysis, can provide detailed insights into visual attention patterns and their
influence on landscape perception.

The rapid development of artificial intelligence and street view big data has provided
opportunities for advancing research on green space perception [26]. With the increasingly
widespread application of artificial intelligence in environmental design, computer vision
and deep learning have become important tools for understanding human visual perception.
Many interdisciplinary collaborative methods in computer science have been validated
for use in landscape design, including simulation and prediction, layout generation, im-
age post-processing, management and evaluation, and text analysis [26]. For example,
some studies have integrated textual and visual elements from classical Chinese poetry
to quantitatively assess the emotions in landscape design and construct corresponding
evaluation systems. This evaluation system also incorporates attention mechanisms to gen-
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erate heatmaps that highlight areas of interest to the model [27]. Secondly, applying deep
learning, especially deep convolutional neural networks (DCNNs), to natural landscape
images can greatly promote landscape analysis and interpretation [28]. In recent years,
deep learning technology has been applied to the study of traditional village landscapes
to explore the representation of cultural heritage and the diversity of its information [29].
Furthermore, research has applied mixed reality (MR) technology, which overlays virtual
content onto real scenes, to the field of landscape design, attracting widespread attention.
These new technologies applied in the field of landscape have provided support for our
research and exploration. Specifically, some studies have used computer vision technology
to construct semantic segmentation models suitable for rural landscapes and developed
a systematic and quantifiable set of landscape feature indicators [30]. Other research has
proposed a deep learning-based method for assessing urban landscape diversity in street
view images. Research related to deep learning indicates that vegetation and water bodies
can significantly enhance a park’s attractiveness and positive perceptions, while excessive
sky and artificial structures can have negative effects [25].

Visual experience is a primary channel for perceiving and managing the value of
tangible cultural heritage [31]. However, visual impact assessment is a step often over-
looked or even omitted in the planning process. Subsequently, visual landscape quality
assessment has become one of the methods for planning research within the framework
of the European Landscape Convention in Europe and even globally [32,33]. The visual
characteristics of a landscape consist of natural and man-made features, as well as physical
and biological resources. This assessment includes a list of cultural heritage protection
areas and helps identify preferences for various factors and natural landscape elements [34].
Currently, it is known that the quality of urban green spaces is closely related to human
perception, and accurately assessing the complexity of this attribute remains a challenge.
Traditional urban landscape perception research largely relies on individual experience,
which may limit the collaborative production of knowledge applied across spatial scales
and disciplines [35]. In the future, against the backdrop of intensive tourism use and
rapid urban spatial development, historical and cultural landscapes will require more
comprehensive and objectively quantifiable methods for studying visual attention value
in order to protect the sustainable design, restoration, and management of historical and
cultural parks [32]. The task of visual analysis is to identify, describe, and assess visual
resources, and to construct a visual framework for the further development of historic
districts while preserving their unique spatial characteristics. A comprehensive assessment
framework should include quantitative assessments of visual sensitivity and visual percep-
tion assessments based on public participation, which has proven effective in predicting
the visual impact of proposed projects on heritage value [33]. Furthermore, past research
methods primarily based on eye-tracking have shown that natural landscapes primarily
attract participants’ immediate visual attention and score higher on visual appeal (AV);
while cultural landscapes attract less immediate attention, they are appreciated for their
historical and cultural significance [36]. Advancements in spatial analysis and participatory
methods have also enriched the field, particularly concerning landscape visual attraction
elements. Lynch’s work [37] on urban imagery introduced cognitive mapping methods
widely applied in landscape research, as demonstrated by Eilola et al. [38], who employed
participatory geospatial methodologies in local land-use planning to identify visually signif-
icant landscape elements. Liu and Nijhuis [39] further refined these spatial-visual analysis
methods to better understand visual attraction mechanisms, emphasizing the importance
of spatial composition, visibility, and visual connectivity in landscape design and planning.

The openness, rhythm, and richness of color in a space can influence people’s emotions
and evoke different psychological feelings [40]. Historically significant urban parks have
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evolved into multifunctional spaces that integrate cultural heritage with contemporary
urban life [41]. Furthermore, many historic parks, as heritage sites, are widely recognized
for their positive aesthetic and social value [38,42]. Human perception of urban landscapes,
that is, the degree to which local residents appreciate urban landscapes, provides a basis
for people-centered policy-making that strengthens public participation [41,43].

Taken together, existing studies have established important theoretical foundations for
understanding landscape preference, visual attraction, and spatial perception. However,
three limitations remain evident in relation to historic parks. First, many classical theories
were developed in broader natural or urban environmental contexts and do not explicitly
address the perceptual role of historically embedded cultural landscape elements. Second,
existing empirical studies often examine natural elements, architectural features, or spatial
form separately, but pay less attention to how cultural and natural elements interact within
historically significant park environments. Third, different methods such as cognitive
mapping, eye tracking, computational image analysis, and spatial behavioral data are often
used independently, leaving insufficient understanding of how these different forms of
evidence can complement one another in the interpretation of visual attention. Accordingly,
this study positions historic parks as a distinct landscape context and adopts a multi-
method approach to examine how cultural landscape elements, natural landscape elements,
and their spatial combinations jointly shape attention distribution.

3. Methods
3.1. Research Areas

The primary goal of this study is to explore how Cultural Landscape Elements (CLE)
and Natural Landscape Elements (NLE) are associated with visual attention in historic
park settings. To maintain typological comparability while focusing on historically layered
environments, we selected three well-known historic parks in Beijing as case studies:
Taoranting Park in Xicheng District, the Summer Palace (Yiheyuan) in Haidian District, and
Beihai Park in Xicheng District.

These three sites share several relevant characteristics: each contains historically
significant architectural or structural features, each exhibits a close spatial integration of
buildings, corridors, bridges, water bodies, and vegetation, and each represents a mature
example of Chinese historic park composition in which cultural and natural elements are
deeply intertwined. This controlled site selection was intended to support comparison
within a relatively coherent historic-park typology rather than to represent all possible park
types. Accordingly, the findings of this study should not be generalised directly to other
historic landscape traditions such as Islamic gardens, European Baroque parks, Japanese
stroll gardens, or colonial botanical gardens.

Within the three selected parks, the landscape nodes examined in this study are
organised around historically significant buildings or structures and include both CLE (e.g.,
pavilions, buildings, corridors, and bridges) and NLE (e.g., water bodies and vegetation).
Figure 1 presents the hierarchical location of the study areas from the national scale to the
site scale.

3.2. Multi-Method Research Framework and Data Collection

This study adopts a four-part methodological framework consisting of cognitive
mapping, eye-tracking experiments, computational vision analysis, and GIS/UGC-based
spatial analysis (See Figure 2). These methods are analytically related but conceptually
non-equivalent. In this study, the term “visual attention” is used in a narrow sense to refer
specifically to overt attention measured by eye-tracking (i.e., fixation-based gaze behaviour).
The other methods are treated as attention-related but non-equivalent proxies, capturing
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memory impressions, image-based salience cues, and spatial behavioural engagement,
respectively. By combining these four approaches, the study seeks to compare convergent
and divergent patterns across perceptual, image-based, and spatial scales. These four
methods were used as complementary rather than interchangeable approaches to capture
memory impressions, fixation-based attention, image-based salience cues, and zone-level
spatial engagement.

Figure 1. Hierarchical location map of the study areas from the national to site scale: China, Beijing,
Summer Palace, Taoranting Park, and Beihai Park.

Figure 2. Research framework and multi-evidence study design.

Cognitive mapping. Cognitive mapping, widely used in environmental psychology
and landscape studies, was employed to capture participants’ spatial memory representa-
tions. Drawing on Lynch’s The Image of the City [41], this method was used to identify
the areas and elements that left strong impressions on participants after site experience.
In this study, the cognitive mapping task was conducted through a structured base-map
annotation procedure rather than freehand sketching. Participants were recruited on site
from visitors in the three historic parks, with 10 visitors included from each park. After
visiting the target area, participants were provided with pre-prepared base maps showing
the main natural and cultural landscape elements and were asked to mark and label the
areas or elements that had left a strong impression on them. The frequency with which
specific areas were marked was then used as an indicator of memorability and perceived
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importance. This sample was intended to provide an exploratory representation of visitor
impressions rather than a statistically representative sample of the full visitor population.

CLE/NLE classification. For the purposes of analysis, landscape areas and elements
were classified as either Cultural Landscape Elements (CLE) or Natural Landscape Elements
(NLE) according to predefined criteria. CLE referred to historically or culturally embedded
built features, such as pavilions, buildings, corridors, bridges, and other architectural or
constructed elements with clear cultural significance. NLE referred primarily to natural
features such as water bodies and vegetation. In the cognitive mapping analysis, marked
areas were classified according to the dominant element type within the area and, where
relevant, according to participants’ verbal explanations of what made the area memorable.
Ambiguous cases were discussed jointly by the research team and assigned according to
the dominant spatial and historical role of the element in the specific scene.

Eye-tracking experiments. Eye-tracking was used to examine fixation-based overt
visual attention under controlled viewing conditions [44]. In this study, we employed the
German SMI RED5 (SensoMotoric Instruments GmbH, Teltow, Germany) eye-tracking
system with a sampling rate of 500 Hz. Participants were recruited at Tsinghua University
based on availability and their ability to complete the laboratory-based viewing task under
controlled conditions [45,46]. Most participants were drawn from students and staff in
design-related contexts, while a smaller number were recruited from the affiliated high
school. Participants were recruited from design students at Tsinghua University based
on availability and their ability to complete the laboratory-based viewing task under
controlled conditions [45,46]. 30 valid participants were retained in the final participant-
level statistical analysis after data screening and completeness checks (see Table 1). This
relatively homogeneous group was selected to improve procedural consistency during
stimulus presentation and data collection rather than to represent the full demographic
diversity of park visitors. Because most participants had design-related educational or
professional backgrounds, while a smaller number did not, the sample remained skewed
toward visually trained observers and should not be treated as representative of the broader
visitor population. Because the participants were visually trained design students, their
gaze behaviour may differ systematically from that of the broader public. Accordingly,
the eye-tracking results are interpreted as exploratory evidence from a specific participant
group rather than as directly generalisable estimates of visitor attention patterns. Heatmaps
and scanpath data were generated using BeGaze(3.6.52)(SensoMotoric Instruments GmbH,
Teltow, Germany) software.

Table 1. Basic demographic information of the eye-tracking participants.

Characteristic Category Number of
Participants (n) Percentage (%)

Gender Male 13 43.3%
Female 17 56.7%

Age group 18–25 years 22 73.3%
26–30 years 5 16.7%
31–40 years 2 6.7%
41–50 years 1 3.3%

Education High school 12 40.0%
Bachelor 10 33.3%
Master 8 26.7%

Computational vision analysis. In addition to manual analysis of the eye-tracking
heatmaps and scanpaths, we employed the Transformer-based semantic segmentation
model Segmenter to extract pixel-level semantic features and internal attention-weight
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distributions from scene images [19]. These outputs were not treated as direct measures
of human visual attention. Instead, they were retained as a supplementary exploratory
image-based analysis used to compare image salience patterns with eye-tracking results
and to provide an auxiliary analytical perspective on visually prominent scene regions.

GIS/UGC-based spatial analysis. This method builds on the concept of spatial syntax
theory, particularly the work of Bill Hillier and Julienne Hanson [47], who demonstrated
how the configuration of space influences human movement and interaction. By mapping
Points of Interest (POI) data, we examined how spatial configurations and the arrangement
of landscape elements impact human behavior in these parks, complementing the findings
from the cognitive mapping and eye-tracking experiments. To complement the perceptual
analyses, we used geotagged user-generated content (UGC) to examine the spatial distribu-
tion of visitor photographic activity within the three parks [45]. These data were obtained
from the “6footprint” application and consisted of user-uploaded trajectory records and
geotagged photographs. After import into ArcGIS (10.8.2) (Esri, Redlands, CA, USA), the
spatial distribution of photographic activity was visualised using kernel density analysis,
and the resulting heatmaps were classified into eight density levels using the natural breaks
method. This layer was interpreted as a proxy for spatial behavioural engagement at the
zone level rather than as a direct measure of object-level visual attention.

Ethics and consent. Participation in the cognitive mapping and eye-tracking compo-
nents was voluntary, and informed consent was obtained from all participants before data
collection. The study did not collect sensitive personal information beyond basic demo-
graphic characteristics used for descriptive reporting. The geotagged UGC data obtained
from the “6footprint” platform were analysed only in aggregated and anonymised form for
spatial pattern analysis.

3.3. Statistical Analysis

For the cognitive mapping task, the frequencies of CLE-dominant and NLE-dominant
marked areas were compared using exact binomial tests against an equal expected distribu-
tion. We additionally report the observed CLE proportions together with 95% confidence
intervals. Because each participant could mark more than one area, the marked-area ob-
servations were not fully independent; therefore, this inferential analysis was used as an
approximate statistical supplement to an otherwise exploratory comparison.

For the eye-tracking analysis, each landscape element within each scene was classified
into one of four AFT-based categories derived from heatmap interpretation: AFT ≥ 1.2,
0.3 ≤ AFT < 1.2, 0 ≤ AFT < 0.3, or element not present in the image. These categories
were converted into ordinal attention scores of 2, 1, and 0, respectively, while elements not
present in the image were treated as missing values rather than zeros. For each participant
and scene, mean CLE and NLE attention scores were calculated by averaging the coded
values of the corresponding landscape elements present in that image. Participant-level
CLE and NLE scores were then obtained by averaging across all scenes, and park-specific
participant-level scores were additionally calculated by averaging across scenes within
each park. Because the resulting data were ordinal and the final valid sample size was
limited (n = 30), CLE and NLE scores were compared using Wilcoxon signed-rank tests.
Park-specific p-values were adjusted for multiple comparisons using the Holm method.
The exact binomial test was used for the two-category frequency comparison, whereas the
Wilcoxon signed-rank test was used because the participant-level CLE and NLE scores
were paired and ordinal.

Throughout the study, inferential statistics were used to provide approximate statistical
support for patterns observed in a limited and non-representative sample. These tests do
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not eliminate the sampling limitations of the study; accordingly, statistically significant
results are interpreted as exploratory rather than confirmatory evidence.

No a priori power analysis was conducted before data collection. To clarify the
implications of the present sample size, we added a sensitivity power analysis. Under
a paired-comparison framework, a sample size of 30 participants provides 80% power
at α = 0.05 only for medium-to-large within-participant effects of approximately Cohen’s
dz = 0.53 or larger. For park-specific comparisons involving multiple testing correction, the
detectable effect size would be larger. Therefore, the present design should be considered
exploratory and not sufficiently powered for confirmatory park-specific inference. In
addition, no per-stimulus reliability analysis was conducted because the photographic
stimuli were heterogeneous and were not designed as a balanced psychometric stimulus set.

4. Analysis
In this study, the landscape elements analysed in relation to visual attention were

classified into two broad categories: Natural Landscape Elements (NLE) and Cultural
Landscape Elements (CLE). NLE included (1) vegetation and (2) water bodies, while
CLE included (3) buildings, (4) paths, corridors, and bridges, (5) boundaries and barriers,
and (6) decorations and details. Other landscape elements were not included in the
present analysis.

4.1. Cognitive Maps

The cognitive mapping task was conducted with 10 visitors in each of the three historic
parks, yielding 30 valid cognitive maps and 94 marked areas that participants described
as leaving strong impressions. These marked areas were classified into two categories
according to whether Cultural Landscape Elements (CLE) or Natural Landscape Elements
(NLE) were dominant.

The classification of marked areas was based on two qualitative criteria: (1) whether
historical buildings or structures occupied the spatial core of the area, and (2) whether
historical or cultural characteristics were explicitly mentioned by participants during
follow-up interviews as a reason for their strong impression. For example, the “Chuitai
Pavilion” area in Taoranting Park was classified as CLE-dominant because the pavilion
occupied the spatial core and participants specifically referred to its architectural character.
By contrast, the boat dock area was classified as NLE-dominant because participants mainly
emphasized the aesthetic appeal of the expansive water surface.

Across the 30 cognitive maps, participants marked a total of 94 impression areas,
including 87 CLE-dominant areas and 7 NLE-dominant areas. CLE-dominant areas ac-
counted for 92.6% of all marked areas. An exact binomial test indicated that the proportion
of CLE-dominant marked areas was significantly higher than an equal CLE–NLE distri-
bution (p < 0.001, 95% CI: 0.865–1.000). Under the null hypothesis of an equal CLE–NLE
distribution (p0 = 0.5), the one-sided exact binomial p_value was calculated as:

p_value = P(X ≥ xobs =
n

∑
k=xobs

(
n
k
)pk

0(1 − p0)
n−k)

where n is the total number of marked areas, xobs is the observed number of CLE-dominant
marked areas, and p0 = 0.5 is the null probability under an equal CLE–NLE distribu-
tion. Similar patterns were observed in all three parks: Taoranting Park, 82.6% (19/23),
p_value = 0.0013; the Summer Palace, 93.5% (29/31), p_value < 0.001; and Beihai Park,
97.5% (39/40), p_value < 0.001 (See Table 2). Since individual participants could mark more
than one area, these marked-area observations were not fully independent. Accordingly,
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the statistical results are interpreted as approximate inferential support for an exploratory
pattern rather than as a basis for population-level generalisation.

Table 2. Exact binomial test results for CLE-dominant marked areas in the cognitive mapping task.

Park CLE NLE Total Marked
Areas CLE Proportion Exact Binomial Test

p_Value
95% CI for

CLE Proportion

Taoranting Park 19 4 23 82.6% 0.0013 0.645–1.000

The Summer Palace 29 2 31 93.5% <0.001 0.811–1.000

Beihai
Park 39 1 40 97.5% <0.001 0.887–1.000

Overall 87 7 94 92.6% <0.001 0.865–1.000

Note: Exact binomial tests were conducted against an equal expected CLE–NLE distribution (p0 = 0.5). Because
participants could mark more than one area, the marked-area observations were not fully independent; therefore,
the results should be interpreted as approximate inferential support within an exploratory framework.

This pattern is broadly consistent with the proposition that historically embedded
cultural features may be especially memorable in historic park settings. In the context
of cultural landscape theory, architectural features and historically significant structures
may attract attention not only because of their formal appearance, but also because of the
symbolic and cultural meanings associated with them.

4.2. Eye-Tracking Experiments

The eye-tracking experiment was conducted with design students from Tsinghua
University in a controlled laboratory setting. 30 valid participants were retained in the
final participant-level statistical analysis after data screening and completeness checks.
Participants viewed photographic scenes from the three historic parks, and heatmaps were
generated for each participant-scene trial. Using eye-tracking experiments, we obtained
1080 eye-tracking heatmaps; these heatmaps were generated across the 36 scenes (one
heatmap per participant per scene), whereas “900 sets of eye-tracking data” in the Abstract
refers to the number of valid gaze recordings/trials after data-quality screening. Previous
studies, such as Yarbus [46], have demonstrated that the task at hand and the observer’s
expertise significantly influence gaze behavior, with experts tending to focus on different
elements than non-experts. Based on the Average Fixation Time (AFT) represented in
the heatmaps, each landscape element in each image was classified into four categories:
(1) AFT ≥ 1.2, indicating that the element received attention and was considered important;
(2) 0.3 ≤ AFT < 1.2, indicating that the element received attention but was considered less
important; (3) 0 ≤ AFT < 0.3, indicating that the element received little or no attention; and
(4) element not present in the image.

For quantitative analysis, these categories were coded as ordinal attention scores of
2, 1, and 0, respectively, while elements not present in the image were treated as missing
values. Formally, the coded score for participant i, scene j, and landscape element m was
defined as:

Sijm =


2,
1,
0,

NA,

i f AFTijm ≥ 1.2
i f 0.3 ≤ AFTijm < 1.2
i f 0 ≤ AFTijm < 0.3

NA

This coding strategy was adopted to provide a unified basis for comparing CLE
and NLE across heterogeneous scenes. For each participant and scene, mean CLE and

https://doi.org/10.3390/buildings16122397

https://doi.org/10.3390/buildings16122397


Buildings 2026, 16, 2397 12 of 25

NLE attention scores were calculated by averaging the coded values of the corresponding
elements present in that image:

CLEij =
1∣∣Cij
∣∣ ∑

m∈Cij

Sijm

NLEij =
1∣∣Nij
∣∣ ∑

m∈Nij

Sijm

where Cij and Nij denote the sets of CLE and NLE present in scene j for participant i, and∣∣Cij
∣∣ and

∣∣Nij
∣∣ denote the corresponding numbers of elements. These scene-level scores

were then aggregated to the participant level for overall and park-specific comparisons:

CLEi =
1
Ji

Ji

∑
j=1

CLEij

NLEi =
1
Ji

Ji

∑
j=1

NLEij

where Ji denotes the number of valid scenes for participant i.
At the pooled participant level, the mean CLE attention score (0.908) was higher

than the mean NLE attention score (0.806). A Wilcoxon signed-rank test showed that this
difference was statistically significant (W = 3.0, p < 0.001, r = 0.851), suggesting that CLE
received stronger attention overall in the aggregated set of scenes. However, this pattern
was not uniform across parks. In Taoranting Park, the mean NLE score (0.939) was higher
than the mean CLE score (0.851), and the difference reached nominal significance before
multiple-comparison correction (W = 49.0, p = 0.037, r = 0.467), although it was no longer
significant after Holm adjustment. In the Summer Palace, the mean NLE score (0.921) also
exceeded the mean CLE score (0.842), but the difference was not statistically significant
(W = 63.0, p = 0.117, r = 0.351). By contrast, Beihai Park showed a strong reversed pattern,
with CLE (mean = 1.078) scoring substantially higher than NLE (mean = 0.466), and this
difference remained significant after Holm correction (W = 0.0, p < 0.001, adjusted p < 0.001,
r = 0.877) (see Table 3).

Table 3. Participant-level Wilcoxon signed-rank test results for CLE and NLE attention scores.

Condition n CLE
Mean

NLE
Mean

CLE
Median

NLE
Median W p_Value Adjusted

p_Value
Effect

Size (r) Direction

Overall 30 0.908 0.806 0.921 0.788 3.0 <0.001 - 0.851 CLE > NLE

Taoranting
Park 30 0.851 0.939 0.854 0.938 49.0 0.0366 0.0731 0.467 NLE > CLE

The
Summer
Palace

30 0.842 0.921 0.865 0.875 63.0 0.1169 0.1169 0.351 NLE > CLE

Beihai
Park 30 1.078 0.466 1.068 0.484 0.0 <0.001 <0.001 0.877 CLE > NLE

Note: Participant-level CLE and NLE attention scores were calculated by averaging ordinal AFT-based scene
scores. Park-specific p-values were adjusted using the Holm method.

Taken together, these results indicate that the relative visual salience of CLE and
NLE is context-dependent rather than stable across all historic parks. However, because
the park-specific tests were conducted within a limited exploratory sample and across
heterogeneous stimuli, the non-significant result in the Summer Palace and the reversed
pattern in Taoranting Park should be interpreted cautiously and not as definitive evidence
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against a CLE advantage in those parks. The pooled CLE advantage appears to be driven
primarily by Beihai Park, whereas Taoranting Park and the Summer Palace show either the
opposite pattern or no reliable CLE advantage.

The coefficients of variation reported in Table 4 indicate that some landscape-element
categories show substantial cross-site heterogeneity. In particular, the relatively high
variability observed for vegetation, paths/corridors/bridges, and decorations/details
suggests that pooled averages across the three parks should be interpreted with caution.
Moreover, cultural and natural landscape elements influence each other. For example, in
the analysis of the eye-tracking heatmap for Taoranting Park, we found that the expansive
view created by large bodies of water helped direct the participants’ attention toward
buildings (see Figure 3). In the Summer Palace, most of the plants that drew attention were
flowering species, which were often planted in coordination with decorations and details.
Their interaction enhanced the overall visual appeal and attention. In Beihai Park, the
color contrast between decorations and details and green vegetation made the architectural
features more visually prominent (see Figure 3).

Table 4. Statistics of AFT of landscape elements.

Category Landscape Elements Type Taoranting
Park

The Summer
Palace

Beihai
Park Average Coefficient of

Variation

Natural
Elements

1⃝ Vegetation • & ⊚ 21.99% 9.79% 4.88% 12.22% 0.588

2⃝ Water Bodies • & ⊚ 31.56% 27.23% 13.47% 24.09% 0.320

Cultural
Elements

3⃝ Buildings • & ⊚ 26.03% 12.05% 31.71% 23.26% 0.355

4⃝ Path, Corridors, and Bridge • & ⊚ 0.45% 18.90% 7.67% 9.01% 0.842

5⃝ Boundaries and Barriers • & ⊚ 14.63% 20.57% 8.82% 14.67% 0.328

6⃝ Decorations and Details • & ⊚ 5.34% 11.46% 33.45% 16.75% 0.721

Total • & ⊚ 100% 100% 100% 100%

•: 1.2 s < AFT < 1.4 s ⊚: 0.3 s < AFT < 1.2 s.

Figure 3. Eye-tracking heatmaps for representative scenes in three historic parks. (The colored
overlay represents the normalized attention intensity, where warmer colors indicate higher attention
intensity and cooler colors indicate lower attention intensity. Red regions correspond to the most
visually concentrated areas.)

Heatmaps visualize the spatial distribution of gaze allocation during photograph
viewing. Colour intensity represents fixation-based attention level (derived from the
eye-tracking records; warmer colours indicate higher values, see legend). The three pan-
els correspond to representative scenes from Taoranting Park (left), the Summer Palace
(middle), and Beihai Park (right). These heatmaps are used to support element-level
comparisons based on fixation metrics reported in Section 4.2.

To further interpret the interaction between cultural and natural landscape elements
during scene viewing, we conducted a qualitative analysis of representative scanpaths
from the three parks (See Figure 4). These scanpaths suggest that gaze did not remain
fixed on a single element category. Instead, after an initial fixation on a visually prominent
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feature, attention often shifted between cultural and natural elements within the same
scene. In some cases, architectural structures served as early fixation anchors, while water
bodies, vegetation, or surrounding details subsequently attracted shorter or secondary
fixations. These scanpath patterns should be interpreted as qualitative illustrations of
gaze dynamics under controlled photograph-viewing conditions, rather than as stable or
universal sequences of visual attention.

Figure 4. Scanpath maps from the eye-tracking experiment. (The circles indicate fixation points, with
larger circles representing longer fixation durations. The connecting lines indicate gaze transition
paths between fixation points. Different colors are used to distinguish different gaze records or
participants).

Because participants viewed static photographs under controlled conditions, the eye-
tracking results are also potentially affected by center bias, a well-documented tendency [48]
for fixations to cluster near the centre of images. This limitation is taken into account when
interpreting the relative salience of centrally positioned architectural features versus more
peripheral natural elements.

Each panel shows scanpaths for a representative scene from Taoranting Park (left), the
Summer Palace (middle), and Beihai Park (right). Circles (nodes) indicate fixation locations,
with circle size proportional to fixation duration (dwell time). Lines represent saccadic
transitions between consecutive fixations, depicting the viewing sequence across the image
(arrow direction, if shown, indicates the temporal order of gaze shifts). The colour gradient
(see legend) encodes the temporal order of fixations from early to late viewing stages.
The background image corresponds to the stimulus photograph presented to participants.
Scanpaths provide qualitative visualization of gaze dynamics and are interpreted together
with the quantitative fixation metrics reported in Section 4.2.

4.3. Deep Learning-Based Semantic Feature and Attention Weight Analysis

Positioning and scope. The deep-learning component in this study is presented as a
supplementary exploratory computational analysis rather than a validated visual-saliency
or attention-prediction model. The adopted model is not designed to predict fixation
distributions, and its outputs are not validated against the eye-tracking ground truth in this
work. Accordingly, the results from this section should be interpreted as model-derived
feature weighting cues, used only to provide an auxiliary perspective alongside the primary
empirical evidence (cognitive mapping, eye tracking, and GIS/UGC analysis).

Deep Learning-based Visual Attention Analysis: The use of the Transformer-based
Segmenter model is informed by recent advances in computational vision, particularly the
“Attention Is All You Need” framework proposed by Vaswani et al. [49]. We applied this
method as a complementary tool to explore the saliency of landscape features. Moreover,
internal attention-weight visualizations were generated from the Transformer architecture.
It should be clarified that these internal attention weight visualizations represent computa-
tional feature weighting mechanisms within the model and do not directly correspond to
human gaze behavior. By examining the generated heatmaps, we found that the Segmenter
model tended to assign higher internal attention weights in the images with vivid colors
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and strong contrasts—for example, the red pillars of the Taoran Archway in Taoranting
Park, the yellow plant reflections on the water surface near Zhexian Pavilion, and the sunlit
plants in the front courtyard of Leshou Hall in the Summer Palace.

It is important to clarify that visual saliency modelling and semantic segmentation
represent two fundamentally different computational paradigms. Saliency prediction mod-
els are explicitly designed and validated to estimate human fixation distributions [48,50].
In contrast, semantic segmentation models such as Segmenter are developed for pixel-wise
classification and feature representation. The internal attention mechanisms in Transformer
architectures reflect computational feature weighting optimized for segmentation tasks and
should not be interpreted as direct predictors of human gaze behavior.

This result was also supported by our eye-tracking experiments, where vividly colored
elements such as architectural decorations and flowering plants received longer fixation
durations. It should be noted that in eye-tracking experiments, participants observe
photographs taken from a fixed perspective, and their attention tends to focus on the central
area of the image. This differs from the actual process of landscape perception. However,
the use of the model provides a complementary computational perspective on image
feature saliency, which can be compared with—but not equated to—eye-tracking results.

In several scenes, the Segmenter model assigned relatively high internal attention
weights to regions with vivid colour contrast or strong local feature contrast, such as red
architectural components, bright floral reflections, or sunlit vegetation. Some of these
regions overlapped with areas that also attracted longer fixations in the eye-tracking analy-
sis. However, other culturally significant architectural structures and details that received
prolonged human attention were not equally emphasised by the model. This discrepancy
reinforces the methodological distinction between model-derived feature weighting and
human perceptual attention. This discrepancy may reflect several factors rather than param-
eter settings alone, including the mismatch between semantic segmentation and fixation
prediction, the absence of validation against eye-tracking ground truth in the present study,
and possible domain gaps between the model’s training data and the historic-park images
analysed here. For this reason, the deep-learning results are interpreted only as supplemen-
tary exploratory feature-weighting cues rather than as direct predictors of human visual
attention. Accordingly, the results of this section are used only as an auxiliary exploratory
comparison rather than as evidence for fixation prediction.

4.4. GIS/UGC-Based Photo-Density Analysis

Using GIS big data analysis, we utilized Python (3.13.13) (Python Software Foundation,
Wilmington, DE, USA)’s requests library to crawl photo data with location information
from the “6footprint” website. Specifically, we obtained 179,428 location-tagged photos
related to Taoranting Park, 622,907 photos related to the Summer Palace, and 45,753 photos
related to Beihai Park. To ensure data quality, a rigorous pre-processing procedure was
conducted on the 847,088 collected photographs. First, duplicate uploads, time-stamping
errors, and samples with GPS coordinates outside the park boundaries were removed using
Python scripts. Second, non-landscape images (e.g., close-up portraits, indoor commercial
advertisements) were filtered out to focus on environmental visual elements. It should
be noted that due to the inherent imbalance in the seasonal distribution of UGC data
(with significantly higher sample sizes in spring and summer), a systematic seasonal
normalization was not applied in this study. Instead, the analysis focuses on identifying
general spatial patterns of visitor photographic engagement rather than object-level visual
attention. The finalized dataset was then imported into ArcGIS to generate nuclear density
heatmaps, reflecting the intensity of visitors’ spatial engagement. These datasets were
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transformed into photo-density heatmaps and categorized into nine levels from high to
low density. (see Figure 5).

Figure 5. GIS/UGC-based photo-density heatmaps indicating zone-level engagement intensity.

Photo-density heatmaps were generated from geotagged user-generated photographs
to represent spatial engagement intensity at the area scale. Colour intensity indicates the
number of photographs per unit area (warmer colours indicate higher density; see legend).
Panels correspond to Taoranting Park (left), the Summer Palace (middle), and Beihai Park
(right). This analysis is intended to identify broader spatial patterns of engagement rather
than object-level visual attention. The act of taking photographs may, to some extent,
indicate that an area has attracted visitor interest or visual engagement, indicating that the
spatial organization of landscape elements in that area has successfully captured people’s
visual focus. In our research, we quantify the attention-drawing capacity of a given space
by calculating the number of photographs taken per unit area.

While photographic activity may serve as an indirect indicator of visual attention,
the correlation is complex and may be influenced by the aforementioned factors. First,
photographic behavior is influenced by accessibility, social practices, and platform-specific
conventions, rather than visual attraction alone. The data source used in this study, the Li-
uzhiqiao application, likely reflects a demographically skewed user group (predominantly
younger, urban, and smartphone-literate users), which may affect the spatial distribution of
photographs. In addition, social norms, aesthetic trends, and peer imitation on social media
platforms may further mediate decisions about where and what to photograph. Seasonal
variations can also make a difference.

In Taoranting Park, the primary cultural landscape elements—pavilions—are dis-
tributed in a scattered pattern throughout the park. According to the generated photo
density heatmap, areas with higher levels of visual attention exhibit a clear pattern of
distribution along the lake. This finding is consistent with our eye-tracking experiment re-
sults, which showed that large water bodies enhance the visual prominence of architectural
elements. By analyzing the spatial distribution of photo density across different seasons,
we also observed a strong correlation between the distribution of visual attention and that
of flowering plants. In spring, the northwestern and northeastern zones, where peonies,
crabapples, and Chinese flowering peaches are concentrated, showed the highest attention
levels. In summer, the southwestern lakeside area, densely planted with lotuses, was most
prominent. However, in autumn and winter, when there are fewer flowering plants, this
pattern becomes less evident. The seasonal comparisons presented here aim to illustrate
how landscape characteristics potentially influence visual attention across seasons, rather
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than to normalize photographic activity statistically across seasonal datasets.Furthermore,
photographic activity in landscape environments may vary across seasons due to vegetation
phenology, weather conditions, and tourism patterns. Because the dataset spans multi-
ple years and seasons, the GIS analysis relies on aggregated multi-season photo-density
patterns to identify relatively stable spatial engagement tendencies rather than seasonal
variations in photographic behavior.

To further explore how different landscape elements and their spatial configurations
influence attention distribution, we abstracted the spatial arrangements of three notable
zones in Taoranting Park (see Figure 6): Huxin Pavilion (Figure 6a), which is situated
in one of the areas with the highest attention density; Yixin Pavilion (Figure 6b), which
also demonstrates a relatively high level of attention; and the Garden of Famous Chinese
Pavilions (Figure 6c), which shows relatively low attention. A comparative analysis of the
spatial organization of these areas, combined with field photographs, reveals the following:

1. The number of cultural landscape elements in a given area does not directly determine
the distribution of visual attention; it is the harmonious integration of natural elements
such as water bodies and vegetation that attracts more attention.

2. For independently located pavilions—key cultural landscape features—the presence
of water in the foreground and green vegetation in the background significantly
enhances their ability to draw attention.

3. Flowering plants play a critical role in attracting visual attention and further enhance
visitor interest and engagement in the corresponding areas.

Figure 6. Abstracted landscape-element configurations in Taoranting Park for pattern interpretation
(a) Huxin Pavilion; (b) Yixin Pavilion; (c) Chinese Famous Pavilion Garden.

Three representative zones are abstracted to summarize how cultural and natural
elements co-occur in spaces with different engagement/attention characteristics: (Figure 6a)
Huxin Pavilion, a high-density zone; (Figure 6b) Yixin Pavilion, a relatively high-density
zone; and (Figure 6c) the Garden of Famous Chinese Pavilions, a relatively low-density
zone. Diagrams simplify the spatial composition of key cultural elements (e.g., pavil-
ions/buildings) and natural elements (e.g., water bodies, vegetation, flowering plants)
to support comparative interpretation alongside the GIS/UGC heatmaps (Figure 5) and
eye-tracking evidence (Figures 3 and 4).

In the Summer Palace, the photo density heatmap reveals that areas attracting higher
levels of visual attention are concentrated around major architectural complexes. A compar-
ison of seasonal photo density maps further shows a strong correlation between attention
distribution and the presence of flowering or vividly colored plants. For example, Dehe
Garden experiences high attention in spring due to the blooming of crabapple and magnolia
trees within its courtyards. Along the western embankment, peach blossoms line the banks,
making this area significantly more attractive in spring than in other seasons. In summer,
the northern section of the eastern embankment features large patches of lotus flowers, be-
coming one of the park’s most visually compelling attractions. During autumn, the ginkgo
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and Chinese smoketree around the Zhi Chun Pavilion create a golden landscape, while the
abundance of chrysanthemums planted in and around the Leshou Hall draws significant
attention. In winter, the fragrance and presence of wintersweet flowers in Suzhou Street
enhance the area’s visual appeal.

Similar to our approach in Taoranting Park, we selected three representative areas in
the Summer Palace to abstract the spatial organization of landscape elements and further
summarize the patterns that influence attention distribution (see Figure 7). Due to the large
scale of buildings in the Summer Palace, we found that the locations where photographs
are taken do not always coincide precisely with the locations of the attention-attracting
landscape elements. This phenomenon is indicated by arrows in the diagram.

Figure 7. Abstracted landscape-element configurations in the Summer Palace and cross-scale inter-
pretation notes (a) Seventeen-Arch Bridge; (b) Foxiangge; (c) Deheyuan. (The arrows in the images
indicate the direction of the line of sight).

The three selected areas—the Seventeen-Arch Bridge, the Tower of Buddhist Incense
(Foxiang Pavilion), and Dehe Garden—are among the highest-density zones on the heatmap.
Our analysis of their landscape element configurations yielded the following insights:

1. For individually placed cultural landscape elements, such as the Seventeen-Arch
Bridge situated over water (Figure 7a) and the Tower of Buddhist Incense located
on a hillside (Figure 7b), the presence of a water foreground or a green vegetative
background enhances the visual appeal and draws more attention. Seasonal variations,
in this case, also play a role by altering the appearance of the vegetation.

2. For architectural clusters like Dehe Garden and its surrounding buildings (Figure 7c),
the significance of large-scale water bodies or green backgrounds diminishes. At this
scale, potted plants and flower arrangements are more effective in complementing
architectural details and decorations to attract visual attention.

3. While water bodies, terrain, and vegetation can visually enhance standalone build-
ings, they may simultaneously reduce accessibility. This trade-off must be carefully
considered in design. For instance, although the Tower of Buddhist Incense is rich
in architectural detail and cultural meaning, its limited accessibility results in lower
attention density compared to areas at the foot of the hill.

Three representative zones are summarized to highlight element configurations in
areas with high photo-density: (Figure 7a) Seventeen-Arch Bridge, (Figure 7b) the Tower of
Buddhist Incense (Foxiang Pavilion), and (Figure 7c) Dehe Garden. Diagrams show the co-
presence of cultural elements (architectural structures) with natural elements (water bodies,
vegetation, flowering plants) in different spatial settings. Arrows indicate that photo-
taking locations may not align precisely with the visually attended objects, particularly in
large-scale architectural settings. Therefore, the GIS/UGC photo-density analysis reflects
zone-level engagement patterns, rather than attributing attention to individual landscape
elements. This analysis is not intended to infer object-level visual attention, but rather to
identify broader spatial patterns of relative attention density at the area scale.
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In Beihai Park, we observed similar patterns to those found in Taoranting Park and the
Summer Palace: the spatial combination of natural landscape elements (such as greenery
and water bodies) with cultural elements significantly influences visual attention. In
addition, we discovered the following:

1. A comparison between the spatial configurations of Jingxinzhai (Figure 8a) and the
Five-Dragon Pavilions (Figure 8b) reveals that, despite the Five-Dragon Pavilions
being surrounded by a large water body, the smaller water area around Jingxinzhai
proved more effective in attracting visual attention and thus achieved a higher level
of heatmap intensity. This can be attributed to the more intricate shoreline of the
smaller water body, which offers visitors a richer variety of viewing and photography
angles. Compared to the sheer size of a water body, it is the complexity of its edge or
boundary that plays a more crucial role in capturing visual attention.

Figure 8. Landscape element patterns in Beihai park (a) Jingxinzhai; (b) Five Dragon Pavilions;
(c) White Tower. (The arrows in the image indicate the direction of the line of sight).

In light of the limitations mentioned previously, the GIS-based photo-density analysis
is not treated as a direct measure of human visual attention, but as a complementary,
large-scale spatial indicator that contextualizes and extends the findings derived from
cognitive maps and eye-tracking experiments. All spatial inferences drawn from the GIS
data are therefore explicitly bounded to comparative and pattern-oriented interpretations,
rather than causal or perceptual claims at the individual level. There are inherent limita-
tions of using social media data as a proxy for visual attention and other behavioral or
perceptual measures.

5. Discussion
This study explored how Cultural Landscape Elements (CLE) and Natural Landscape

Elements (NLE) are associated with attention-related patterns in three historic parks in
Beijing by integrating cognitive mapping, eye-tracking experiments, computational vision
analysis, and GIS/UGC-based photo-density analysis. Taken together, the results suggest
that historically embedded cultural features may be especially memorable in historic park
settings, but their relative visual salience during scene viewing is not uniform across all
sites and should be understood as context-dependent rather than universal.

The cognitive mapping results showed that CLE-dominant areas were much more
frequently associated with strong memory impressions than NLE-dominant areas. This
pattern is consistent with the idea that historically significant built features in historic parks
carry symbolic and mnemonic weight that extends beyond their formal visual appearance.
In this sense, the findings align with cultural landscape theory, which emphasises that
culturally inscribed landscape features are not perceived merely as objects in space, but
also as carriers of historical meaning and collective memory.

However, the eye-tracking results reveal a more differentiated picture. In the pooled
participant-level analysis, CLE showed higher attention scores overall, but this contrast was
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not stable across all three parks. Only Beihai Park exhibited a robust CLE advantage after
multiple-comparison adjustment, whereas Taoranting Park and the Summer Palace showed
either the opposite pattern or no reliable CLE advantage. This suggests that visual attention
in historic parks is shaped not only by the presence of cultural elements themselves, but also
by scene composition, spatial arrangement, colour contrast, and the interaction between
cultural and natural features within particular views. The divergence across the three
parks can be interpreted more specifically through existing theories of restorative landscape
perception and spatial preference.

A more theory-oriented interpretation of this divergence can be developed by drawing
on Attention Restoration Theory and prospect-refuge theory, both of which are relevant to
landscape perception but operate differently from historically embedded symbolic attrac-
tion. In Taoranting Park and the Summer Palace, many of the scenes associated with higher
NLE scores involved expansive water surfaces, vegetation, flowering plants, and visually
open settings. From the perspective of Attention Restoration Theory, such natural features
may support soft fascination and perceptual ease, thereby drawing sustained gaze even
when they do not carry the same symbolic weight as cultural structures. Prospect-refuge
theory offers a related explanation: open water views, foreground–background layering,
and vegetative framing may increase visual prospect while maintaining a sense of enclo-
sure or refuge, making these scenes especially attractive under static photograph-viewing
conditions. By contrast, the strong CLE advantage observed in Beihai Park may reflect a
different compositional logic, in which architectural features were more visually central,
more strongly contrasted against surrounding vegetation, and more tightly integrated
with historically meaningful spatial focal points. In this sense, the divergence across the
three parks suggests that attention in historic parks is shaped by the interaction between
restorative natural-scene properties, prospect-refuge structure, and culturally embedded
symbolic salience, rather than by any single factor in isolation.

This suggests that visual attention in historic parks is shaped not only by the presence
of cultural elements themselves, but also by scene composition, spatial arrangement, colour
contrast, and the interaction between cultural and natural features within particular views.
Rather than treating CLE and NLE as competing in a simple binary opposition, the results
indicate that they often work together in directing attention.

The computational and GIS/UGC-based analyses further support this interpreta-
tion, although they should be understood within their own methodological limits. The
deep-learning component was retained only as a supplementary exploratory image-based
analysis and was not treated as a model of human visual attention. Its partial overlap
with eye-tracking results suggests that some image-based salience cues—such as colour
contrast or local visual prominence—may coincide with fixation patterns, but discrepancies
between the two approaches underscore the distinction between model-derived feature
weighting and human perceptual attention. Similarly, the GIS/UGC-based photo-density
analysis reflects zone-level visitor photographic engagement rather than object-level visual
attention. Even so, it suggests that areas with high photographic engagement tend to
emerge where cultural and natural elements are spatially coupled in visually rich and
accessible configurations.

A further implication of this study concerns methodological integration. The four
methods employed here do not measure a single unified construct. Eye-tracking captures
momentary fixation-based overt attention under controlled viewing conditions; cognitive
mapping reflects memory-based impressions after site experience; computational vision
analysis identifies image-based feature weighting; and GIS/UGC density reflects visitor
photographic engagement influenced by accessibility, movement, and social behaviour. For
this reason, the value of the multi-method framework lies not in forcing these measures into
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a single variable, but in using them as complementary lines of evidence. Partial convergence
across methods strengthens confidence in recurring patterns, whereas divergence helps
reveal the complexity of attention and behaviour in historically layered environments.

These interpretations should be understood in light of the study’s methodological and
sampling limitations, which are discussed in Section 6.

6. Conclusions, Limitations, and Future Development
This study examined how Cultural Landscape Elements (CLE) and Natural Landscape

Elements (NLE) are associated with attention-related patterns in three historic parks in
Beijing through an exploratory multi-method framework integrating cognitive mapping,
eye-tracking, computational vision analysis, and GIS/UGC-based spatial analysis.

Three main conclusions can be drawn. First, in the cognitive mapping component,
CLE-dominant areas were much more frequently associated with strong memory impres-
sions than NLE-dominant areas, suggesting that historically embedded cultural features
may have particular mnemonic salience in historic park settings. Second, in the pooled
eye-tracking analysis, CLE showed higher attention scores overall, but this contrast was
not consistent across all three parks. The relative salience of CLE and NLE varied by site,
indicating that visual attention in historic parks is shaped by scene composition and by
the interaction between cultural and natural elements rather than by the simple presence
of one category alone. Third, the GIS/UGC-based photo-density analysis suggests that
zones with high visitor photographic engagement tend to occur where cultural and natural
elements are spatially combined in visually rich and accessible configurations.

Taken together, these findings suggest that the perceptual significance of historic parks
does not lie solely in their cultural structures or solely in their natural scenery, but in
the spatial and visual coupling of the two. Rather than proposing a universal model of
attention in historic parks, this study offers an exploratory and context-sensitive account of
how memory, fixation-based viewing, image salience cues, and spatial engagement may
align—or diverge—across historically layered landscape environments.

Within the limits of the present sample and methods, the study contributes to land-
scape visual assessment research in two ways: it extends attention-related analysis into the
specific setting of historic parks, and it demonstrates the value of combining perceptual,
computational, and spatial approaches in a complementary analytical framework.

Although this study provides an exploratory multi-method account of attention-
related patterns in historic parks, several limitations should be acknowledged. First, the
GIS/UGC-based analysis is constrained by uneven seasonal representation. The number
of geotagged photographs available for autumn and winter was relatively small because
of seasonal fluctuations in tourism, and systematic seasonal normalization across the full
time dimension was therefore not applied. In addition, photographic activity is shaped not
only by visual attraction but also by accessibility, platform user bias, movement patterns,
and social conventions of photographing. Accordingly, the GIS/UGC layer should be
interpreted as a proxy for zone-level photographic engagement rather than as a direct
measure of object-level visual attention.

Second, the participant samples used in the cognitive mapping and eye-tracking
components were limited in both size and representativeness. The cognitive mapping task
involved only 10 participants per park, and the eye-tracking analysis was based on 30 valid
participants recruited at Tsinghua University, most of whom had design-related educational
or professional backgrounds. Although this sampling strategy helped maintain procedural
consistency under controlled experimental conditions, it limits the external validity of the
findings. Visual attention, memory representation, and image interpretation may vary with
age, gender, cultural background, educational experience, and professional training, but
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these factors were not analysed separately in the present study. In addition, because the eye-
tracking experiment involved 56 heterogeneous photographic stimuli across three parks,
the park-specific statistical comparisons may have been underpowered. Accordingly, the
park-specific results for Taoranting Park and the Summer Palace should not be interpreted
as definitive evidence against a CLE advantage, but rather as inconclusive findings within a
limited exploratory sample. Future studies should determine target sample sizes through a
priori power analysis and recruit larger park-specific samples, ideally exceeding the present
participant count where site-level inference is intended. In addition, the photograph-
based eye-tracking design cannot fully reproduce real-world, multisensory landscape
experience and may also be affected by center bias, which could favour centrally positioned
architectural focal points over more peripheral natural elements.

Third, A further limitation concerns statistical power and stimulus-level reliability.
No a priori power analysis or per-stimulus reliability analysis was conducted before data
collection. A sensitivity power analysis indicates that, with 30 participants, the paired
comparison could reliably detect only medium-to-large within-participant effects, approxi-
mately Cohen’s dz ≥ 0.53 for 80% power at α = 0.05. For park-specific comparisons after
multiple-testing adjustment, the detectable effect size would be even larger, approximately
dz ≥ 0.62. Therefore, smaller or moderate CLE–NLE differences may not have been reli-
ably detected, especially in the park-specific analyses. In addition, the 56 photographic
stimuli varied in composition, element distribution, and spatial structure, and were not
designed as a balanced psychometric stimulus set. Accordingly, the non-significant results
for Taoranting Park and the Summer Palace should be interpreted as inconclusive under
the statistical power and stimulus-reliability constraints of the present exploratory design,
rather than as evidence for the absence of a CLE advantage. Future confirmatory studies
should conduct an a priori power analysis, recruit larger and more diverse samples, use
balanced stimulus sets, and apply item-level reliability analysis or mixed-effects models
treating participants and stimuli as random effects.

Fourth, several methodological limitations remain at the level of analytical interpre-
tation. The classification of areas and elements into CLE and NLE involved interpretive
judgement, especially in ambiguous cases such as bridges, corridors, and historically em-
bedded spatial structures. This limitation is also relevant to the relatively high coefficients
of variation observed for paths/corridors/bridges (CV = 0.842) and decorations/details
(CV = 0.721), which were among the most classificatorily ambiguous categories in the
analysis. These high cross-site variations may therefore reflect not only genuine spatial
heterogeneity, but also the interpretive sensitivity of the CLE/NLE classification in bor-
derline cases. Future studies should incorporate formal double-coding procedures and
report inter-rater reliability statistics (e.g., Cohen’s kappa) to strengthen the robustness
of category assignment. The deep-learning component was retained only as a supple-
mentary exploratory image-based analysis and was not validated against eye-tracking
ground truth; it therefore should not be treated as primary empirical evidence of human
attention. More broadly, the four methods used in this study capture different aspects of
human–environment interaction and cannot fully simulate dynamic real-world perception
when used with static scene materials and limited participant samples.

Future research should expand both data sources and methodological scope. More
diverse participant groups and a wider range of historic park typologies are needed to
test whether the CLE–NLE patterns observed here remain stable across different cultural
and spatial contexts. It would also be valuable to combine mobile eye-tracking, virtual
reality, in situ behavioural observation, and richer multimodal datasets to better capture
attention under ecologically valid conditions. In addition, long-term and multi-source
spatial data could help clarify how seasonal change, time of day, vegetation dynamics,
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and shifting light conditions influence attention-related patterns in culturally significant
landscape environments.
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