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Abstract

Natural landscapes are crucial resources for enhancing visitor experiences in eco-
tourism destinations. Previous research indicates that high temperatures may impact
tourists’ perception of landscapes and emotions. Still, the potential value of natural
landscape perception in regulating tourists’ emotions under high-temperature con-
ditions remains unclear. In this study, we employed machine learning models such

as LSTM-CNN, Hrnet, and XGBoost, combined with hotspot analysis and SHAP
methods, to compare and reveal the potential impacts of natural landscape elements
on tourists’ emotions under different temperature conditions. The results indicate: (1)
Emotion prediction and spatial analysis reveal a significant increase in the proportion
of negative emotions under high-temperature conditions, reaching 30.1%, with nega-
tive emotion hotspots concentrated in the downtown area, whereas, under non-high
temperature conditions, negative emotions accounted for 14.1%, with a more uniform
spatial distribution. (2) Under non-high temperature conditions, the four most influen-
tial factors on tourists’ emotions were Color complexity (0.73), Visual entropy (0.71),
Greenness (0.68), and Aquatic rate (0.6). In contrast, under high-temperature con-
ditions, the most influential factors were Greenness (0.6), Openness (0.56), Visual
entropy (0.55), and Color complexity (0.55). (3) Compared to non-high temperature
conditions, high temperatures enhanced the positive effects of environmental per-
ception on emotions, with Greenness (0.94), Color complexity (0.84), and Enclo-
sure (0.71) showing stable positive impacts. Additionally, aquatic elements under
high-temperature conditions had a significant emotional regulation effect (contribution
of 1.05), effectively improving the overall visitor experience. This study provides a
data foundation for optimizing natural landscapes in ecotourism destinations, inte-
grating the advantages of various machine learning methods, and proposing a frame-
work for data collection, comparison, and evaluation of natural landscape perception
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under different temperature conditions. It thoroughly explores the potential of natural
landscapes to enhance visitor experiences under various temperature conditions and
provides sustainable planning recommendations for the sustainable conservation of
natural ecosystems and ecotourism.

1. Introduction

With the continuous advancement of global urbanization, natural experiences and
ecotourism are playing an increasingly significant role in promoting human health
and well-being [1]. Ecotourism not only adds value to the daily lives of residents

and tourists but also brings sustainable economic benefits [2]. It has a positive and
significant long-term impact on national green economic growth, creating a virtuous
cycle from the enhancement of natural ecological value to tourism economic develop-
ment and ultimately to improving human well-being. However, in recent years, due to
global climate warming, many regions worldwide, especially in Europe, Australia, and
large parts of Asia, have experienced frequent and intense extreme high-temperature
events [3]. These unstable high-temperature events have led to environmental
degradation, increased health risks, and reduced human well-being [4], significantly
impacting tourists’ landscape perception and emotional experiences in ecotourism.
Emotional changes caused by high temperatures, environmental, or individual factors
during tourism activities directly affect tourists’ motivations, satisfaction, and behav-
ioral intentions [5]. This can hinder the sustainable growth of green tourism econo-
mies and improve quality of life. In the context of sustainable planning for ecotourism,
exploring how high temperatures and temperature changes affect tourists’ landscape
perception and emotions helps planners and practitioners understand tourists’
preferences for landscape perception and emotional characteristics under different
temperature conditions. This knowledge can be used to develop adaptive ecotourism
strategies and differentiated natural landscape protection plans. Such efforts are cru-
cial for the sustainable planning of global natural resources and ecotourism develop-
ment. Additionally, they contribute to achieving the UNWTQ’s goals for sustainable
tourism and “sustainable consumption and production,” as well as the United Nations’
goal of ensuring healthy lifestyles and promoting well-being for all ages|[6].

As global temperatures approach an increase of 3°C, scholars have increasingly
begun to explore the far-reaching impacts of climate change and mitigation measures
on human well-being [7,8]. They have focused mainly on the negative effects of high
temperatures, such as the impact on infectious disease prevalence [9], the influence
on cardiovascular diseases [10], emotional deterioration [11], and the psychologi-
cal health issues caused by high temperatures [12]. In the fields of landscape and
ecology, most studies have focused on the macro-level impacts of climate change
and high temperatures, such as landscape sensitivity [13], landscape ecological risk
prediction [14], landscape structural changes [15], ecosystem services [16] and the
interaction perspective of thermal radiation, human, activity, and space [17]. Although
numerous studies have demonstrated that temperature and environment affect
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human activities, emotions, perception, and thermal comfort in outdoor spaces [18—20] and influence tourists’ behavioral
intentions and aesthetic experiences in ecotourism [21], the mechanisms underlying how temperature changes affect
tourists’ micro-level visual preferences and emotional landscape perception remain unclear. Specifically, gaps exist in
understanding tourists’ landscape perception differences and emotional fluctuations under varying temperature conditions.
Furthermore, most existing studies pay little attention to the interactions between tourists’ emotional perceptions and nat-
ural landscapes under high temperatures and the nonlinear associations of these interactions under different temperature
conditions.

In recent years, a large number of researchers studying ecotourism and tourists’ natural landscape perception have
employed traditional methods such as surveys [22,23], interviews [24], and case studies [25] to explore the impact of
natural landscapes from different perspectives. However, there is a lack of an efficient framework for obtaining data on
landscape perception, and the disorderliness, diversity, and randomness of recreational behavior in ecotourism make
data collection challenging. Consequently, using surveys, psychological experiments, and other subjective emotional
analysis approaches to analyze large-scale, multi-objective targets is challenging. Most research has focused on the
impact of natural landscape perception on tourists’ physical and mental health [26,27], including aesthetic preferences for
micro-landscape features [28], perception effects of blue-green spaces [29], the impact of natural landscapes on tourists’
emotions [30], Influence of open space morphology and tree canopy on comfort levels [31] and tourists’ satisfaction with
natural landscape functions [32]. These studies further confirm the importance of natural landscapes in promoting physical
and mental health and well-being, revealing the positive benefits of natural landscapes and providing theoretical sup-
port for ecotourism planning practices. While most studies have explored the positive effects of natural landscapes from
a macro perspective in the context of ecotourism, few have investigated the contribution of specific landscape features
to positive and negative emotional changes. Moreover, seasonal and climatic changes significantly affect the state and
perception of natural landscapes [33]. However, few studies have examined the impact of natural landscapes on tourists’
emotions under different weather and temporal conditions.

The development of machine learning methods and social media platforms has opened new avenues for research
into ecotourism and tourists’ emotional perception of landscapes, significantly enhancing data acquisition efficiency and
complex indicator analysis. Building on this, numerous studies have utilized machine learning techniques combined with
user-generated content (UGC) to analyze the coupling relationship between natural landscape perception and human
emotions in various contexts, employing models such as Deepsentibank [34], ResNet [35], Inception-v3 [36], XGBoost
[37], and Word2vec [38]. However, prior research often analyzes geotagged UGC text data parallel to macro-level remote
sensing big data. Due to the diverse and unstable nature of emotional components in UGC text information [39], this
approach may lead to mismatches between actual landscape data and emotion data quantified from text. Moreover,
standardized evaluation systems for utilizing big data are still underdeveloped; macro data such as land use distribution,
natural vegetation status, and other remote sensing images are often limited by a lack of detailed information [40]. This
limitation is especially pronounced in ecotourism activities that focus on natural landscape perception, where the absence
of visual perception data often makes it challenging to quantify micro-level indicators. Owing to data constraints, most
studies employ broad-scale remote sensing or landscape big data to quantify the overall impact of the environment on
residents’ emotions, potentially overlooking the collinearity and interdependencies among various indicators. Regarding
research subjects, current studies predominantly focus on urban tourism and the emotional perception of built environ-
ments [41-43], with less attention paid to the mechanisms of natural landscape perception benefits under climate change.
Additionally, the “black box” effect during the training process of machine learning methods [44] limits the interpretability
of these models. Therefore, an urgent need is to develop an evaluation framework that can accurately assess and com-
pare natural landscape perceptions under different climatic conditions. This would enable designers and managers to
utilize landscape big data better, thereby enhancing the efficiency of natural ecological resource conservation and use and
improving the practicability of current experimental methods and results.
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The development of ecotourism and sustainable conservation of natural landscapes is of significant importance to
advancing the United Nations Sustainable Development Goals (SDGs) [45]. Mount Wuyi is one of China’s premier
national scenic spots, boasting rich and representative natural ecological resources. In December 1999, Mount Wuyi was
inscribed on the UNESCO World Heritage List (No. 911) as a site of cultural and natural significance, meeting the World
Heritage selection criteria (lll, VI, VII, and X). Since then, it has become one of China’s four cultural and natural heritage
sites, exemplifying generations of harmonious coexistence between humans and nature [46]. Under this heritage influ-
ence, tourism dominates the economic system of Wuyishan City, with its development of ecotourism, natural resource
exploitation, and recreational use being highly representative. From 2019 to 2023, the average annual number of tourists
to Mount Wuyi National Park alone was 12.32 million (data from the Statistical Yearbook of Wuyishan City, Fujian Prov-
ince) [47]. Wuyishan City and its province, Fujian, are significantly affected by extreme high-temperature weather, includ-
ing large-scale persistent heat anomalies. For instance, the highest temperature on July 24, 2022, reached 41.9°C, setting
a record since 1961 [48]. Climate change and the increasing frequency of extreme high-temperature events challenge
ecotourism development in Wuyishan City. Therefore, in-depth research into the rich natural landscapes of Wuyishan City
and the exploration of their utilizable value are of great significance for the development of natural ecological resources
worldwide. However, existing research focusing on the natural landscapes of Mount Wuyi mainly centers on case studies
of representative sites like Mount Wuyi National Park [49-51]. With the gradual development of ecotourism and natural
landscape recreational resources in Wuyishan City, current research should not be confined to single case studies cen-
tered on national parks. Instead, it should broaden its perspective to construct an evaluation framework for the overall
perception of the natural landscape of Wuyishan City. Additionally, in line with China’s “14th Five-Year Plan” for tourism
development—which emphasizes a shift from low-level to high-quality and diversified consumer demand—it is essential to
reasonably advance the development of green ecotourism.

Based on this, our experiment focuses on points of interest (POI) in the natural landscapes of Wuyishan City, China,
as the research subjects. By comparing the differences in tourists’ landscape and emotional perceptions under high-
temperature versus non-high-temperature conditions, we aim to address two significant research gaps. First, current studies
fail to examine how high-temperature conditions influence tourists’ perceptions of natural landscapes, lacking systematic
analyses of the variations in landscape benefits under different temperature scenarios, particularly concerning the intricate
effects of specific landscape configurations on human emotions. Second, due to limitations in current data processing meth-
ods and quantification frameworks, existing research on evaluating natural landscape perceptions lacks an efficient, precise,
and highly applicable assessment model. Building on this, we further propose the objectives of this study: (1) To fully lever-
age social media platforms and user-generated content, including official daily climate data from China Meteorological Data
Service Center (CMA), while combining the unique advantages of various machine learning models and geographic analysis
techniques to explore how high-temperature conditions affect tourists’ landscape perceptions and emotions. (2) To investi-
gate the complex nonlinear relationships and interactions between natural landscape perception and tourists’ emotions using
a framework that integrates multiple disciplinary methods, including various machine learning approaches, thereby providing
a data foundation for related research on natural landscape perception and the emotional benefits of tourists’ experiences
with landscapes. (3) Based on the experimental results, to propose sustainable planning and design recommendations for
the natural landscape resources of Wuyishan City, China, and to offer valuable insights for the sustainable development of
green ecotourism worldwide through differentiated ecotourism and natural landscape resource planning methods.

2. Data and methodology
2.1. Study area

Wuyishan City spans a total area of 2,813.91 square kilometers and is situated near the Tropic of Cancer (longitude
117°37' to 118°19" E, latitude 27°27' to 28°05' N). The city is positioned in a subtropical region known for a typical
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subtropical monsoon climate with notable regional climatic variations. The annual average temperature is 18.3 °C, rela-
tive humidity fluctuates between 78% and 84%, and annual precipitation totals 1,888.1 mm, mostly occurring from April to
June. The average annual sunshine duration reaches approximately 1,910.2 hours. [52,53]. These climatic characteristics
make Wuyishan City an ideal case for comparing natural landscape perceptions under high-temperature conditions. The
consistently stable climate provides a rich data foundation for comparative studies under different temperature conditions,
aiding in understanding tourists’ perceptual and emotional changes under high temperatures and assisting planners in
designing adaptive tourism experiences. The study area is shown in Fig 1, where we identified 80 tourist POl with signifi-
cant visitor activity from social media platforms and mapped their distribution.

2.2. Technical route

To illustrate the complex relationships among the relevant feasibilities and to present a comprehensive framework for

this study, the technical route employed in the experiment is presented in Fig 2. Additionally, to effectively compare the
potential impacts of climate change under high-temperature versus non-high-temperature conditions on tourists’ expe-
riences of natural landscapes, relevant user-generated content (UGC) comprising both images and texts was collected
from social media platforms. We integrated the unique advantages of various machine learning methods and proposed an
emotion analysis framework centered around the Long Short-Term Memory-Convolutional Neural Network (LSTM-CNN)
model. The LSTM network’s long-term memory capabilities and the CNN’s local feature extraction abilities were utilized

to process text data, enhancing model performance through their combined strengths. High-Resolution Net (Hrnet) and
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Fig 1. Study area Note: Based on the standard map production of the National Natural Resources Department’s Standard Map Service web-
site GS(2019) 1822, the base map boundaries have not been modified. (http:/bzdt.ch.mnr.gov.cn/download.html?searchText=GS(2019)1822).
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MATLAB ensured the quality of detail processing in landscape image quantification through high-resolution and compat-
ible processing methods. Additionally, ArcMap 10.8 software ensured the visibility and readability of the results, with its
spatial autocorrelation analysis and hotspot analysis verifying the relationships between different variables and spatial
autocorrelation. Finally, we used Extreme Gradient Boosting (XGBoost) and SHapley Additive exPlanation (SHAP) to
analyze the reasons behind differences in tourists’ perceptions under different temperature conditions and to explain the
contribution and interactions of other variables to the model. The experimental process, shown in Fig 2, is divided into
three steps: data collection, indicator computation, and data analysis.

(1) Data collection: Social media data were obtained from Weibo (https://weibo.com/) and Ctrip (https://you.ctrip.com/).
We input relevant keywords related to eco-tourism in Wuyishan City using web crawling techniques while retrieving
information. We removed advertisements, newspaper promotions, invalid image links, and non-landscape or invalid
photo data. Ultimately, we organized 57,281 relevant UGC entries containing natural landscape photos and text com-
ments about eco-tourism. We identified 80 eco-tourism POls with significant tourist activity using geographic informa-
tion software. All data were collected within the past five years (July 2019 to July 2024).

(2) Indicator computation: After pre-training, the LSTM-CNN model was used for sentiment analysis of UGC texts. Hrnet
and MATLAB were employed to extract visual quality indicators and landscape perception indicators from images.
Spatial autocorrelation validation and hotspot analysis were performed using ArcMap software for result visualization.

(3) Data analysis: We used the organized dataset for XGBoost modeling and SHAP analysis, calculating the mar-
ginal effect values and contributions of different natural landscape variables on tourists’ emotions. We employed
SHAP feature importance analysis, SHAP partial dependence plots, SHAP waterfall plots, and SHAP force plots in
the experiment. We compared different natural landscape perception indicators under non-high-temperature and
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high-temperature conditions, including differences in tourists’ landscape perception emotions and the nonlinear associ-
ations of different indicators with emotional perception.

2.3. Selection of variables

Tourists’ satisfaction with the environment is closely related to their experience of natural eco-tourism, and approxi-
mately 76% of people’s environmental satisfaction is associated with visual elements [54]. Therefore, constructing a
research framework that evaluates landscape quality while considering aesthetic preferences is significant for managing
natural landscape resources [55]. To ensure the objectivity of experimental indicator selection and facilitate better dis-
cussion of our results with peer research, we reviewed and organized significant publications related to this topic from
2014 to 2024. We screened quantitative indicators of natural landscape emotion perception used in these publications
and supplemented them based on the innovative aspects of our experiment. Combining insights from previous studies
on natural landscape preferences [56] and preliminary analysis of natural landscape photos before the experiment, we
categorized natural landscape element indicators into three main groups: natural elements, artificial features, and visual
characteristics.

Understanding the diverse values and perceptions associated with elements of natural landscapes is essential, as a
reciprocal relationship exists between people and landscapes; how landscapes shape human perceptions may, in turn,
influence people’s behaviors and actions within landscape settings [57]. Existing research often considers the openness
and diversity of landscapes when exploring natural landscape perception elements. For example, mountains and sky
represent openness, and artificial pavement and the degree of exposure to natural soil are important indicators affecting
tourists’ experiences [58—60]. Nevertheless, green vegetation such as trees, shrubs, grass, exposed soil, building enclo-
sure, and aquatic rate are critical indicators for quantifying natural landscape configurations [61]. The visibility of green
space has been extensively studied to explore the impact of natural landscapes on human emotional health [62,63].
Consequently, as suggested by previous studies, it is necessary to examine further how the proportions of vegetation
and water elements within landscapes affect tourists’ perceptions under varying temperature scenarios. Finally, regarding
visual characteristics, existing studies have typically focused only on extracting objective visual elements or subjective
perceptions, while overlooking the comprehensive role of the overall visual quality of landscapes [64]. Natural landscapes’
complexity and visual richness affect the overall level of landscape perception [43], but few studies have deeply explored
the complex causes of these indicators.

Based on this, we rigorously screened the existing photographic data according to the established selection criteria
for natural landscapes, excluding images unrelated to natural landscapes in eco-tourism. Table 1, “Research Element
Breakdown,” presents the indicators and descriptions selected in this study. The dependent variable, the Sentiment Index,
represents tourists’ emotion scores predicted by the LSTM-CNN framework. We selected independent variable indicators
for different research elements by organizing and comparing previous research designs. We chose Openness, Green-
ness, and Enclosure for landscape element indicators to quantify common plant elements, sky elements, and environmen-
tal enclosure elements in natural landscape configurations. We used the paving degree and aquatic rate to calculate land
exposure and water body elements in landscape configurations that might affect perception; these elements were quan-
tified using the Hrnet model. Finally, to objectively assess tourists’ visual experiences in natural landscapes, we included
visual evaluation indicators such as Visual Entropy and Color Complexity, calculated using Matlab, to determine the visual
quality in landscape configurations.

2.4. Data collection and processing

This study strictly adheres to the terms of use and privacy policies of the data source platforms when collecting and utiliz-
ing social media data. Only publicly available and non-private content was analyzed, ensuring that no personally sensitive
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Table 1. Research Element Breakdown Table.

Research Elements Research indicators Indicator Description Quantitative methods
Tourist emotions Sentiment index NLP text data sentiment scoring LSTM-CNN
Landscape elements Openness The proportion of sky in the image Hrnet

Landscape elements Aquatic rate The proportion of water bodies in the image Hrnet

Landscape elements Greenness The proportion of green plants in the image Hrnet

Landscape elements Paving degree The proportion of floor covering in the image Hrnet

Landscape elements Ground exposure Soil exposure index in the environment Hrnet

Landscape elements Enclosure The proportion of architectural enclosure in the image Hrnet

Visual Quality Color complexity Color complexity of images Matlab

Visual Quality Visual Entropy Entropy value of images Matlab

https://doi.org/10.1371/journal.pone.0323566.t001

information was collected. All user identifiers were anonymized, and the findings are solely for academic purposes. Fur-
thermore, this study did not share any raw data with third parties, ensuring that user privacy remains fully protected.

2.4.1. Daily climate data. Daily climate data were obtained from the China Meteorological Data Service Center (http://
data.cma.cn), a highly authoritative and reliable platform. The data have undergone strict monitoring and review to ensure
accuracy and scientific validity, providing daily climate data that meet the experimental requirements. To ensure the rigor of
the experiment, we distinguished high-temperature weather from non-high-temperature weather based on daily temperatures.
The criteria for distinguishing high-temperature weather refer to the studies by Xu et al. [65] and Yao et al. [66] and China’s
recommendations for triggering high-temperature warnings. Days with a maximum daily temperature greater than or equal
to 35 °C were defined as high-temperature weather. Humidity is a crucial factor affecting comfort and perception [67] and
can exacerbate the association between temperature and human mental health [68]. Therefore, to screen the data, we set
average climate thresholds, such as relative humidity between 78% and 84% and no precipitation on the day. This ensures an
accurate assessment of the impact of temperature changes on tourists’ natural landscape and emotional perception. The data
collected were rigorously cleaned according to the experimental requirements established above.

2.4.2 User generated content (UGC) datasets. According to research needs, the social media UGC data in this
study were obtained from Weibo (https://weibo.com/), Dianping (https://www.dianping.com/), and Ctrip (https://you.ctrip.
com/). Using web crawling techniques, we input relevant keywords for attractions in Wuyishan City and collected image-
containing comments within the past five years (July 2019 to July 2024). The data include post ID, text information,
corresponding image URLs, and the number of shares, ensuring that natural landscape photos and comments used for
sentiment analysis are matched. This addresses the research gap of mismatched image and text data in the current field.
After collection and organization, we removed advertisements, newspaper promotions, invalid image links, and photos
not related to landscapes or built environments to ensure the accuracy and objectivity of the experimental results. In total,
57281 UGC entries were collected during the experiment. After data collection and preprocessing, entries containing
advertisements, promotional content from newspapers and magazines, invalid image links, and photos depicting non-
landscape or built environments were removed to ensure the accuracy and objectivity of the experimental results. Finally,
according to the experiment’s predefined temperature and humidity thresholds, 18237 relevant eco-tourism entries
containing photographs of natural landscapes along with textual comments were identified, from which a parallel UGC
dataset integrating visual and textual data was constructed.

2.4.3. Long Short Term Memory networks-Convolutional Neural Networks (LSTM-CNN). The LSTM-CNN
framework leverages LSTM’s long-term memory capabilities and CNN'’s local feature extraction abilities when processing
text data. It significantly enhances model performance by combining their advantages to meet the requirements for
analyzing tourists’ emotional texts [69]. The pre-trained model used in the experiment is ERNIE (https://github.com/
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PaddlePaddle/LARK/tree/develop/ERNIE). After constructing the UGC dataset with synchronized images and texts, we
used the LSTM-CNN method to score the texts using the trained Natural Language Processing (NLP) model. Scores
ranged from -10—10, where higher values represent stronger positive emotions. The LSTM-CNN model achieved an
overall accuracy of 95.4% in identifying complaint-related emotions, accompanied by a low test loss value of 0.12,
signifying strong prediction capability and stability. Specifically, the precision, recall, and F1-score for positive emotion
classification were 95.9%, 94.9%, and 95.4%, respectively, while for negative emotions, these metrics were 94.9%,
95.8%, and 95.3%, respectively. Such results highlight the model’s balanced and efficient performance distinguishing
between positive and negative complaint emotions. Additionally, the model demonstrates robustness in addressing class
imbalance, achieving high predictive precision and comprehensive coverage across emotional categories, thus fully
satisfying the experimental criteria for accurate emotion recognition.

2.4.4. High-Resolution Net (Hrnet) for Semantic Segmentation. We utilized the Hrnet model, known for its
strong generalization ability and stability, to calculate landscape element data in images. This framework improves the
performance of semantic segmentation tasks by parallelly combining high- and low-resolution convolutions. Due to the
varying resolutions and sizes of natural landscape images obtained from UGC data, we chose this network to address
the challenge and ensure the accuracy of the results. The framework enhances high-resolution representations by
aggregating upsampled parallel convolutions, achieving better results in image-processing tasks. On the Cityscapes
test set, the model achieved mloU (81.6%), iloU (61.8%), cla. loU (92.1%), and iloU cat. (82.2%), demonstrating
improvements over DenseASPP by 1.0%, 2.7%, and 4.1%, respectively, outperforming PSPNet by 3.2% in mloU.
Additionally, compared to ResNet38, the model showed a 1.2% improvement in cla. loU. On the LIP dataset, it achieved
a Pixel Accuracy of 88.21%, highlighting its strong segmentation performance across different datasets [70]. In the
experiment, Hrnet extracted indicators such as Openness, Aquatic rate, Greenness, Paving degree, and Enclosure from
images. The quantification methods for these landscape element indicators refer to the study by Wu et al. [71]. Table 2,
titted “Semantic Segmentation Recognition Explanation,” presents the computation process for each landscape element
indicator.

2.4.5 MATLAB-based color complexity and visual entropy calculation. Visual entropy is a key visual feature
affecting the perception of landscapes at more minor scales. In fields such as landscape ecology, landscape aesthetics,
and user visual perception, entropy is commonly used as an indicator to measure the overall complexity of images.
Using MATLAB software, visual entropy was calculated through steps including image grayscale enhancement, region
segmentation, and area calculation. The formula for this process is as follows [72]:

H(x) = =YL, P(a) * logP(aj) (1)

i represents the divided region, whereas P(ai) denotes the probability of region ai’'s occurrence (i=1, 2,..., n). Additionally,
H(x) indicates the total amount of information generated for the complete visual object composed of n regions. Addition-
ally, H(x) denotes the total amount of data generated for the entire visual object composed from n areas. Further, H(x)
indicates the total amount of information generated for the complete visible object composed of n regions.

Color in landscape configurations can affect human perception levels [73], and color complexity is an essential indicator
for capturing color characteristics in images. The principle of color complexity evaluation is displayed in Equation 2 [74]:

Ck =—>_, nilog (%) (2)

Where C, means the complexity of the spatial distribution feature of a particular color; m is the number of different con-
nected regions in the general set; n, is the number of pixels of the ith connected region; N=the total number of pixels of
that color.
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Table 2. Semantic segmentation recognition explanation.

Research indicators Explanation

Aquatic rate (A) A=P, aticrate! Protar 100%, A represents the final Aquatic rate of the image; P, ., rate is the total
pixel count of water elements identified by the model; P is the total count of pixels recognized
in the image.

Openness (O) O=Pg/Prya ¥100%, O represents the final Openness value of the image; P, is the total pixel
count of sky elements identified by the model; P, represents the total recognized pixel count in
the image.

Greenness (G) G =P, cenmess/ Pros ¥100%, G represents the percentage of ground covered by vegetation in the

image; P, .. ... is the pixel count of grass and other green ground elements identified by the
model; P_ . is the total recognized pixel count in the image.
Enclosure (E) M=P /P._ *100%, M represents the percentage of Mountain elements in the image;

Enclosure degree’ * Total

is the pixel count of mountain elements identified by the model; P__ _ is the total

Enclosure degree Total

recognized pixel count in the image.

Ground exposure (G1) G, =P ound exposure! P rotar + 100%, M represents the percentage of Soil exposure index in the image;
round exposure 1 the Pixel count of mountain elements identified by the model; P, is the total
recognized pixel count in the image.
Paving degree (P) P= PPaving degree/Pmal *100%, P represents the percentage of exposed soil in the image; PPang dogroe
is the pixel count of exposed land identified by the model; P, is the total recognized pixel count
in the image.

https://doi.org/10.1371/journal.pone.0323566.t002

2.4.6 Global Moran’s I. Global Moran’s | is used to describe the statistical measure of spatial autocorrelation for the
entire study area and the spatial dispersion of experimental data. We used this method in the experiment to verify the
spatial correlation of various natural landscape indicators, rejecting the null hypothesis in spatial statistics. Typically, a
statistical significance test of Moran’s | is conducted to determine whether the correlation is coincidental or if the entire
study area indeed exhibits spatial autocorrelation. The principle is presented in Formula 3 [75]:

| = n 21":1 EF:] wii(Xi—X) (XJ'_Y)
HND /7D (xi—x)* (3)

M represents the number of spatial units, xi is the observed value of the spatial unit, x is the mean value of the obser-
vations across spatial units, and wij represents the elements of the spatial weight matrix W. Global Moran’s | determines
whether there is a positive or negative correlation across the area. The theoretical range of I is from -1-1. An >0 indi-
cates spatial positive autocorrelation, suggesting that spatial units with high (or low) observations are surrounded by other
units with high (or low) observations. An <0 means the data exhibits spatial negative autocorrelation, indicating that units
with high (or low) observations are clustered together with those having low (or high) observations. An =0 implies no
spatial autocorrelation, suggesting a random spatial distribution of observations.

2.4.7 Getis-Ord Gi*. The Getis-Ord Gi* statistic [76] aims to calculate the statistical significance of areas with
the highest positive or negative emotions. It can also analyze different natural landscape indicators’ spatial clustering
distribution characteristics. Hotspot analysis maps are commonly used to display the geographical distribution
characteristics of data and assist in identifying spatial patterns such as clustered “hotspots” or dispersed “cold spots.”
Using the Gi* statistic, after validating spatial autocorrelation, we further displayed hotspots and cold spots of emotion
scores in UGC texts on the map. It can be calculated using Formula 4:

G — Zjnzl wi X=X 27:1 Wiy
r= n 2 n 2
sy/n/(n-1) Sy wi-1/(n-1) (S, i) (4)

In the formula, X represents the count or emotional value of j, the term w; defines the spatial weight between events i
and j, and n is the total number of events. X and S are the sample mean and standard deviation of X respectively. The
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generated z-scores and p-values can indicate the locations where elements with high or low values are spatially clustered.
For statistically significant z-scores, the larger the z-score, the tighter the clustering of high values (hotspots). Conversely,
for statistically significant negative z-scores, the smaller the z-score, the tighter the clustering of low values (cold spots).

2.4.8 EXtreme Gradient Boosting (XGBoost) model and SHapley Additive exPlanation (SHAP) analysis. To
analyze and compare the correlations between various natural landscape indicators and tourists’ emotions in high-
temperature and non-high-temperature conditions, we utilized the XGBoost algorithm to build a regression model and
employed the SHAP method for interpretability analysis. XGBoost excels at managing complex nonlinear relationships
and offers exceptional parallel processing capabilities, effectively mitigating potential overfitting issues in machine learning
regression models. The SHAP method elucidates how different indicators influence the model’s output by calculating,
comparing, and contrasting marginal contributions within the model. Furthermore, it incorporates easily interpretable
elements such as feature importance analysis, waterfall plots, and interaction value analysis, accurately evaluating and
visualizing the contribution of each research indicator. The model effectively captures the patterns of tourists’ sentiment
perception, demonstrating robust performance in both temperature conditions, which provides a solid foundation for
subsequent experiments and applications. The principle is shown in Formula 5:

9(Z) =20+ 1L, 22 (5)

g(Z') represents the predicted value of the sentiment index impact of landscape element z, &, represents the average
indicator of landscape element composition, M represents the number of variables in the model, and @; represents the
SHAP value of the ith study indicator.

3. Results
3.1. Sample granularity statistics

To better illustrate how high-temperature weather affects tourists’ perception and emotional experience of natural land-
scapes, Fig 3 presents the variation in Wuyishan City’s daily maximum temperatures and the corresponding data granu-
larity distribution. As shown in Fig 3(a), among 2,066 observation days (n=2,066) from 2019 to 2024, the daily maximum
temperature exhibits obvious seasonal fluctuations, peaking around mid-year each year. The blue dashed lines on the
y-axis represent the earliest appearance and latest end of high-temperature weather each year, while the red dashed line
on the x-axis marks 35°C as the threshold for defining high-temperature weather. Although this threshold is frequently
exceeded during summer, it largely follows an unstable high-temperature trend—for instance, in 2023 and 2024, high
temperatures first appeared in spring. These patterns confirm that, in recent years, Wuyishan City in Fujian Province has
experienced increased high-temperature events. Fig 3(b) shows the granularity distribution of UGC (User-Generated
Content) data by daily maximum temperature, divided into non-high-temperature days (<35°C) and high-temperature
days (235°C). Out of the 2,066 observation days, there were 7,469 non-high-temperature records (n=7,469) and 10,768
high-temperature records (n=10,768). This indicates a prominent high-temperature phenomenon in Wuyishan City and
suggests that tourists are more inclined to travel during high-temperature periods. Notably, daily maximum temperatures
of 35°C (27.61%), 37°C (24.80%), and 38°C (21.32%) yielded the greatest volume of UGC data, underscoring the con-
centration of ecotourism during high-temperature weather. This trend further demonstrates that visitors to natural ecotour-
ism destinations are frequently exposed to higher-temperature environments.

Fig 4 illustrates the distribution of tourists’ sentiment indices under non-high and high-temperature conditions. The
results indicate that negative emotions account for 30.1% under high-temperature conditions, while positive emotions
make up 69.9%. In contrast, negative emotions are significantly lower at 14.1% under non high temperature conditions,
with positive emotions reaching 85.9%. Additionally, in non-high-temperature weather (<35°C), tourist sentiment indices
are predominantly positive, with a strong concentration in the 9—10 score range, accounting for 24.73% (n=1847) of the
data. In comparison, overall sentiment scores are lower under high-temperature conditions, peaking in the 5—6 score
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Fig 3. Distribution of Daily Maximum Temperatures.

https://doi.org/10.1371/journal.pone.0323566.9003

range, with a share of 14.16% (n=1525), which is noticeably lower than in non high temperature conditions. This suggests

that high-temperature weather contributes to increased negative emotions among tourists, potentially impacting their over-
all travel experience.
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Fig 4. Proportion of Sentiment index.

https://doi.org/10.1371/journal.pone.0323566.9004

3.2. Results of global moran’s |, z-score, and p-value

Using Global Moran’s | analysis in ArcMap software, we conducted spatial autocorrelation validation of natural land-
scape indicators under high temperature (HT) and non high temperature (NH) conditions. Table 3, titled “Results of
Global Moran’s |, Z-Score, and P-Value,” presents the calculation results for different indicators, where “HT” represents
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Table 3. Results of Global Moran’s |, z-score, and p-value.

Research indicators Moran’s | (HT) Z-score (HT) P-value (HT) Moran’s | (NH) Z-score (NH) P-value (NH)
Sentiment index -0.005 -5.628 <0.001 0.013 68.326 <0.001
Openness 0.002 8.770 <0.001 0.005 26.928 <0.001
Aquatic rate 0.076 291.411 <0.001 0.027 144.998 <0.001
Greenness 0.001 7.239 <0.001 0.006 33.792 <0.001
Paving degree 0.008 3.767 <0.001 0.005 3.729 <0.001
Ground exposure 0.002 2.314 <0.050 0.004 23.803 <0.001
Enclosure 0.010 40.394 <0.001 0.006 32.033 <0.001
Color complexity 0.001 7.898 <0.001 0.006 4173 <0.001
Visual Entropy 0.002 2.313 <0.050 0.007 4.475 <0.001

https://doi.org/10.1371/journal.pone.0323566.t003

high-temperature weather and “NH” represents non-high-temperature weather. It can be observed that most indicators
exhibit significant spatial autocorrelation with clustering tendencies, with Moran’s | values ranging from 0.001 to 0.076.
Additionally, most indicators have Z-scores greater than 2.58, surpassing the threshold for statistical significance, indicat-
ing highly significant spatial clustering patterns for the different research indicators. All indicators have P-values less than
0.05, suggesting that the observed spatial distribution patterns are improbable to have occurred by chance.

The results indicate that the Sentiment Index shows significant differences in spatial clustering characteristics between
high-temperature and non-high-temperature conditions. Under high-temperature conditions, the Moran’s | for the Sen-
timent Index is -0.005 with a Z-score of -5.628, whereas for non-high-temperature conditions, Moran’s | is 0.013 with a
Z-score of 68.326. This indicates that tourists’ emotions display significant spatial dispersion under high-temperature
conditions, while the opposite is true under non-high-temperature conditions. The Aquatic Rate indicator also reveals
differences in spatial clustering under varying conditions. In high-temperature conditions, the Z-score of the Aquatic Rate
is 291.411, while in non-high-temperature conditions, it is 144.998, suggesting that the spatial clustering characteristics of
water elements favored by tourists are more pronounced during high temperatures. Conversely, the Openness indicator
demonstrates a more clustered spatial distribution under non-high-temperature conditions.

3.3. Hotspot analysis results

After validating global spatial autocorrelation using Global Moran’s |, this section presents further hotspot analysis results
among different indicators. We utilized Gi-Bin values from the Getis-Ord Gi* statistic to represent cold spots and hotspots
of various indicators in space. Gi-Bin values ranging from 1 to 3 indicate hotspot areas, with warmer colors (red) repre-
senting more concentrated hotspots. Conversely, Gi-Bin values from -1 to -3 reflect cold spot distributions, with cooler
colors (blue) indicating more clustered cold spots. Areas with a Gi-Bin value of 0 represent regions where a particular indi-
cator’s tendency is insignificant or where the numerical distribution is relatively uniform. Figure 3, titled “Hotspot Analysis
Results of Sentiment Index,” illustrates the distribution characteristics of Gi-Bin values corresponding to tourists’ senti-
ments, using different confidence levels: Gi-Bin values of 1-3 and -1 to -3 correspond to confidence levels of 90%, 95%,
and 99%, respectively.

3.3.1. Hotspot analysis results of sentiment index. In Fig 5, red areas (Hot Spot - 99% Confidence) indicate
regions with a relatively positive emotional tendency, while blue areas (Cold Spot - 99% Confidence) represent regions
with a pronounced negative emotional tendency. It is evident that regardless of weather conditions, most negative
emotions in cold spots among tourists are concentrated in the Wuyi Street area in the center of Wuyishan City.
Comparatively, the spatial distribution of sentiment cold and hot spots under non-high-temperature conditions shows
a more uniform transition between sub-cold spots (Cold Spot - 95%/90% Confidence) and sub-hot spots (Hot Spot -
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ment’s Standard Map Service website GS(2019) 1822, the base map boundaries have not been modified. (http://bzdt.ch.mnr.gov.cn/download.
html?searchText=GS(2019)1822).

https://doi.org/10.1371/journal.pone.0323566.9005

95%/90% Confidence). This indicates that under high-temperature conditions, tourists’ emotional expressions exhibit more
extreme disparities, with a higher prevalence of low-scoring negative sentiment texts or more significant differences in
sentiment index scores, widening the gap between cold and hotspot regions.

3.3.2. Hotspot analysis results of independent variable. Fig 6 and 7 present the hotspot analysis results of
independent variables under different temperature conditions, including Landscape Elements and Visual Quality. We
observe that under non-high-temperature conditions, most indicators show significant cold or hot spots spread outward
from the central area, with uniform transitions between cold and hotspots. In contrast, under high-temperature conditions,
indicators exhibit stronger clustering effects of cold and hotspots, especially with greater disparities in hotspot clustering
characteristics compared to non-high-temperature conditions—for instance, the indicators Greenness, Ground Exposure,
and Paving Degree. This suggests that high-temperature weather significantly affects tourists’ perception patterns of
landscape elements, leading to enhanced or diminished attractiveness of certain landscape features, resulting in more
concentrated emotional and behavioral responses. High temperatures reduce the hotspot areas of Aquatic Rate and
Visual Entropy. Under varying temperature conditions, tourists’ perception effects of Color Complexity and the spatial
clustering characteristics of cold and hotspots are relatively similar.

To explore the interaction relationships among different indicators and how they influence tourists’ emotions, we pres-
ent SHAP interpretability analysis results in the following section to further investigate the complex relationships among
various variables.

3.4. SHAP feature importance and beeswarm plot analysis

This section further explores the impact of different natural landscape indicators on tourist emotions through SHAP feature
importance, heatmap analysis, and waterfall analysis. The left side of Fig 8 displays the SHAP feature importance, where
each feature’s global importance is considered as the mean absolute SHAP value across all samples, sorted by their
contribution. The right side shows the SHAP Beeswarm plot, providing a dense summary of how the dataset’s indicator
values influence the model’s output.
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https://doi.org/10.1371/journal.pone.0323566.9006
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Fig 8(a) and 8(b) illustrate the contributions of different natural landscape perception indicators to tourists’ emotions
under non-high-temperature and high-temperature conditions, respectively. We can clearly compare the analytical results
under different weather scenarios. The findings are as follows:

(1) Non High Temperature Conditions: The four indicators with the most significant impact on tourists’ emotions are
Color Complexity (0.73), Visual Entropy (0.71), Greenness (0.68), and Aquatic Rate (0.60). Their importance scores are
all greater than or equal to 0.6, substantially surpassing the contribution scores of the remaining four indicators: Ground
Exposure (0.57), Openness (0.55), Enclosure (0.52), and Paving Degree (0.23). Notably, from the SHAP Beeswarm
plot on the right, we observe that the contribution values of Aquatic Rate are mostly less than zero, contrasting with
the contributions of other indicators. This indicates that under non-high-temperature conditions, Aquatic Rate does not
significantly contribute to positive emotions. Moreover, most indicators such as Color Complexity, Visual Entropy, and
Greenness generally have positive contributions to the model.

(2) High Temperature Conditions: In contrast, under high-temperature conditions, the four indicators with the most
significant impact are Greenness (0.60), Openness (0.56), Visual Entropy (0.55), and Color Complexity (0.55). Their
importance scores are all greater than or equal to 0.55. It is noteworthy that high-temperature conditions overall
weaken the effect of natural landscape perception on emotions, making Greenness and Openness the most critical
natural landscape perception elements in this scenario. Although high temperatures significantly reduce the importance
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of the Aquatic Rate indicator, under these conditions, Aquatic Rate can produce more positive effects. This suggests
that water landscapes still hold unique value during high temperatures, while Greenness and Openness play more vital
roles in alleviating discomfort caused by heat and enhancing overall environmental appeal.

In this subsection, we utilized SHAP feature importance and SHAP Beeswarm plots to observe the contributions and
importance of natural landscape elements to tourists’ emotions under different conditions. To further explore their nonlin-
ear relationships and interactions, we will integrate SHAP Partial Dependence Plots, SHAP Waterfall Plots, and SHAP
Force Plot analyses in the subsequent sections.

3.5. Boxplot and SHAP Partial Dependence Analysis

Fig 9 presents a boxplot comparison of tourists’ sentiment indices under different temperature conditions. The blue
line in the boxplots represents the median, while the red dots indicate the mean values. The red dashed lines con-
necting different boxplots illustrate the trend of mean value changes. The figure clearly shows that under non-high-
temperature conditions (<35°C), both the median and mean sentiment indices are significantly higher than those
under high-temperature conditions (235°C). Specifically, the mean sentiment index in non-high-temperature weather is
4.96, with a relatively high median, reflecting a more positive emotional tendency. In contrast, under high-temperature
conditions, the mean sentiment index drops to just 1.26, with a notably lower median, indicating a shift toward a more
neutral emotional state.

Fig 10 further analyzes the differences in tourists’ perceptions of natural landscape elements under varying temperature
conditions. Under high-temperature conditions, the perception of Visual Entropy is notably enhanced, with an average
value of 0.89, significantly higher than all other perception indicators. In contrast, Paving Degree (0.02) and Ground Expo-
sure (0.06) are perceived at much lower levels. Comparatively, in non-high-temperature conditions, tourists’ perception of
Greenness (0.22), Color Complexity (0.51), and Visual Entropy (0.72) is slightly weaker, while Openness (0.37) shows a

Comparison of Sentiment under Different Temperature Conditions
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Fig 9. Boxplot of Sentiment under Different Temperature Conditions.

https://doi.org/10.1371/journal.pone.0323566.9009
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significant increase in preference. The perception levels of Paving Degree (0.02) and Enclosure (0.04) remain relatively
low. These results highlight the substantial impact of rising temperatures on tourists’ preferences for natural landscape

elements, particularly in terms of visual quality perception.
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Fig 11 presents the SHAP Partial Dependence Plots, displaying the marginal effects of each natural landscape indicator
on the tourists’ sentiment index within the model. Fitted curves are included to better compare the nonlinear associations
between indicators under different weather conditions. The results are as follows:

(1) The three indicators—Greenness, Ground Exposure, and Visual Entropy—show relatively stable contribution values
under different weather conditions. This indicates that these landscape elements have a consistent and stable impact
on tourists’ emotions regardless of temperature variations. Notably, the contribution threshold of Greenness reaches
higher levels under high-temperature conditions, approaching 3 in Fig 11(a), whereas it only reaches 2 in Fig 11(b)
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and even shows stronger negative contributions in some cases. This further demonstrates that Greenness has a sig-
nificant moderating effect in high-temperature environments, effectively mitigating adverse impacts on tourists through
visual comfort. In milder climates, the effect of Greenness is relatively unstable due to the influence of other landscape
elements.

(2) The indicators Paving Degree, Aquatic Rate, and Color Complexity exhibit substantial nonlinear differences in their
contributions to tourists’ emotions under varying weather conditions. Under non-high-temperature conditions, the
contribution of Paving Degree significantly decreases after exceeding 0.4, whereas under high-temperature condi-
tions, its contribution remains relatively stable and shows a gradual upward trend. For Aquatic Rate, after reaching
a peak at 0.6 under non-high-temperature conditions, its contribution declines, and most values indicate a nega-
tive effect. In contrast, under high-temperature conditions, Aquatic Rate shows a slow decrease before reaching
approximately 0.75, after which it gradually increases. Color Complexity demonstrates a stronger upward trend
under high-temperature conditions; as the Color Complexity increases, its contribution to tourists’ emotions also
rises steadily.

(3) Although the contribution distribution of the Openness indicator is more unstable under high-temperature conditions, it
exhibits significant differences in framing preferences across different weather scenarios. Under non-high-temperature
conditions, the Openness values in tourists’ photos are relatively uniformly distributed between 0 and 1. In contrast,
under high-temperature conditions, most Openness values range between 0 and 0.6. This difference further indicates
that Openness has a significantly altered appeal to tourists under varying temperatures. In non-high-temperature
settings, open landscapes enhance tourist satisfaction, reflecting a higher visual preference. However, in high-
temperature environments, tourists’ preference for open landscapes diminishes, possibly due to the lack of shade and
cooling functions.

In this section, we performed Partial Dependence Plots Analysis on the important indicators identified in Section 3.3.
Many indicators exhibited complex nonlinear effects and coupling relationships. Therefore, in the next section, we will
sample the indicators and conduct SHAP Waterfall Plot and Force Plot analyses to further clarify how different indicators
influence tourists’ emotions.

3.6. SHAP waterfall and force plot Analysis

In our study, we initially discovered some nonlinear associations among indicator distributions. Consequently, we
employed SHAP Waterfall Plot and Force Plot analyses to further explore the marginal effects of various variables on tour-
ists’ emotions. The waterfall plot is designed to present explanations for individual predictions by taking a single instance
as input. It starts from the expected value of the model’'s output, with each subsequent row indicating whether each fea-
ture contributes positively (red) or negatively (blue), illustrating how values are altered from the model’s expected output to
the predicted output. The SHAP Force Plot offers explanations for multiple samples.

(1) Fig 12, titled “SHAP Waterfall Analysis,” compares the contribution results of sampled indicators for single predic-
tions under different weather conditions, revealing significant differences between high-temperature and non-high-
temperature scenarios. Under non-high-temperature conditions, indicators with significant negative contributions are
Ground Exposure (-1.33), Greenness (-0.37), and Aquatic Rate (-0.27), while those with significant positive contribu-
tions are Openness (0.54), Enclosure (0.34), and Color Complexity (0.31). Under high-temperature conditions, apart
from Ground Exposure (-0.44) and Visual Entropy (-0.18) negatively impacting tourists’ emotions, most other indica-
tors like Aquatic Rate (1.05), Greenness (0.94), and Color Complexity (0.84) show stable positive contributions. Addi-
tionally, appropriate artificial environmental elements can generate positive effects under high-temperature conditions,
such as Enclosure (0.71) and Paving Degree (0.25).
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Fig 12. SHAP waterfall analysis.
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(2) The results demonstrate significant disparities in the contribution values of the Aquatic Rate indicator under differ-
ent conditions. This suggests that water landscapes have a notable emotional regulation effect in high-temperature
environments (contribution of 1.05), effectively enhancing tourists’ overall experience. Moreover, in extreme climatic
conditions, landscape design should focus on the functional differences of various landscape elements to better meet
tourists’ needs. For instance, indicators like Greenness and Openness also uniquely contribute to alleviating the neg-
ative emotional impacts of high temperatures. It is important to note that Visual Entropy shows negative contributions
under high-temperature conditions, indicating that complex visual information may increase cognitive load and dete-
riorate emotional experiences in extreme heat. Therefore, reducing visual complexity might help improve comfort and
emotional stability for tourists during high temperatures.

(3) In Fig 13 and 14, to further explain multiple samples and explore the coupling patterns of different important indicators
under varying conditions, we conducted a Force Plot Analysis on the top four indicators with the highest overall impact
on the model from the SHAP feature importance. In Fig 9, it is evident that under non-high-temperature conditions,
the contributions of Color Complexity and Aquatic Rate fluctuate more significantly compared to Visual Entropy and
Greenness, whose impacts on emotions are more stable. This further explains why the positive effects of Aquatic Rate
are not significant under non-high-temperature conditions. Conversely, under high-temperature conditions, the overall
benefit trends of important indicators are more stable, especially the more pronounced roles of Greenness and Open-
ness. This indicates that during high temperatures, tourists are more inclined to favor landscape elements with cooling
effects and openness characteristics, thereby alleviating discomfort caused by heat.

4. Discussion
4.1. New insights into emotional perception of natural landscapes

This study provides evidence on how landscape perception under different weather conditions affects tourists’ emotions
and further explores their coupling effects from the perspectives of geographic analysis and machine learning modeling.
Although Wuyishan City boasts numerous ecotourism attractions, spatial autocorrelation results indicate that various
landscape indicators exhibit highly clustered spatial patterns. We speculate that this is due to the distribution character-
istics of natural landscape resources in Wuyishan, leading to significant spatial dependence and clustering in ecotourism
attractions and landscape distributions, similar to the findings of Peng et al. [77]. Notably, tourists’ emotional perceptions
differ significantly under different weather conditions, aligning with the experimental results of Yan et al. [78]. Specifi-
cally, under high-temperature conditions, tourists’ emotions display obvious spatial dispersion, possibly due to increased
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distracted walking behavior induced by the perception of heat [79]. This results in tourists’ photography preferences

not exhibiting a clustering trend. The significant differences in the hot and cold spot distributions of Greenness, Ground
Exposure, and Paving Degree under different weather conditions further validate this viewpoint. Although our experimen-
tal results found that the spatial clustering characteristics of aquatic elements preferred by tourists are more pronounced
under high-temperature conditions, the Aquatic Rate does not significantly contribute to positive emotions under non-
high-temperature conditions. This contrasts sharply with previous studies demonstrating that water elements significantly
enhance people’s emotions and vitality [80,81]. One possible explanation is that the landscape configurations of eco-
tourism attractions have mostly not undergone large-scale planning and design and are somewhat related to ecological
landscape pattern characteristics [82]. Therefore, in natural landscape environments rich in water bodies, suitable green
indices, and diverse plant community structures, tourists’ overall perception experience is already positive, leading to the
unique positive effects of waterscapes being less significant in this context. This phenomenon is further explained by the
viewpoints of Li et al. [83] and the high proportion of positive emotions among tourists observed in our study.

Additionally, there may be various conflicts between landscape protection, water management, ecological governance, and
societal interests in natural landscapes [84], which can influence the changes in tourists’ emotions observed in the experimen-
tal results. Our findings also indicate that green plant indicators under high-temperature conditions play a more crucial role in
alleviating discomfort caused by heat and enhancing the overall environmental appeal, corroborating previous studies sug-
gesting that natural vegetation can reduce stress and promote recovery [85]. It is noteworthy that the overall benefit trend of
key indicators under high-temperature conditions is more stable, whereas under non-high-temperature conditions, the trends
are more variable, which differs from the findings of Yan et al. [86]. Generally, tourists exhibit more stable perception levels
in comfortable temperatures. This discrepancy may be because climate affects tourists’ travel processes [87]. Although high
temperatures impact tourists’ emotional expressions, they still tend to prioritize their preferred natural landscape destinations,
resulting in more stable quantified landscape perception levels in UGC data [88]. Furthermore, the higher visual complexity of
natural landscapes also significantly impacts tourists. Although Color Complexity and Visual Entropy are mostly at high values
under high-temperature conditions, our findings differ from previous research suggesting that landscapes with higher variation
are often associated with lower visual quality [89,90]. In our experiment, the visual quality indicators generally showed important
and stable trends. This may be because, under high-temperature conditions, rich colors and higher visual complexity can dis-
tract tourists from the discomfort of heat, enhancing environmental pleasantness. Previous studies have also demonstrated that
as the Universal Thermal Climate Index increases, the influence weight of aesthetic comfort on overall comfort rises by 85.4%
[91], indirectly indicating the importance of visual elements on tourists’ overall comfort under high-temperature conditions.

Moreover, the potential negative effects on tourists’ emotions when different variables interact and weather conditions
change further highlight the uncertainty of tourists’ perceptions in complex landscapes [92]. The increase in Openness
consistently shows a stable positive effect under different weather conditions, consistent with the findings of Tabatabaie et
al. [93]. This may be because visually open landscapes meet people’s aesthetic needs for natural environments, pro-
moting social interaction and the generation of positive emotions. In actual natural landscape planning and conservation,
we should fully consider how to organize and optimize ecotourism attractions as a whole, treating accessible natural
landscapes as an important component in enhancing tourists’ emotions. Therefore, in the following sections, we propose
sustainable optimization strategies for ecotourism and natural landscape conservation based on the issues and results
identified in the research, particularly in constructing response strategies for ecotourism attractions under sustained
high-temperature conditions. We also explore how to leverage the potential advantages of natural landscapes to promote
tourists’ emotions, enabling planners and practitioners to apply our experimental data results and methods.

4.2 Recommendations for the sustainable development of natural landscapes in ecotourism destinations

4.2.1 Perform real-time environmental assessment and strategy adjustment. Our experiment shows that in
high-temperature conditions, the proportion of tourists experiencing negative emotions significantly increases and is
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likely influenced by elements of the natural landscape. Implementing real-time environmental assessments and adjusting
strategies is essential for improving tourist experiences, reducing negative emotions caused by high temperatures, and
achieving the goals of both landscape systems and social-ecological systems. [94]. Before this, it is necessary to build
corresponding databases and datasets for specific areas and issues requiring optimization. Scenic area managers
should establish comprehensive environmental monitoring systems, collecting data on temperature, humidity, tourist
density, and other factors in real time to promptly grasp microclimate changes within the scenic area. Moreover, machine
learning methods can be utilized to quantify and analyze natural landscapes and tourist reviews in ecotourism attractions,
enabling the customization of real-time management plans. Attention should also be paid to the impact of climate change
and tourist flows on landscape perception [95]. Technical means can be employed to monitor review information and
landscape conditions in real time, thereby improving management efficiency in addressing related issues, especially
concerning natural landscape maintenance. Additionally, while low or mild temperatures typically do not cause extreme
heat stress, destination managers can leverage real-time monitoring systems (e.g., temperature, humidity, visitor density)
to identify potential environmental or crowd-related issues in advance. This proactive approach allows for targeted
landscape maintenance and visitor flow management before peak seasons, ensuring sustained comfort and accessibility.
Such active management not only prevents declines in visitor experience due to overlooked microclimate changes but
also enhances preparedness for unexpected challenges during high-temperature periods.

4.2.2 Enhancing natural landscape infrastructure in ecotourism destinations. The experimental results indicate
that under high-temperature conditions, tourists’ emotions are more significantly influenced by specific natural landscape
elements, particularly Greenness, Openness, Visual Entropy, and Color Complexity. This suggests that tourists in
ecotourism not only prioritize the richness of vegetation but also seek diverse and layered landscape experiences.
Therefore, enhancing natural landscape infrastructure and creating rich and varied landscape features are crucial
for elevating tourists’ positive emotions. Our findings show that thoughtful artificial environmental constructions can
enhance tourists’ positive emotions to a certain extent. To ensure that tourists gain emotional value and support the
sustainable development of ecotourism under varying temperature conditions, it's essential to strike a balance between
natural landscape visual elements and artificial environments. While maintaining ecological balance, the construction of
landscape infrastructure within forest tourism areas should be reinforced, including the installation of minimally invasive
wooden walkways, observation stations, and secluded spots. These facilities allow visitors to engage with nature closely
without harming the environment and enhance tourists’ comfort when visiting specific attractions under high-temperature
conditions. Supplement cooling and comfort facilities based on the quantitative analysis of water bodies, greenery, and
visual elements. In identified hotspot areas, install mobile cooling stations, shaded corridors, or convenient water access
points to mitigate the negative emotional impact of high temperatures. These measures ensure a more comfortable and
enjoyable experience, reducing thermal stress while enhancing visitor satisfaction and engagement with the natural
environment. Additionally, appropriate restoration or promotion of natural ecosystems can stimulate people’s imagination
and emotional resonance [96], enhancing the sustainability of the local ecotourism economy. Finally, in developing
ecotourism points of interest, scenic areas should adjust strategies based on tourists’ actual experiences and weather
conditions, such as limiting visitor numbers, providing online educational resources, or designing equipment that
enhances tourists’ comfort under high-temperature conditions. This helps balance the pressure on natural landscapes
and tourists’ needs [97]. It is worth noting that enhancing natural landscape infrastructure is more efficiently implemented
during non-high-temperature periods and provides long-term benefits to visitor experiences. For example, upgrading
trails, observation decks, and vegetation landscapes during mild seasons ensures that infrastructure improvements are
completed when visitor flow is stable, minimizing disruptions during peak heat periods. Additionally, increasing green
coverage and optimizing water landscapes during non-high-temperature seasons helps create a year-round enjoyable
environment, while offering significant cooling and emotional regulation effects during extreme heat. Thoughtfully designed
blue-green spaces and diverse color compositions further enhance visitor relaxation and enjoyment. By improving natural
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landscape infrastructure in ecotourism destinations, both cooling and emotional benefits can be achieved in extreme heat
conditions while maintaining high scenic appeal throughout all seasons.

4.2.3 Enhancing landscape connectivity and seasonal adaptation management strategies. Our study shows
that high-temperature conditions amplify the emotional impact of natural landscape elements, and the spatial distribution
and changes of these elements are crucial to the tourist experience. To improve tourist satisfaction and promote the
sustainable development of ecotourism under high-temperature conditions, strengthening landscape connectivity and
implementing seasonal adaptation management strategies are particularly important. First, constructing continuity
between landscapes is vital for the sustainability of ecosystems [98], and enhancing the value of landscape connectivity
does not conflict with natural landscape conservation [99]. Based on our experimental results, in practice, continuous
green spaces and shaded walkways can be planned to connect various scenic spots and rest areas, forming an
integrated landscape network. Integrating high-temperature adaptation measures—such as shaded corridors and water
connectivity—with routine ecological maintenance can create a comprehensive network of greenways, water systems,
and functional nodes. This approach not only enhances visitor walking experiences during high-temperature periods but
also adds ecological and recreational value throughout the year. Encouraging local community participation through co-
management mechanisms can further optimize this strategy. By involving residents and local businesses in landscape
enhancement, plant selection, and maintenance, the initiative can improve landscape continuity, conservation efficiency,
and service quality. Such collaborative efforts ensure that the study’s recommendations are implemented sustainably,
fostering long-term resilience and adaptability in both ecological and tourism management. This not only provides tourists
with continuous shade and cooling effects but also enhances the integrity and aesthetics of the landscape. Additionally,
increasing the connectivity between water bodies—such as combining streams, ponds, and artificial waterscapes—
leverages the cooling and beautifying functions of water bodies, enhancing tourists’ comfort and emotional experience
under high-temperature conditions. Given tourists’ varying preferences for Openness, Visual Entropy, and Aquatic Rate,
scenic areas can be strategically divided into Cooling and Relaxation Zones (featuring shade and water elements) and
Scenic Walking Zones (characterized by rich colors and open vistas). By implementing effective path planning and a well-
designed signage system, visitors can be guided through these areas in an organized and seamless manner, enhancing
both comfort and overall tourism experience. Second, at the management level, seasonal adaptation management can
be implemented to dynamically adjust landscape strategies. High-temperature weather and recreational behaviors exhibit
significant seasonal characteristics [100]. Scenic areas should timely adjust landscape maintenance and operational
strategies according to environmental changes in different seasons. Implement seasonal landscape maintenance and
upgrades by utilizing the relatively stable visitor flow during non-high-temperature seasons to enhance key scenic
nodes, pathways, and vegetation. This proactive approach ensures that these elements provide both cooling effects and
aesthetic appeal during high-temperature periods. Additionally, scenic areas can integrate local cultural characteristics
across seasons by incorporating art installations, vibrant seasonal vegetation, or thematic exhibitions, fostering deeper
sensory engagement and emotional connection between visitors and the natural environment.

During high-temperature periods in summer, strengthening the maintenance and irrigation of vegetation ensures
healthy plant growth and visual appeal. Utilizing experimental data to identify areas where tourists’ emotions fluctuate sig-
nificantly under high-temperature conditions allows for targeted optimization of landscape configurations. For instance, in
areas with low vegetation coverage or poor plant quality, implementing ecological restoration or introducing heat-resistant
plants can improve landscape quality and ecological functions. Additionally, prohibiting excessive construction develop-
ment ensures positive visual experiences for tourists across different seasons and maintains ecosystem service functions
[101]. Furthermore, enhancing landscape connectivity and implementing seasonal adaptation management strategies
are not solely targeted at high-temperature environments. While the demand for shaded corridors and continuous water
systems is more pronounced during hot seasons, these connectivity networks also play a crucial role in improving spatial
fluidity, enriching biodiversity, and encouraging prolonged visitor engagement during cooler periods. By implementing
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seasonal maintenance for green corridors, water bodies, and key functional nodes in non-high-temperature seasons, sce-
nic areas can sustain optimal environmental health while ensuring diverse visitor experiences across different temperature
conditions. For low-vegetation or water-scarce areas, introducing heat-resistant plants and reinforcing waterbody shore-
lines can enhance shading, cooling, and recreational appeal in preparation for future heat waves. Additionally, leveraging
the machine learning and sentiment analysis framework from this study, government agencies, management bodies, and
research institutions can collaborate to track visitor feedback in real-time and develop data-driven dynamic optimization
strategies. Scenic areas can pilot application scenarios, refine strategies based on successful cases, and eventually
expand them into a replicable model that balances ecological conservation and visitor satisfaction. Furthermore, these
best practices could be showcased for external visits or training programs, fostering broader adoption and knowledge
dissemination.

4.3 Research contributions

This study integrates various machine learning methods with multimodal UGC data to explore the nonlinear impact of
natural landscape perception indicators on tourist emotions under different temperature conditions. By providing a new
perspective on ecotourism perception assessment, data collection, and analysis, the research aims to contribute to the
sustainable development of global natural ecosystems and ecotourism.

(1) This study systematically examines how high-temperature and non-high-temperature conditions affect tourists’ per-
ception of natural landscapes and emotional responses, offering a micro-level analysis of how tourists’ emotions shift
based on landscape elements. It reveals significant changes in tourists’ perception of natural landscape indicators
and visual quality under high-temperature conditions, addressing the limitation of previous research, which primarily
focused on the macro-level impacts of climate conditions on tourism.

(2) The research adopts a multimodal data analysis approach, integrating UGC data, meteorological data, and advanced
machine learning models such as LSTM-CNN, HRNet, and XGBoost, alongside geospatial analysis methods. A novel
quantitative framework for assessing natural landscape perception is proposed. Additionally, by leveraging SHAP
interpretability analysis, this study further uncovers the contributions and interactions of various landscape indicators
on tourist emotions. Unlike traditional GIS-based and ethnographic studies, this research enhances SHAP analysis by
incorporating boxplots, SHAP waterfall and force plots, significantly improving the granularity and precision of ecotour-
ism perception studies.

(3) The findings have important practical implications for ecotourism planners, policymakers, and conservation managers.
The proposed planning strategies offer insights into improving tourist comfort and emotional experiences in high-
temperature environments. Furthermore, the data-driven framework serves as a monitoring tool for assessing climate
change impacts on tourist destinations, providing scientific support for sustainable landscape planning. These insights
help urban planners and decision-makers develop more effective ecotourism management strategies, promoting the
long-term sustainability of natural landscapes.

4.4. Research limitations and further directions

Compared to traditional survey studies on natural landscape preferences and tourists’ emotional perceptions, this
study utilizes UGC data combining images and texts, hotspot analysis, and machine learning methods to reveal the
internal mechanisms by which natural landscape perception affects tourists’ emotions under different temperature
conditions. However, there are certain limitations. First, this study was conducted in a representative city rich in natu-
ral ecological and tourism resources. Future research should be extended to other regions to assess the generalizabil-
ity of the results, especially in cities with average or urgently needed ecotourism resources. Due to the randomness
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of UGC data, although we endeavored to collect data within the experimental scope, some UGC data and missing
areas might not have been included in the analysis. This is an aspect that needs to be addressed in future studies.
Additionally, future research should focus on longitudinal data collection using objective measures [102]. Second, due
to privacy limitations of UGC data, we cannot accurately quantify the real emotions of people of different ages and
cultural backgrounds toward the same scene. Factors that trigger human emotions are highly complex [103], including
auditory and olfactory perceptions. The emotions perceived from text may differ from tourists’ experiences in natural
landscapes [104]. Additionally, while Weibo and Ctrip provide a vast amount of data, they may still fail to capture the
experiences of all tourists, particularly those who do not use such platforms. Platform specific biases and marketing
influences could also introduce data gaps, potentially affecting the generalizability of the study’s findings. Moreover,
the experiment used a binary classification method for quantifying perceived emotions, including positive and negative
emotions. While this method facilitates comparison with other research results, it may oversimplify tourists’ complex
emotional experiences.

In the future, provided that the dataset meets the requirements, more emotional classifications can be considered to
explore the diverse emotional changes among residents. Finally, although this study extensively quantified and compared
the impact of natural landscape elements on tourists’ emotions under high-temperature and non-high-temperature condi-
tions, it did not fully consider the effects of seasonal changes and short-term weather fluctuations on tourist experiences.
These temporal changes may influence the research results. Additionally, the classification of temperature conditions
may have certain limitations. The definition of high-temperature and non-high-temperature conditions is primarily based
on meteorological data thresholds, but tourists’ perception and adaptability to temperature may vary individually. Different
tourists may have different feelings and reactions under the same temperature conditions. Future research should con-
sider combining field surveys, in-depth interviews, and other methods to further enrich data sources and enhance the reli-
ability and representativeness of the findings. Moreover, although this study proposes several landscape strategies based
on experimental results, the effectiveness of these strategies during non-high-temperature periods remains unassessed
due to the study’s time constraints. Future research should quantify the potential improvements these strategies may bring
to the tourist experience, identify the most critical strategies for achieving positive outcomes, and evaluate the possible
impacts of these strategies under different conditions.

5. Conclusion

This study focuses on Wuyishan City in China, an area with typical natural ecological resources. By utilizing UGC data
combining images and texts and spatial analysis methods, along with machine learning models such as LSTM-CNN,
Hrnet, and XGBoost, we compared tourists’ perceptions of natural landscapes and their emotional changes under
high-temperature and non-high-temperature conditions. Through the SHAP method, we revealed the internal mechanisms
by which natural landscape indicators affect tourists’ emotions under different temperature conditions and proposed sus-
tainable optimization strategies for ecotourism natural landscapes based on the experimental results. The study found:

(1) Comparing the spatial autocorrelation analysis results under high-temperature and non-high-temperature conditions,
we observed significant differences in the geographical distribution of tourists’ emotions. Under high-temperature
conditions, the proportion of negative emotions significantly increased, and the spatial distribution was more dispersed
(Z-score=-5.628), exhibiting clear spatial diffusion effects. This demonstrates the unique impact of high temperatures
on tourists’ perceptions and emotions, prompting changes in photography preferences and destination choices.

(2) The SHAP interpretability analysis showed that under non-high-temperature conditions, the four most impactful
indicators on tourists’ emotions were Color Complexity (0.73), Visual Entropy (0.71), Greenness (0.68), and Aquatic
Rate (0.6). Under high-temperature conditions, the most influential indicators were Greenness (0.6), Openness (0.56),
Visual Entropy (0.55), and Color Complexity (0.55). This indicates that tourists prioritize aesthetics and diversity under
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comfortable temperatures, while in high temperatures, they prefer landscape elements that enhance comfort, such as
vegetation coverage and open spaces.

(3) The SHAP waterfall and force plot analyses revealed significant differences in the contributions of the Aquatic Rate
under different temperatures, with a contribution of -0.27 under non-high-temperature conditions and 1.05 under
high-temperature conditions. Furthermore, the overall benefit trend of key indicators under high-temperature condi-
tions was more stable. This suggests that differences in tourists’ emotional perceptions are influenced not only by the
physical characteristics of landscapes but also by their perception levels and adaptation methods. Planners should
focus on differentiated conservation strategies and consider tourists’ environmental perceptions, especially under
high-temperature conditions.
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