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Abstract: As economic growth and societal shifts reshape urban environments, cultural and creative
industrial parks are emerging as vital contributors to sustainable urban development. The design of
these landscapes plays a pivotal role in enhancing user satisfaction, increasing spatial attractiveness,
and promoting eco-friendly urban practices. This study examines visitor landscape perception
preferences in the Textile and Garment Cultural and Creative Industrial Park, located in Haizhu
District, Guangzhou, through a novel methodology combining user-generated content (UGC), deep
learning models, outdoor electrodermal activity (EDA) measurements, and questionnaire surveys.
The UGC-based landscape recognition model achieved an accuracy of 86.8% and was validated
against user preferences captured through questionnaires. Results demonstrate that visitors prefer
areas featuring cultural landmarks and natural elements, while spaces dominated by human activity
and transportation infrastructure are less favored. Key landscape elements, such as signage, thematic
sculptures, brand logos, and trees, were identified as highly preferred features within the park. While
EDA experiments revealed significant variations in physiological responses across different spatial
settings, no strong correlation was observed between EDA indicators and subjective questionnaire
scores. This integrative approach enables a comprehensive, objective assessment of landscape
perception, providing a data-driven, user-centered framework for improving landscape design in
cultural and creative industrial parks.

Keywords: cultural and creative industrial park; landscape; perception preference; user-generated
content; electrodermal activity

1. Introduction

The Budapest Declaration recognizes heritage conservation as a tool for sustainable
development in all societies through dialogue and mutual understanding [1]. Cultural
and creative industrial parks, serving as benchmarks for the conservation and repurposing
of historical industrial heritage, have emerged as vital components of modern urban
landscapes. These parks, often situated on sites undergoing urban industrial renewal and
de-industrialization, blend cultural preservation with economic innovation, significantly
influencing urban society and the promotion of sustainable development of cultural and
creative industries [2]. A key factor in their design is landscape preference, which reflects
the degree to which individuals favor particular landscape features. This concept is critical
in landscape planning, design, and management, as it elucidates the mechanisms of human-
environment interactions, thereby providing theoretical foundations and methodological
guidance for crafting more appealing and functional spaces [3].
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User-generated content (UGC), particularly image data, offers a rich repository of
information for landscape preference studies, surpassing traditional methods such as sur-
veys [4], photo-guided interviews [5], and expert assessments [6,7]. UGC captures intuitive
evaluations and preferences for landscapes, augmented by geospatial information that
highlights areas of heightened interest [4]. These data are collected in the natural envi-
ronment of users’ daily lives, providing time-sensitive and authentic insights that capture
social dynamics and popular trends [8]. Scholars have increasingly utilized UGC to assess
landscape preferences. Research indicates that image-photo data can effectively substitute
for real spatial scenes, offering timely and authentic insights into public preferences and so-
cial dynamics [9]. Scholars have leveraged UGC from platforms like Flickr to quantitatively
assess the aesthetic value of tourist destinations [10] and gauge visitation rates for national
protected areas [11]. Similarly, Facebook posts comprising text, images, and videos have
been employed to delineate the geospatial distribution of social movements [12].

Recent advancements in electrodermal activity (EDA) measurement techniques have
expanded their application across various disciplines, including psychology [13], medicine,
sociology [14], and neuroscience. These methods are now employed in studies exploring
the interaction between human senses and landscapes. Recent studies have demonstrated
the efficacy of physiological measurements in various contexts. For instance, Chen et al. [15]
utilized emotion map evaluations to measure environmental experiences in indoor and
outdoor spaces, identifying environmental factors that evoke positive or negative emotions.
Jukiewicz et al. [16] combined electrical and thermal skin measurements in a game format
to assess emotional responses to visual stimuli. Additionally, Luo et al. [17] employed
wearable sensors to track the physiological and emotional impacts of different residential
open spaces on older adults, linking outdoor features to emotional responses.

Building on these theoretical foundations, this study employs a deep learning model
derived from UGC image data alongside electrodermal activity experiments to explore
landscape perceptual preferences within cultural and creative parks. The innovation lies in
combining UGC-based landscape content recognition with real-world electrodermal activity
measurements in the same setting, offering an experience-centered evaluation of perceptual
preferences. This approach not only informs landscape optimization strategies for cultural
and creative industrial parks but also introduces a precise and forward-looking perspective
for sustainable urban landscape design, enhancing both the comfort and enjoyment of
urban environments.

The paper is structured as follows: Section 2 introduces the study area and de-
scribes the research methodology in detail. Section 3 presents the constructed DL model
and experimental results, which are analyzed separately from the evaluation question-
naire. Finally, in Section 4, the discussion focuses on the landscape elements and types
with the strongest and weakest perceived preferences, as well as expectations for the
future use of more useful and efficient methods or theories to study areas related to
sustainable development.

2. Materials and Methods

Recognizing the limitations of traditional research methods’ lack of generalizability
and objectivity, this study uses the UGC-based DL model to fuse physiological experiments
and combines them with the results of subjective questionnaires to further explore users’
landscape perception preferences. Therefore, this method is expected to provide more com-
prehensive and reliable results than traditional studies. In this section, the model prediction
data and experimental data generation process is detailed, including a description of the
material acquisition and research methodology steps taken in order to lay the foundation
for data analysis, as shown in the methodological flow chart (Figure 1).
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Figure 1. Framework.

2.1. Study Area

Guangzhou, characterized by a high resident population density of 2512 individuals
per km? within its administrative districts, presents an optimal setting for UGC data
analysis [18]. The city’s dense population contributes to the extensive generation of UGC
on social media platforms, encompassing a wide array of landscape and activity types,
thereby providing a substantial and diverse data source for this study.

The TIT Textile and Garment Cultural and Creative Industrial Park, situated in the
Haizhu District of Guangzhou, Guangdong Province, serves as the focal point of this
research (Figure 2). Spanning 75,000 m?, with a total building area of approximately
40,000 m?, the park is strategically positioned along the city’s new central axis and in
proximity to the Guangzhou TV Tower. Its predecessor is the Guangzhou Textile Machinery
Factory, which was established in 1956. It has developed into a vibrant cultural and
creative center, guided by the theory of sustainable development. This transformation
of abandoned industrial parks using the principles of sustainable development makes
a significant contribution to the economy, society, and culture of the city, positioning
the TIT Creative Park as an exemplary model for the conservation and utilization of
industrial legacies.
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Figure 2. Location of the study area.
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2.2. Deep Learning Model Construction
2.2.1. Data Sets: Collection, Pre-Processing, and Labeling

1.  Data Acquisition and Sample Size

To obtain the image data, prominent social network platforms such as Volkswagen
Dianping and Xiao Hongshu, supplemented by Sina Weibo, were selected as primary
sources due to their substantial influence and rich data offerings pertinent to studying
landscape perception preferences. Users frequently employ the keyword “TIT Creative
Park” when sharing content related to the park; hence, this keyword was utilized for UGC
data collection. Data posted by users from 1 July 2018 to 1 July 2023 were gathered to
mitigate the impact of external factors such as the COVID-19 pandemic. The dataset was
organized by posting date, landscape elements present in the images, and other relevant
parameters. Only content from public smartphone user accounts was included, with
stringent measures in place to protect user privacy and ensure anonymity, ensuring that the
data collected were used only for research. There is now research that confirms that people
tend to take photos of their preferred images [19,20]; indeed, some images may capture
elements they find unappealing or wish to critique. To address this, we employed both
manual and software-based filtering methods to remove images associated with negative
user experiences. Following these criteria, a comprehensive image database comprising
4942 UGC photos was assembled, with all images uniformly saved in formats such as jpg,
img, or png and restricted to sizes not exceeding 4 MB.

2. Data Preprocessing

The UGC image dataset underwent a rigorous preprocessing phase. Initially, images
that were blurry, poorly lit, or irrelevant—such as those depicting portraits, food, or
advertisements—were excluded to maintain data quality and relevance. Duplicate images
from the same user were also removed. From the refined dataset, a random selection of
2942 UGC images, representing 60% of the total dataset, was made for constructing the
Easy DL model.

3. Landscape Element Labeling

For landscape element extraction, the study employed Clarifai Computer Vision Al, a
machine learning algorithm designed for image analysis. Utilizing the platform’s “Image
Recognition” function, landscape elements within the UGC images were identified and
assigned reliability scores. Only tags with reliability scores of 0.6 or higher were retained,
ensuring high confidence in the accuracy of identified elements. Manual processing was

s

then conducted to filter out infrequent or irrelevant labels (e.g., “old”, “shopping”, “storm”,
“toy”) and to consolidate tags with similar meanings (e.g., “road”, “street”, “pavement”)
into unified categories (e.g., “nature”, “leaf”, “environment”). This process ultimately
yielded 20 principal landscape element tags. The final step involved categorizing these
20 landscape element labels into six overarching categories based on content attributes:
architectural landscapes, natural landscapes, humanistic landscapes, landscape facilities,
road traffic, and people (Table S1). This structured categorization facilitated a comprehen-
sive analysis of the landscape elements within the UGC dataset, thereby supporting the

development of the DL model.

2.2.2. Training and Evaluation

Baidu PaddlePaddle Easy DL is a deep learning-based Al model development plat-
form that offers two automated modeling approaches: Auto Model Search, which utilizes
transfer learning, and Auto DL, which employs a neural architecture search to automat-
ically generate deep learning network structures. This study used the Auto DL method,
constructing neural networks from scratch with reinforcement learning to automate the
architecture design [21].

The model training process began with simple random sampling from the UGC photo
dataset, comprising 60% of the total sample, amounting to 2942 images. Specific landscape
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element labels were assigned to each photo through a combination of manual and intelligent
labeling methods, ensuring each label appeared at least 40 times within the training set to
maintain sufficient representation. The labeled UGC dataset was then divided into training,
validation, and test sets in a 6:2:2 ratio. This distribution was designed to validate and
evaluate the model thoroughly at each stage, enhancing its generalization capability on
diverse location data. Utilizing this platform, the model for UGC image content recognition
based on landscape element labeling was successfully trained through supervised learning.

The performance of the trained Easy DL model was assessed using standard machine
learning evaluation metrics. The test set provided a quantitative measure of the model’s
performance, reflecting its ability to generalize and predict unseen data accurately [22].
The training, validation, and test sets contained 2026, 440, and 440 images, respectively,
encompassing 20 landscape element labels. The model achieved an average precision (AP)
of 87.24%. At a confidence threshold of 0.5, the precision (P) was 86.8%, and the recall
(R) was 81.0%, resulting in an F1 score of 0.84 (Table S2). The total training duration was
286 min. Among the 20 labels, elements such as Canton Tower, transportation, people, sky,
and seats demonstrated the highest recognition rates (AP > 95%), whereas vertical greenery
and steps exhibited lower recognition performance (AP < 65%). These discrepancies in
recognition effectiveness can be attributed to factors such as small sample sizes for certain
labels, poor image clarity, and the high similarity among certain labels, which contributed
to recognition challenges. Overall, the model displayed a high accuracy level, satisfying
this study’s comprehensive requirements for batch predictive recognition of UGC images.
The robust performance and adaptability of the model suggest considerable potential
for future applications, particularly in the realm of landscape content recognition from
image data.

2.2.3. Deployment and Analysis

The EasyEdge platform of Easy DL offers diverse deployment options, including
public cloud deployment, private server deployment, Universal Device-side SDK, and
integrated hardware-software solutions. For this study, the public cloud deployment option
was selected, utilizing Baidu'’s servers to host the customized image content recognition
models. The local web address was accessed via the APl interface provided by the server,
enabling the batch processing of 2000 UGC images retained in the database.

The Easy DL model was employed to perform batch recognition on UGC photos,
yielding recognition results for image contents. These results facilitated a detailed in-
vestigation into the characteristics of landscape types within TIT Creative Park and the
public’s preferences through statistical analysis, classification, and summarization tech-
niques. The model was used to predict the landscape elements in the 2000 UGC images,
returning multiple landscape element labels and the corresponding confidence scores for
each prediction. Based on these results, the landscape composition of TIT Creative Park
was analyzed to further elucidate public preferences for various landscape elements and
types. This deployment approach not only supports efficient large-scale image content
analysis but also enhances the understanding of landscape perception and preference,
contributing valuable insights for optimizing the landscape design of cultural and creative
industrial parks.

2.3. Experiment
2.3.1. Experimental Design

Existing research indicates that landscape preference assessments using student popu-
lations as study samples yield results highly comparable to those obtained from the general
public [23]. Additionally, individuals aged 18 to 28 are the predominant users of social me-
dia networks and represent the primary audience for creative parks. Thus, this experiment
targeted young students within this age group to ensure that the study accurately reflects
their landscape preferences and facilitates efficient data acquisition.
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To enhance the accuracy and representativeness of the physiological data collected,
a total of 36 young students (aged 18 to 26) were recruited as participants for an outdoor
experiment conducted in Guangzhou. The experiment utilized the ErgoLAB smart wearable
finger sensor, a physiological monitoring device designed for finger placement, where a
higher density of sweat glands enhances sensitivity to electrodermal signals. This device
supports the stable and precise collection of various physiological indicators, even under
physical activity conditions. The measurement range and accuracy of the Skin Conductance
Response (SCR) monitor are detailed in Table S3.

To ensure the reliability of the collected data, participants were instructed to refrain
from consuming food, medications, or beverages containing caffeine or other stimulants
for at least 8 h before the experiment. Conducted in late June 2023, the experimental
procedure required participants to engage with each of six distinct landscape spaces (as
outlined in Table S4) for 6 min per space, with the entire experiment lasting 45 min per
participant. Electrodermal activity data, alongside questionnaire responses reflecting
participants” environmental experiences in these specific landscape spaces, were gathered.
After excluding four datasets due to anomalies, a total of 32 complete datasets were retained
for analysis.

The questionnaire sample predominantly consisted of participants aged 21-23 years
(59.37%), followed by those aged 18-20 years (21.88%). A majority of the participants
were female (68.75%), and most held a master’s degree (71.88%) (Table S5). On average,
participants completed the survey in approximately 5 min.

2.3.2. Physiological Measurement

The ErgoLAB cloud platform was employed to monitor the physiological signals of
participants during their interactions with the landscape environments, extracting key
physiological feature indicators to characterize their emotional perception states. EDA is
widely recognized as one of the most sensitive indicators of emotional feedback, originating
from the involuntary activation of sweat glands in the skin. EDA is closely associated
with mood, arousal, and attention, making it the most prevalent measure in physiological
response studies [24,25]. SCR specifically reflects physiological and psychological activation
induced by external stimuli [26], serving as an indicator of short-term brain processes and
as a localized marker of emotional arousal in response to novel or anisotropic events.

This analysis utilized several key metrics of electrodermal activity to assess physiologi-
cal activation levels during landscape experiences, including mean SCR values, the number
of SCRs, SCR amplitude, skin conductance level (SCL), and skin conductance rate (Rsc).
These metrics were used to evaluate the physiological responses of participants to different
landscape elements, and when combined with subjective questionnaire data, they provided
a comprehensive analysis of perceptual preferences across various landscape spaces.

To account for individual differences in physiological signaling, Rsc was employed
as a standardized indicator of skin conductance. Mean skin conductance was recorded in
response to various visual stimuli (Asc) across different landscape spaces, as well as mean
skin conductance in a sedated state (Aclam). These indices were then utilized to calculate
Rsc using the formula shown below:

_ Asc— Aclam

Rsc Aclam

(1)
2.4. Questionnaire
2.4.1. Questionnaire Design

The questionnaire employed in this study comprised two sections: the first gathered
personal information from the participants, while the second evaluated their experiences
in the designated spaces, covering a total of 27 questions. To assess perceived prefer-
ences for landscape elements, a 5-point Likert scale was utilized, with participants rating
their preferences on a scale ranging from “dislike very much” to “like very much”, cor-
responding to integer values from 1 to 5 [27]. This subjective evaluation framework
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provided a structured method for quantifying perceived preferences across a range of
landscape elements.

2.4.2. Reliability Testing

A total of 32 questionnaires were distributed, and all were recovered, achieving a
100% response rate with 32 valid questionnaires. The reliability of the questionnaire
content was assessed using Statistical Products and Services Solution (SPSS) version 25.0.
The Cronbach’s alpha coefficient was calculated at 0.834, exceeding the threshold of 0.8,
indicating a high level of internal consistency and reliability for the questionnaire used in
this study. This strong reliability underscores the robustness of the subjective data collected
for analyzing perceived landscape preferences.

3. Results and Discussion
3.1. Landscape Characterization of UGC Image Data

By filtering confidence scores and retaining between 1 and 10 landscape element labels
per image, a total of 15,620 labeled data points were obtained, averaging approximately
7.81 labels per image. The perceptual recognition frequencies of the 20 landscape elements
were then calculated by determining the proportion of each element within the overall
dataset (Figure 3).

Landscape types
. Landscape Facilities

| Perception analysis of landscape types

Architectural Landscapes
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Figure 3. Perceived recognition frequency of each landscape element.

Analysis of the recognition frequency revealed that “signs and signage” had the high-
est frequency (1594 occurrences), indicating that it is the most prominent landscape element
perceived within TIT Creative Park, reflecting a strong preference among visitors. This
high recognition can be attributed to the presence of numerous notable enterprises in the
park, where signs and signage play a crucial role in brand promotion and identity creation,
serving as visually appealing symbols that attract visitors for photography and exploration.
Similarly, the landscape element “themed sculptures” exhibited a high perception frequency
(1501 occurrences). Themed sculptures, often featuring engaging cartoon imagery, enhance
brand tangibility and foster emotional connections, thereby encouraging visitors to engage
more deeply with the brand’s offerings.

Using the visualization binning function of SPSS 25.0, the perceptual intensity of
each landscape element was categorized into statistical grades of strong, average, and
weak perception using equal spacing classification (Table S6). The analysis identified
that elements such as logos and signage (10.20%), themed sculptures (9.61%), branding
logos (9.08%), trees (8.80%), sidewalks (7.78%), and shrubs (6.82%) exhibited stronger
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perceptual intensity, collectively accounting for 65.50% of all landscape labeling data. In
contrast, elements like historical buildings (3.03%), graffiti (2.02%), Canton Tower (1.95%),
grass (1.09%), vertical greening (0.99%), steps (0.77%), and flowers (0.56%) had weaker
perceived intensities, each below 3.32%. Field observations suggested that while TIT
Creative Park has been re-planned and maintained with a foundation in the 1990s textile
industry, the integration and visibility of historical structures, such as old factories and
red-brick buildings, remain suboptimal. Many historical buildings are overshadowed by
newer, modern constructions, diminishing their prominence to visitors.

At the landscape-type level, the perceived intensity ranked from strongest to weakest
as follows: humanistic landscape (25.00%), natural landscape (24.23%), architectural land-
scape (16.82%), landscape facilities (14.67%), road transportation facilities (12.55%), and
people (6.74%) (Table S7). These findings align with the environmental characteristics of
TIT Creative Campus, reflecting compatibility with the qualities of similar landscape types
(Figure 4).

Road Traffic Facilities

12.55%
25.00%

20.00%
Natural Scenery Architectural Landscapes
24.93% 15.00% 16.82%

People
6.74%

Landscape Facilities
14.67%

Place of Cultural Interest
25.00%

Figure 4. Landscape type perception analysis.

3.2. Skin Conductance Response

The preprocessing of experimental data was conducted using the ErgoLAB platform,
involving signal noise reduction, data filtering, and segmentation to enhance the quality
of physiological signals and ensure precise analysis. An independent sample t-test was
performed on the indices, revealing statistically significant differences across all mean val-
ues (p < 0.05). The physiological signals of subjects varied significantly when experiencing
different spaces, suggesting that changes in landscape types and elements can substantially
influence psychological and emotional states.

As detailed in Table S8, Space 6 exhibited the highest mean Rsc at 0.586, whereas
Space 1 recorded the lowest mean Rsc at 0.322. Space 5 demonstrated the largest SCR
amplitude (0.304), while Space 3 had the smallest amplitude (0.282). The highest rate of
change of skin electricity was observed in Space 1 (0.371), with the lowest in Space 5 (0.291).
Overall, subjects exhibited the most soothing and relaxing emotional responses in Space
5, characterized by lower physiological arousal, while Space 1 elicited more stimulating
emotional responses, indicated by higher physiological activation.

Figure 5 illustrates the median SCL across the six landscape spaces, ranging approx-
imately from 4 to 6 uS, with Space 6 showing the highest SCL value (7.31) and Space 1
the lowest (6.05). The median frequency of skin conductance responses across the spaces
ranged from 9 to 11 times per minute, with minimal variation between spaces. Space 5
displayed a more centralized distribution of SCRs, with a median of 9.42 and a mean of 8.53,
whereas Space 6 had the highest number of SCRs at 10.24. Additionally, the median SCR
amplitude ranged from 0.15 to 0.25, with Space 1 showing a wider distribution of values
and Space 4 displaying a more centralized distribution. Space 5 exhibited the largest SCR
amplitude (0.25), while Space 6 recorded the smallest amplitude (0.23). These results under-
score the nuanced emotional and physiological responses elicited by different landscape
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spaces, highlighting the significant impact of landscape elements on individual well-being
and emotional states.

A B C

sCL

SCR amplitude

L W 9

P VPV

Figure 5. (A) Skin conductance levels (uS), (B) number of skin conductance responses (n/mins), and
(C) amplitude of skin conductance response (uS).

3.3. Evaluation Questionnaire

As illustrated in Figure 6, the combined evaluations of the experiential spaces revealed
that, excluding outliers, Space 6 (mean rating: 3.69) and Space 2 (mean rating: 3.47) received
the highest ratings. Spaces 1 (2.91), 4 (3.16), and 6 (3.06) displayed a more concentrated
range of ratings, with medians closely aligning with their respective means. Space 3
received the lowest overall rating (2.41). The questionnaire results indicate that Space 5
was the most favored of the six experiential spaces, followed in descending order by Spaces
2,4, 6, and 1. Space 3 was the least preferred among the participants. These findings
provide valuable insights into the subjective preferences of young users regarding various
landscape spaces, highlighting the differential appeal of specific environments within
the study.

54
® OQutliers
4.5
354
o
2

& s <
P & & &

IS

w
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Figure 6. Spatial preference scores for each landscape.

3.4. Comparison of DL Model Predictions and Questionnaire Scores

Comparative analysis of normalized data from the DL model and questionnaire
scores (Table S9) revealed both differences and consistencies across landscape types. A
notable divergence was observed between architectural and humanistic landscapes: the
DL model indicated the highest perceived preference intensity for humanistic landscapes,
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whereas the questionnaire responses favored architectural landscapes. This discrepancy
may be attributed to the differing criteria between the DL model’s automated recognition
process and human subjective evaluation. Consistencies were found in the other four
landscape types, particularly in the “People” category, where both the normalized values
of the DL model and the questionnaire scores were zero. Furthermore, the values for
road transportation facilities, landscape facilities, and natural landscapes were relatively
similar, suggesting a high degree of agreement between the DL model predictions and
questionnaire evaluations.

Pearson correlation analysis (Table S10) revealed a moderate positive correlation
between the number of SCRs and questionnaire scores, indicating that SCR intensity and
amplitude increased in landscapes with higher subjective preference ratings. Conversely,
a weak negative correlation was found between the number of SCRs per minute and
questionnaire scores, suggesting a slight reduction in SCR frequency in spaces with higher
perceived preference. Additionally, weak positive correlations were observed between SCL,
Rsc, and questionnaire scores, implying that SCL and Rsc values tended to increase slightly
in less preferred landscape spaces. Overall, the correlations between various electrodermal
indicators and questionnaire scores were weak, with most results not reaching statistical
significance. This finding suggests that the associations between physiological responses
and subjective preferences in different landscape spaces are complex and may be influenced
by additional factors, highlighting the multifaceted nature of landscape perception.

3.5. Assessment of Landscape Preferences Using UGC and EDA Data

The aim of this study was to develop a landscape content recognition model based on
UGC image data combined with galvanic skin response experiments to assess landscape
preference perception among visitors to cultural and creative industrial parks. The findings
partially validate the proposed hypotheses and yield additional insights.

The analysis of TIT Creative Park and the behavior of users posting UGC images
indicate that the park’s nature as an incubator for innovative and creative industries
supports a landscape rich in brand elements, such as logos and IP imagery, which are
prominently displayed to promote brand identity. Visitors to TIT Creative Park frequently
photograph and share images of humanistic landscapes, including themed sculptures and
brand logos, which are visually engaging and artistic, underscoring the creative park’s
character and diversity. Notably, signs and directional signage exhibited the highest
perceived intensity (10.20%) among landscape elements, not only serving navigational
purposes but also contributing to the park’s distinctive atmosphere, thereby enhancing
the user experience. The design language of these elements captures attention and con-
veys the unique charm of the park. Furthermore, natural landscapes showed high per-
ceived intensity (24.23%) in the model, aligning with TIT Creative Park’s eco-friendly
ethos. The integration of trees and shrubs not only improves air quality but also fosters a
healthy and inviting environment for work and leisure, reflecting visitors’ preference for
natural settings.

Conversely, landscape types such as road transportation facilities (12.55%) and people
(6.74%) exhibited lower perceived preference intensities. This may be attributed to poorly
designed sidewalks and parking areas, which can cause negative emotions due to the dis-
ruption from vehicular traffic, as supported by prior research [28]. Additionally, elements
such as vertical greening, steps, and flowers were rated low in perceived intensity, likely
due to inadequate maintenance, which diminishes their aesthetic appeal and potential for
engagement [29]. Historical buildings also registered weak perceived intensity (3.03%),
possibly because of insufficient maintenance and utilization, with a focus on modern and
business-oriented elements overshadowing the appeal of traditional architecture.

According to the DL model results, humanistic and natural landscapes emerged as
the most preferred landscape types, while road transportation facilities and people were
less favored. Among the 20 landscape elements, signs and signage, themed sculptures,
brand logos, and trees ranked highest in preference, whereas grass, vertical greening, steps,
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and flowers ranked lowest. Comparisons between the model outcomes and questionnaire
scores revealed substantial consistency, suggesting that natural and humanistic landscapes
elicit positive emotions and affective responses, corroborating findings by Koivisto and
Grassini [30] and Cassatella et al. [31].

However, contrary to expectations, no significant correlation was observed between
EDA metrics and subjective preference scores. Although significant variability was noted
in skin conductance data across the six different landscape spaces, the correlations between
these physiological metrics and subjective questionnaire scores were generally weak or
moderate, indicating the complexity of the relationship between physiological responses
and subjective preferences in landscape spaces. This relationship may be influenced by
other factors such as auditory, visual, or olfactory stimuli [32-34]. Notably, five elec-
trodermal indicators from Space 5 ranked highest, suggesting that EDA measurements
can partially reflect positive emotional responses to certain landscape spaces. However,
for landscape spaces eliciting negative responses, the relationship between physiological
responses and subjective evaluations remains difficult to elucidate.

4. Conclusions

This study proposed a landscape content recognition model integrating UGC with
galvanic skin response experiments to assess landscape preference perceptions among
visitors to cultural and creative industrial parks. The findings demonstrated partial val-
idation of the proposed hypotheses, highlighting significant insights into how specific
landscape elements influence user experiences. The analysis revealed that TIT Creative
Park’s emphasis on brand elements, such as logos, themed sculptures, and signage, aligns
with the park’s function as a hub for creative industries, where humanistic and visually
engaging features are highly favored by visitors. The study identified that humanistic
and natural landscapes evoke the highest perceived preference, reflecting the park’s focus
on aesthetics and eco-friendly initiatives. In contrast, elements like road transportation
facilities and people showed lower preference levels, likely due to design inefficiencies and
disruptions from vehicular traffic.

The study found a high level of consistency between the objective outputs of the deep
learning model and the subjective questionnaire scores, indicating that humanistic and
natural landscapes consistently elicit positive emotional responses. However, no significant
correlation was detected between EDA metrics and subjective preference scores, suggesting
a complex relationship between physiological responses and perceived preferences, possi-
bly influenced by additional environmental factors such as sound, light, or smell. Therefore,
these influencing factors should be further explored when promoting the optimal design of
the park to ensure that the aesthetic value and the need for sustainable development are
simultaneously met in the landscape design process.

This study has several limitations that warrant consideration. The UGC data sourced
from social media reflects the behaviors and perspectives of specific social groups, particu-
larly those that are more active online and younger demographics. Individual differences,
including gender, place of origin, and social power dynamics, may significantly influence
landscape preferences, potentially skewing the results. Future research should explore
methodologies that incorporate the social and demographic characteristics of social media
users to better understand these influences.

Furthermore, the outdoor electrodermal activity experiments did not fully account for
external environmental variables such as noise and light, which may have impacted the
physiological responses of participants. Future studies should incorporate more diverse
measurement methods, such as with the help of Al [35], virtual reality technology [36,37],
and EEG [38] or expand the sample size and prolong the experimental time to minimize
the interference of external factors [39-42]. This approach would aim to elucidate the
underlying correlation mechanisms more accurately, thereby enhancing the validity and
applicability of the findings in broader contexts.
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