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Abstract: Traditional methods face two key limitations. First, they cannot effectively capture complex nonlinear
fluctuations driven by tourist’s perception patterns in the climate sequence, which undermines predictive accuracy. Second,
few studies have systematically and dynamically linked high-precision climate predictions with multi-dimensional tourism
development indicators. To this end, the research applies the dynamic time regularization algorithm to capture the climate
fluctuation patterns of “similar days” that conform to tourist’s subjective perceptions and constructs a dual-branch Long
Short-Term Memory (LSTM) network to improve the modeling accuracy of complex nonlinear dynamics of climate
suitability. Moreover, the grey relational analysis method is adopted to conduct correlation analysis. Results indicated that
the proposed model demonstrated outstanding performance in climate suitability prediction. Its mean absolute error was
0.92, root mean squared error was 1.35, mean absolute percentage error was 2.84%, and coefficient of determination
reached 0.94, significantly outperforming traditional and single models. Correlation analysis indicated that between 2010
and 2020, the correlation coefficient between the comprehensive comfort index and annual visitor numbers steadily
increased from 0.68 to 0.83. This demonstrated that comfortable climate conditions have become a key factor influencing
tourists' travel decisions. The model proposed by the research enhances the predictive accuracy of climate suitability in
scenic areas and reveals a progressively stronger correlation between climate comfort and tourist flow volume. This
provides precise data support and decision-making basis for scenic areas to address climate change and optimize visitor
flow management.

Keywords: Climate suitability, grey relational analysis; LSTM neural network, tourism demand analysis, time-series
forecasting.
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1. Introduction

Global climate change and the growing tourism industry significantly influence the sustainability of regional tourism
economies. Climate change has caused more frequent extreme weather events and shifts in seasonal patterns, directly
affecting the environmental comfort and natural resources of tourist destinations (Gong et al., 2024). As a climate-sensitive
industry, tourism relies heavily on climate factors such as temperature, humidity, sunshine duration, and wind speed to
inform traveler’s decisions and the quality of their experience. Therefore, predicting the climatic suitability of scenic areas
and analyzing their relationship with tourism activities has become a crucial practical need (Lopes et al., 2024; Quibus et
al., 2022). Traditional statistical Time Series (TS) forecasting methods handle linear problems well. However, when faced
with the complex, nonlinear, nonstationary, and seasonal nature of climate data, their accuracy and generalization often fall
short (Cao et al., 2023). Deep Learning (DL) methods, especially LSTM networks, have advanced significantly in recent
years for various TS forecasting tasks because of their ability to recognize sequential patterns and Long-Range
Dependencies (LRDs). Nevertheless, when managing climate sequences with complex fluctuations, a single LSTM model
may sometimes miss internal dynamic shape similarities, leading to lag or biases in predicting critical inflection points
(Sato and Fujimoto 2024). The Dynamic Time Warping (DTW) algorithm is an effective tool for measuring TS similarity.
It effectively addresses stretching and distortion along the time axis and can accurately identify “similar days” in historical
data that display patterns akin to the current forecast period (Filipovska and Mahmassani 2023; Ridderstaat 2023).
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Climate suitability, a key environmental factor shaping tourist travel decisions and experience quality, has become a
focal point in tourism geography research due to the need for accurate prediction and understanding of its links to tourism
activities. To address the challenge of modeling the relationships between weather conditions and both short- and long-
range spatial dependencies in multi-meteorological forecasting, Xu et al. (2024) proposed a tensor-based convolutional
model for both short- and long-term predictions. This model identified the contributions from different grid points and
weather conditions to forecasts using node and relationship attention mechanisms, while applying adaptive tensor graph
convolutions to capture long-range dependencies. Results showed significantly improved predictive performance compared
to existing methods. To improve the forecasting accuracy of direct normal irradiance. Pereira et al. (2024) developed a
prediction model based on artificial neural networks. They designed two neural network architectures: one that directly
uses meteorological variables at the forecast time, and another that incorporates forecast sequences to enhance predictive
accuracy. Experiments revealed that this model outperformed traditional numerical weather prediction outputs. To enhance
high-precision temperature forecasting, Gogen and Guney (2024) used upper-air radiosonde data to predict the next day’s
maximum and minimum temperatures (MaxT and MinT) with machine learning algorithms. After comparing multiple
regression methods, the Gaussian process regression showed the best results. Han et al. (2023) created a multi-view, multi-
adversarial learning framework to better utilize the natural correlations in weather and air quality forecasting tasks. This
approach employed evolutionary recurrent networks to capture dynamic temporal dependencies and used multi-adversarial
mechanisms to reduce observational noise. Experiments confirmed that the model effectively integrated air quality and
meteorological data. To address the challenge of simultaneously capturing local and global spatio-temporal dependencies
in weather forecasting, Zhang and Zhou (2025) developed a dual-branch architecture combining convolutional LSTMs and
transformers to extract local features and global context, respectively, while incorporating a partial differential equation
module. Tests across multiple meteorological datasets showed that this model outperformed existing advanced methods in
both prediction accuracy and computational efficiency.

To improve the accuracy of daily visitor flow forecasting in scenic areas, Li (2024) suggested including Baidu Index as
an external feature in the LSTM prediction model. The study examined the relationships among nine features, such as date
type, holidays, weather, and past visitor numbers, and conducted experiments at Longkou Nanshan Scenic Area. Results
showed that LSTM predictions outperformed Support Vector Machines (SVMs) and backpropagation neural networks. To
enhance tourism service quality in the 5G multimedia environment, Yan et al. (2024) proposed a deep learning-based fusion
model that combines convolutional neural networks with LSTM for analyzing user review sentiment and providing
personalized recommendations. Experiments revealed that this model outperformed SVMs, Random Forests (RF), and
single LSTM models. Given the highly nonlinear and constantly changing nature of hydrological TS, Huang et al. (2023)
suggested an encoder-decoder LSTM model with spatiotemporal attention mechanisms for predicting hydrological data
collected by wireless sensors. This model showed strong generalization abilities by adaptively capturing key features
through spatial attention and focusing on crucial time steps via temporal attention. To explore dynamic clustering patterns
in international hotel tourism demand, Ruiz Reina (2025) used the DTW method to align and cluster 106 international
demand TS. This approach automatically found the best number of clusters and identified common patterns and outliers.
Results indicated that the method effectively captured the effects of events. To address the coarse detail in existing tourism
seasonality analysis and the difficulty in detecting subtle changes, Wang et al. (2023) introduced a recognition and
forecasting method using DTW and density peak clustering. This technique identified tourism seasonal patterns from daily
data, matched patterns, and then forecasted demand. Results showed that this method accurately captured intraday and
interday seasonal trends, detected subtle shifts, such as off-peak travel, and significantly improved forecasting accuracy. In
summary, traditional models struggle to capture medium- to long-term dependencies and complex nonlinear relationships
within TS data. Machine learning models inadequately account for the interdependence within TS data, and a single LSTM
model shows significant prediction errors during periods of high data volatility. In tourism suitability research, most studies
focus solely on climate dimensions while overlooking other influencing factors such as scenic area information and tourist
flow. Moreover, these studies are often limited to past evaluations, lacking predictions for future suitability trends and thus
failing to offer comprehensive guidance for tourists and the industry. Therefore, this study proposes a framework combining
DTW and LSTM for TS forecasting and correlation analysis. The method innovatively uses the DTW algorithm to perform
elastic alignment and shape matching on historical climate TS, identifying “similar days” with highly comparable
fluctuation patterns to the forecast period. This captures tourist’s subjective perception patterns of climatic conditions. Next,
a dual-branch LSTM network is built to learn the dynamic variation patterns of climate suitability from both the overall TS
and similar local segments. Building on this, the study further integrates climate comfort analysis with grey relational
analysis to quantify the dynamic correlation strength between climate suitability and various aspects of tourism
development indicators.

The innovations of this paper are as follows: (1) A dynamic alignment and dual branch learning framework oriented to
the complex climate tourism system of scenic spots is proposed: the DTW algorithm is innovatively used to identify
historical “similar days” with similar tourist perception fluctuation patterns in the prediction period, not only for similarity
measurement, so as to introduce human subjective perception of climate into the prediction model. (2) Realize the dynamic
correlation quantification between climate suitability prediction and multi-dimensional tourism development: beyond
single climate prediction or static correlation analysis, through gray correlation analysis, dynamically quantify the
correlation strength and time sequence evolution between climate comfort and multiple indicators such as tourist volume
and tourism income. (3) Provide transferable methodology and case verification: Huangshan Scenic Area is taken as a
typical case for verification, but the model design considers universality, and its framework can be adapted to other
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mountain types and natural landscape tourist attractions, providing a method reference for adaptive management of
different tourism environments.

2. Methods

This study employs a fusion modeling approach combining DTW and LSTM. DTW is utilized to perform elastic alignment
and same-day screening of climate TS data. Subsequently, a dual-branch LSTM network is constructed to learn global
trends and local fluctuation characteristics, respectively. Finally, predictions are generated through adaptive weighted
fusion. Concurrently, gray relational analysis is applied to quantitatively evaluate the dynamic correlation between climate
suitability and tourism development.

2.1. Construction of the DTW-LSTM Fusion Model

Research on the correlation between TS forecasting of scenic area climate suitability and tourism development essentially
represents an in-depth exploration of environmental perception and behavioral response mechanisms within human-land
interactions. Climate conditions not only directly shape the resource attractiveness of tourist destinations but also indirectly
regulate the spatiotemporal distribution of tourist flows and the quality of visitor experiences by influencing traveler’s
perceived comfort levels and psychological expectations (Sierra-Porta, 2025). Traditional research often relies on static
cross-sectional data or simple meteorological indicators, making it difficult to capture the dynamic adaptation process of
tourism demand under climate change. Introducing TS forecasting methods enables analysis of the coupling between
historical climate patterns and tourism behavior, thereby revealing the underlying dynamic mechanisms of their correlation.
Precise climate suitability forecasts provide scientific travel guides for tourists, particularly enhancing travel safety and
equitable experiences for climate-sensitive groups such as the elderly and children. Simultaneously, they offer decision
support to scenic area managers for optimizing resource allocation and mitigating climate risks, thereby advancing
sustainable development and adaptive governance in tourism amid climate change.

In the design of the DTW-LSTM model, the first challenge is addressing the similar measurement of climate TS data.
Climate data (such as daily MaxT, relative humidity, wind speed, etc.) often exhibit non-uniform lengths due to issues such
as temporary equipment failures or data transmission delays. Furthermore, climate sequences from the same period across
different years may suffer from time-axis scaling. Traditional Euclidean distance struggles to accurately measure the
similarity of such sequences (Sabarinath et al., 2023; Alhindi et al., 2025). To achieve effective similarity measurement for
climate TS data, this study implements elastic alignment through a three-step process: Distance Matrix (DM) construction,
loss matrix calculation, and regularized path optimization. This process is illustrated in Fig. 1.
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Fig. 1. Schematic diagram of the distance matrix and cumulative loss matrix calculation in the DTW algorithm

It is assumed that two series of scenic area climate suitability exist, designated as the reference series
X =(x,%,,...,x,,) and test series ¥ =(¥,,,,...,»,) . First, the DM D is constructed for mx#n . Matrix element

D(i, J ) represents the local difference between the i th element of series X and the jth element of series DD.
Euclidean distance is employed to quantify the correlation between data points at a single time step, as shown in Eq. (1).

DG j)=|x -y (1)

Fig. 1(a) illustrates the specific structure of this DM. The different values within the matrix directly reflect the local
differences in climate suitability between the two sequences at each point in time. For example, the value D(8,7)
corresponding to November 8 (i=8) and November 7 (j=7) is relatively low, indicating that the climate suitability states of
the two sequences are similar at that point in time.

Based on dynamic programming principles, the loss matrix D, is further computed to achieve elastic sequence
alignment, with the calculation process subject to three constraints. First, the boundary constraint requires alignment paths
to originate from D_(1,1) and terminate at D_(m,n) , ensuring complete matching at the sequence’s beginning and end.
Second, the monotonicity requirement stipulates that paths extend only in the right, down, and right-down directions to
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prevent temporal sequence disruption. Finally, the continuity requirement mandates path continuity without jumps to
guarantee alignment smoothness. The loss matrix is updated recursively by combining the minimum loss value of adjacent
positions with the current local distance (Singh et al., 2025; Li et al., 2025), as shown in Eq. (2).

D,(i,j)=min{D,(i-1,j-1),D,(i-1,/), D, j -1} + DG, ) )

In Eq. (2), the initial value D,(1,1) = D(1,1) is computed by traversing the matrix element-by-element. The D, (m,n)

value in the lower-right corner of the final matrix represents the DTW distance between the two sequences. Sequence
patterns are more similar when the value is smaller (Cao et al., 2024). Fig. 1(b) presents the computed loss matrix. The
values in the lower-right corner can be directly used to assess the overall similarity between climate suitability sequences
for the same period across different years. To determine the specific alignment relationship between two sequences, an
optimal matching pair must be identified through path regularization optimization. The results of this process are shown in
Fig. 2.
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Fig. 2. Optimal path and sequence alignment matching results based on DTW

Fig. 2(a) shows the optimal regular path, indicated by the solid line from the top-left to the bottom-right corner. Each
node (7,j) along the path corresponds to the optimal matching relationship between the i th element of sequence X

and the Jj th element of sequence Y . Fig. 2(b) further visualizes the matching logic. For example, when sequence Y has
missing data on November 5th, the path can be extended to align November 5th in sequence X with November 4th in
sequence Y, effectively resolving the challenge of matching sequences of unequal lengths. In climate data processing, a
1x7 weekly time window can be configured to traverse historical climate data. Using sequences with climate suitability
within the suitable range as reference templates, the DTW distance between each test template and the reference template
is calculated. Those with distances below the threshold are selected. That is, dates corresponding to test templates with
similarity exceeding the set standard are designated as “similar days,” providing high-quality sample support for subsequent
LSTM training.

To address the LRD characteristics of climate suitability changes, this study employs an LSTM network to circumvent
the vanishing gradient problem inherent in traditional recurrent neural networks. The core mechanism achieves temporal
screening and retention by coordinating the Forget Gate (FG), Input Gate (IG), and Output Gate (OG). Specifically, the FG
filters effective information from historical Cell States (CSs), determining whether to retain or discard past temporal
features, as illustrated in Eq. (3).

fi=0(W, lh_.x]+b,) 3)

InEq. 3), W, and b, display the weight parameter and bias term of the forgetting gate. %, denotes the network’s

hidden-layer output at the previous step. x, represents the climate feature data input at the current time step. O is the

sigmoid Activation Function (AF) (output range [0,1]). In climate data processing, the forgetting gate automatically filters
out irrelevant short-term information, such as minor daily wind speed fluctuations, while prioritizing the retention of key
long-term features, such as monthly temperature trends (Shang et al., 2025). The IG updates CSs to determine new temporal
information to incorporate at the current time step, comprising two steps: candidate state generation and state update, as
shown in Eq. (4).

i = J(VK ‘[htfl,xt]+bl.)
C, =tanh (W, -[h_,,x,]+b.) 4)

Ct :ft'Cr—l+it'Ct
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In Eq. (4), i, represents the IG activation value. C . denotes the candidate CS (the tanh AF ensures output ranges from

-1to 1). C, indicates the updated CS. This process accurately captures abrupt changes in climate data, such as the sudden

increase in humidity 2-3 days before a typhoon arrives and incorporates these critical features into the CS via the IG (Li et
al., 2024). The OG controls the informational content of the hidden layer's current output, filtering features within the CS
that are strongly correlated with future climate suitability, as shown in Eq. (5).

Ot:O-(VI/(,'[ht—l’xt]+bo) (5)
h, =o, -tanh(C))

In Eq. (5), o, represents the OG activation value. 4, denotes the hidden layer output at the current time step. For
climate suitability forecasting, the OG can prioritize core features such as temperature variations and humidity trends over
the next three days, enhancing the prediction's relevance and effectiveness. The final DTW-LSTM fusion model workflow
is illustrated in Fig. 3.
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Fig. 3. The process of the DTW-LSTM fusion model

In the model training phase of Fig. 3, a dual LSTM network is employed for parallel training to achieve multi-
perspective learning of data features. The complete original training set (denoted as Train DATA) and the augmented
training set obtained through DTW filtering (denoted as DTW_DATA) are respectively input into two structurally identical
LSTM models. The LSTM model trained on Train DATA focuses on learning long-term trends in global temporal data,
while the LSTM model trained on DTW_DATA concentrates on capturing local fluctuation patterns within similar periodic
segments. Network weights are updated during training using the Adam optimizer, which allocates adaptive learning rates
to each parameter according to first- and second-order moment estimations. Early stopping is employed to reduce
overfitting probability, ensuring both sub-models converge stably and learn effective features.

Finally, the prediction results from the dual models are integrated through weighted fusion. The weight calculation is
primarily based on the DTW similarity metric, ensuring that model predictions dominated by similar data carry greater
influence. The weight calculation for the LSTM model based on DTW_DATA is shown in Eq. (6).

minDTW (X,,Y)

w=
k
S’ DTW(X,,Y)+ DTW(N.Y) ©)
1
In Eq. (6), minDTW(X,,Y) represents the minimum DTW distance between the selected k data sets and the
k
reference sequence (RS) Y . ZDT W(X,;,Y) denotes the sum of DTW distances between k data sets and Y .
1

DTW(N,Y) signifies the DTW distance between the original training set and ¥ . The final prediction result J, is
obtained by weighting the predictions P, ¢y and Pprw_isrm from the two LSTM models, as shown in Eq. (7).

-)’>t =(1-2)- J;LSTM +A4- J’>DTW—LSTM (7

In Eq. (7), A represents the dynamic weight, which is adaptively adjusted based on DTW similarity and the model's
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performance on the validation set. This fusion approach preserves the influence of global temporal trends and enhances the
contribution of similar periodic segments to prediction outcomes. This effectively improves the model's ability to adapt to
highly volatile TS data.

2.2. Correlation Analysis Between Tourism Development and Climate Suitability

Building upon the precise climate suitability predictions achieved by the DTW-LSTM fusion model for scenic areas, this
study further employs grey relational analysis to systematically quantify the dynamic correlation strength between climate
suitability and multiple tourism development indicators. This approach aims to reveal the intrinsic connection between
climatic conditions and tourism development, thereby providing a scientific basis for scenic areas to respond to climate
change and optimize tourism management strategies. Climate suitability not only directly determines visitors' perceived
comfort levels but also indirectly influences the attractiveness of tourism resources, the feasibility of tourism activities, and
the overall competitiveness of tourism destinations (Malinovi¢-Mili¢evi¢ et al., 2025). Fig. 4 illustrates the fundamental
mechanism by which climate change impacts the tourism industry. The influence of climate suitability on tourism can be
analyzed from both direct and indirect dimensions. Direct impacts manifest in aspects such as tourists' travel decisions,
length of stay, activity choices, and satisfaction levels. Multiple studies indicate that extreme weather events significantly
reduce tourists' willingness to travel, potentially leading to trip interruptions or cancellations. Indirect impacts manifest in
the long-term effects of climate suitability on tourism resources, infrastructure, and service systems. For instance,
prolonged heatwaves may cause degradation of the natural landscape, affecting the sustainable use of ecotourism resources.
Extreme precipitation events can trigger disasters such as floods and landslides, damaging tourism transportation networks
and facility safety, thereby further constraining the healthy development of the tourism industry.

| Comprehensive comfort index |
Impact factor Tourism resources
e N e N
Convaitta] Indirect influence A Tourist attractions |
weather and climate Direct impact
Climate change
Extreme weather | 4
and climate . . :
wect influence \i Tourist |
\ J _ J

| Tourism-related industries |

_l Tourism facilities |

Fig. 4. Schematic diagram of the basic mechanism by which climate change affects the tourism industry

Climate suitability serves as a key driver, directly impacting the tourism industry, such as through policy restrictions
affecting tourism operations, while simultaneously exacerbating or alleviating environmental issues. Both typical weather
and climate trends, as well as extreme weather and climate events, have an impact on climate change itself. These factors
exert indirect effects on tourism-related industries. Quantifying climate suitability typically relies on a comprehensive
assessment of multiple meteorological elements. Common Comprehensive Comfort Indices (CCI) include the
Temperature-Humidity Index (THI), Wind Chill Index (WCI), and Index of Clothing (ICL). These indices integrate
meteorological factors such as temperature, humidity, wind speed, and solar radiation to reflect human thermal comfort
perceptions under specific environmental conditions (Gebrehiwot et al., 2024; Kovacs et al., 2025). CCI can be expressed
as Eq. (8).

CCI=0.6- X, +0.3- Xyo +0.1- X, ®)

In Eq. (8), Xy, Xwer»> and X, represent the normalized values of THI, WCL, and ICL, respectively. This model

fully accounts for the varying contributions of different meteorological elements to human comfort, providing a unified
metric for climate suitability that facilitates subsequent correlation analyses.

The core of static correlation analysis lies in quantifying the strength of association between climate suitability and
tourism development indicators. Among these methods, grey correlation analysis has emerged as a key approach for
adapting to the characteristics of meteorological and tourism data due to its advantages: low sample size requirements, no
need for data to follow a normal distribution, and effective handling of incomplete information systems (Basegmez et al.,
2025). This method reveals the degree of correlation between the reference series (tourism development indicators) and the
comparison series (climate indicators) by calculating their association. The reference series comprises core indicators

reflecting tourism development levels, including domestic tourist arrivals Y, , international tourist arrivals Y, , and total
tourism revenue Y, . These indicators directly reflect the operational status of the tourism industry. The comparison
sequences (CSeq) are divided into two categories: First, single meteorological factor sequences, such as annual average
temperature ( X, ), annual average humidity ( X, ), annual average precipitation ( X, ), annual average wind speed ( X)),

and annual average sunshine duration ( X ). Second is a comprehensive multi-meteorological factor sequence, namely the
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composite CCL X, . By comparing these two types of sequences, the differences in the impact of single versus multiple
factors on tourism development can be distinguished.

First, normalization of the data is performed, as meteorological and tourism data exhibit significant differences in
magnitude and units. Direct calculations would distort correlation results. Therefore, dimensionless processing is required
to convert all sequences into standardized data within the [0,1] range. Common methods include the mean method and the

initial value method, with selection based on data characteristics. The mean method is suitable for sequences with high
volatility and no obvious linear trends, such as precipitation and wind speed, as shown in Eq. (9).

_ %k
1 ©)
m;ﬂm

Xik
In Eq. (9), x,(k) means the raw data of the i -th sequence (e.g., annual average precipitation) at time k. " denotes

the number of observations. X, indicates the standardized data. This method eliminates differences in magnitude by
dividing by the sequence mean while preserving the relative fluctuation characteristics of the data. The initial value method
is applicable to sequences exhibiting pronounced growth or decline trends, such as passenger volume and tourism revenue,
as shown in Eq. (10).
x, (k)
Xig =
x (1)

(10)

In Eq. (10), x;(1) represents the initial-time data of the i -th sequence. By comparing this value with the initial value,
the long-term trend of the sequence is highlighted. The correlation difference sequence measures the local deviation
between the RS and the CSeq at each time interval. For time k , the correlation difference formula between the RS Y, (k)

and the 7-th CSeq X,(k) is given by Eq. (11).
A, (k) =Y, (k) = X, (k)| (D)

In Eq. (11), A,(k) means the absolute difference between the i -th CSeq and the RS at time point & . By calculating

A, (k) for all time points, the correlation difference sequence between the CSeq and the RS is obtained. A smaller

difference indicates that the two sequences exhibit a more similar trend of change at that time point. Then, traverse all
CSeqs and their corresponding association differences at every time point, selecting the global minimum and maximum
values. This standardizes the measurement scale for association differences across different sequences, preventing bias in
association coefficients caused by sequence variation (Liu et al., 2024). The association coefficient quantifies the closeness
of association between the RS and the CSeq at a given time point, as shown in Eq. (12).

m%XA,- (k)+p- m%x Az(k)

&(k)y= (12)

A (k)+p- max A, (k)

InEq.(12), & (k) e [0, 1] represents the correlation coefficient between the 7 -th CSeq and the RS attime k.If & (k)
approaches 1, it indicates a strong correlation between the two at that time. A weak association is shown if it gets close to
0. P is the discrimination coefficient, typically set to 0.5. Its function is to balance the sensitivity and stability of the
correlation coefficient. A smaller £ value indicates more pronounced differences in correlation coefficients and higher
sensitivity. A larger £ value results in smoother correlation coefficients and greater stability. While the correlation
coefficient reflects the degree of association at a specific moment, the correlation degree provides a comprehensive measure
of the overall association strength across the entire time period. It is obtained by averaging the correlation coefficients for
all time points of a given CSeq, as shown in Eq. (13).

m

1
V,~ _Z;é'(k) (13)

In the Eq. (13), 1 € [0, 1] displays the correlation between the i -th CSeq and the RS. A higher correlation indicates a
stronger long-term association between the two.

3. Results and analysis

Based on daily-scale meteorological and tourist flow data from Huangshan Scenic Area between 2010 and 2020, this study
first verifies the superiority of the DTW-LSTM fusion model in predicting climate suitability. Subsequently, through grey
correlation and correlation analysis, it reveals a significantly enhanced dynamic relationship between CCI and tourist flow.

3.1. DTW-LSTM Fusion Model Prediction Results and Accuracy Validation
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The datasets used by the research primarily originate from two authoritative departments: First, the daily meteorological
data for Huangshan Scenic Area (including but not limited to key indicators such as daily maximum/MinTs, relative
humidity, precipitation, sunshine duration, and wind speed) is sourced from the National Meteorological Science Data
Center of the China Meteorological Data Network (http://data.cma.cn/). Long-term historical observation data from
meteorological monitoring stations surrounding the specific scenic area are obtained through a formal application. Second,
the corresponding daily visitor flow data for the scenic area is compiled through the official annual statistical reports of the
Huangshan Scenic Area Management Committee, data interfaces from the smart tourism platform, or internally obtained
data through collaborative partnerships. To ensure the consistency of TS data, the study selects a complete ten-year dataset
of daily data from 2010 to 2020 as the sample. After data cleaning and outlier handling, the meteorological data is utilized
to construct a climate suitability index. This index is then aligned with tourism flow data to fully support the subsequent
training of the DTW-LSTM fusion model and correlation analysis.

The study employs a time-based partitioning strategy, dividing the daily data from 2010 to 2020 into training, validation,
and test sets in a 7:2:1 ratio to simulate real-world forecasting scenarios and prevent information leakage. The experiment
is completed on an Ubuntu 20.04 server configured with Python 3.8, TensorFlow 2.8.0 with Keras 2.8.0, NVIDIA GeForce
RTX 3080, and NVIDIA Driver version 510.54 to ensure reproducibility of results. Table 1 displays the DTW-LSTM fusion
model’s parameters.

Table 1. Parameter settings of the DTW-LSTM fusion model

Block Parameter Values/settings
Number of network layers 2
Number of hidden units 64
LSTM structure Enter the time step 14
Output the time step 7
Dropout 0.2
Optimizer Adam
Learning rate 0.001
Training settings Batch size 32
Epochs 200
Patience 20

Table 2 demonstrates the prediction performance of the DTW-LSTM model for the TS data of scenic area climate
suitability. By comparing the Actual Values (AVs) and Predicted Values (PVs) over consecutive days in late December
2018, it is evident that the model exhibits a low overall prediction error, with the absolute error falling below 1 for the vast
majority of dates. This indicates that the model possesses a certain degree of capability in predicting climate suitability.
However, relatively high errors (approaching 0.9) are observed on dates such as December 23, 27, and 30, indicating that
the model's stability during specific weather shifts or complex meteorological conditions still has room for improvement.
This underscores the necessity of introducing the DTW-LSTM hybrid model for TS alignment and nonlinear dynamic
modeling. The fluctuating aspects of climate appropriateness and their possible influence on tourism activities are better
captured by this model.

Table 2. DTW-LSTM predicted versus true value comparison results

Date Actual value Predicted value Error value
2018/12/20 35.12 35.65 -0.53
2018/12/21 38.75 38.98 -0.23
2018/12/22 44.08 44.29 -0.21
2018/12/23 36.26 35.35 0.91
2018/12/24 38.63 39.31 -0.68
2018/12/25 40.47 41.32 -0.85
2018/12/26 36.84 36.31 0.53
2018/12/27 44.16 43.27 0.89
2018/12/28 41.72 42.11 -0.39
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2018/12/29 34.18 33.82 0.36
2018/12/30 31.76 30.85 0.91

The comparison of late December 2018 temperature estimates and actual results for various models is displayed in Fig.
5. In Fig. 5(a), the CNN model's prediction curve exhibits poor alignment with AVs, with significant deviations observed
on certain dates. For instance, the PV on December 20 is 1.5 degrees lower than the AV, while the PV on December 26 is
1.8 degrees higher than the AV. The overall error range falls between 1.2 and 1.8 degrees. Fig. 5(b) shows that the LSTM
model outperforms the CNN in prediction accuracy, reducing the error to 0.8-1.3. The PV on December 24 is 1.1 higher
than the AV, while the PV on December 28 is 0.8 lower than the AV, though visible deviations still exist. In Fig. 5(c), the
DTW-LSTM model's prediction curve closely aligns with the AVs, with errors ranging from 0.2 to 0.5. The difference
between the PV and AV is 0.3 on December 22 and 0.4 on December 30, demonstrating significantly higher accuracy than
the previous two models.
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Fig. 5. Graphs of the predicted and true temperature values of different models

Fig. 6 compares the error performance of the DTW-LSTM, LSTM, and CNN models. In Fig. 6(a), the MAE of DTW-
LSTM increases less than that of LSTM and CNN, consistently maintaining the lowest value. In Fig. 6(b), at 1h, the MAE
of DTW-LSTM is 1.75. At time intervals such as 3h, 6h, and 12h, the MAE is significantly lower than that of the other two
models. In Fig. 6(c), the MAE of DTW-LSTM increases gradually with time. At 12 hours, it remains the lowest among the
three models, while the MAEs of LSTM and CNN consistently exceed that of DTW-LSTM. Overall, DTW-LSTM
demonstrates superior error control and greater stability across all prediction durations at different time intervals.

Table 3 presents a comparison of the prediction performance between the DTW-LSTM fusion model and other models,
covering four metrics: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error
(MAPE), and coefficient of determination (R?). The Autoregressive Integrated Moving Average (ARIMA) model yields an
MAE of 2.45, an RMSE of 3.12, an MAPE of 6.82%, and an R? of 0.76. The LSTM model reduces MAE to 1.23, with an
RMSE of 1.87, MAPE of 3.56%, and R? of 0.89. The Transformer model achieves an MAE of 1.15, RMSE of 1.75, MAPE
of 3.3%, and R? of 0.91. Meanwhile, DTW-LSTM demonstrates the best performance across all metrics: MAE of 0.92,
RMSE of 1.35, and MAPE of 2.84%. Moreover, its R? value reaches 0.94, significantly outperforming models such as
ARIMA, Support Vector Regression (SVR), and RF. This fully demonstrates the superior PA of the fusion model.

Fig. 7 presents the Anomaly Correlation Coefficient (ACC) prediction results for four key meteorological variables:
Mean Temperature (MT), MaxT, MinT, and Dew Point Temperature (DPT). ACC measures the degree of anomalous
matching between PV and AV of meteorological variables. Li et al. (2024) proposed a coupled prediction model ESMD-
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EWT-SVD-LSTM consisting of Extreme Point Symmetric Mode Decomposition (ESMD), Empirical Wavelet Transform
(EWT), Singular Value Decomposition (SVD), and LSTM. This study compared ESMD-EWT-SVD-LSTM with DTW-
LSTM. In Fig. 7(a), the ACC of DTW-LSTM gradually decreases from 1.00, reaching 0.85 at 192 hours. The ACC of
ESMD-EWT-SVD-LSTM declines more rapidly, reaching 0.75 at 192 hours. In Fig. 7(b), the DTW-LSTM achieves an
ACC 0of 0.80 at 192 hours, while ESMD-EWT-SVD-LSTM drops to 0.65. In Fig. 7(c), the DTW-LSTM maintains an ACC
0f 0.42 at 192 hours, whereas ESMD-EWT-SVD-LSTM falls to only 0.22. In Fig. 7(d), the DTW-LSTM model exhibits a
slower decline in ACC, reaching 0.35 at 192 hours, while ESMD-EWT-SVD-LSTM drops to 0.20. Overall, DTW-LSTM
consistently achieves higher ACC than ESMD-EWT-SVD-LSTM in long-term forecasts for the four meteorological
variables, exhibits slower decay over time, and delivers superior prediction accuracy.

Fig. 8 shows the RMSE prediction results for four key meteorological variables: MT, MaxT, MinT, and DPT. As the
forecast time increases, the RMSE of both methods increases, but the RMSE of DTW-LSTM remains consistently lower
than that of ESMD-EWT-SVD-LSTM. In Fig. 8(a), the RMSE of DTW-LSTM at 192 hours is 3.5, while that of ESMD-
EWT-SVD-LSTM is 3.9. In Fig. 8(b), the RMSE of DTW-LSTM at 192 hours is 2.4, while that of ESMD-EWT-SVD-
LSTM is 2.9. In Fig. 8(c), the DTW-LSTM achieves 1.3 at 192 hours, while ESMD-EWT-SVD-LSTM achieves 1.8. In
Fig. 8(d), the DTW-LSTM achieves 1.5 at 192 hours, while ESMD-EWT-SVD-LSTM achieves 1.9. Overall, DTW-LSTM
not only exhibits lower prediction errors across various meteorological variables but also shows a more gradual increase
in error over time, indicating superior prediction accuracy and stability.
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Fig. 6. Graph of the relationship between prediction duration and MA

Total precipitation serves as a key variable for measuring precipitation intensity and coverage, yet its significant spatio-
temporal nonlinearity and sparsity pose substantial challenges for modeling and forecasting. Fig. 9 presents the predicted
total precipitation. In Fig. 9(a), the ACC of the DTW-LSTM model gradually declines from 0.78 to 0.25 at 192 hours. The
ACC of ESMD-EWT-SVD-LSTM decreases from 0.75 to 0.22 at 192 hours, while DTW-LSTM demonstrates overall
superior ACC. In Fig. 9(b), the RMSE of DTW-LSTM gradually increases from 1.1 to 2.9 at 192 hours. The RMSE of
ESMD-EWT-SVD-LSTM increases from 1.6 to 3.4 at 192 hours. DTW-LSTM consistently maintains a lower RMSE. It is
precisely because DTW-LSTM can more effectively utilize historical meteorological variable data to capture the complex
dynamic structure and multi-factor coupling relationships of total precipitation that it demonstrates superior performance
in forecasting such highly uncertain variables.
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Table 3. Comparison of prediction effects of DTW-LSTM fusion model

Model MAE RMSE MAPE (%) R?
ARIMA 2.45 3.12 6.82 0.76

SVR 2.1 2.78 59 0.8
RF 1.85 24 52 0.84
XGBoost 1.75 2.25 4.95 0.86
BPNN 1.98 2.56 5.43 0.82
LSTM 1.23 1.87 3.56 0.89
Transformer 1.15 1.75 3.3 0.91
CNN-LSTM 1.08 1.6 3.05 0.92
DTW-LSTM (Ours) 0.92 1.35 2.84 0.94
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Fig. 7. The ACC prediction results of four important meteorological variables

3.2. Analysis of the Correlation Between Climate Suitability and Tourism Development

Fig. 10 shows the CCI changes in the Huangshan Scenic Area. In Fig. 10(a), the annual comprehensive climate comfort
index of the Huangshan Scenic Area does not exhibit linear variation but rather fluctuates over time. This trend reflects the
fluctuating adjustment characteristics of the scenic area’s annual comprehensive climate comfort. Fig. 10(b) shows
relatively significant changes in February, August, and October-November, which are closely correlated with air
temperature: February increases from unsuitable to relatively unsuitable, October rises from relatively suitable to suitable,
and November advances from relatively unsuitable to relatively suitable. Such improvements in comfort levels promote
the development of tourism in scenic areas. Conversely, August declines from relatively suitable to relatively unsuitable,
exerting a certain inhibitory effect on tourism activities. The comfort index for the remaining months changes relatively
little, and the “M”-shaped pattern of climate comfort variation throughout the year gradually widens over time. Overall,
during the 2010-2020 observation period, the annual comprehensive climate comfort index for Huangshan Scenic Area
fluctuates upward, with a corresponding increase in the length of the tourist climate comfort period. This modification
contributes to the sustained growth of the tourism sector in the picturesque region.

Table 4 presents the dimensionless processing results and correlation between the CCI and visitor numbers in
Huangshan Scenic Area from 2010 to 2020. CCI values maintain a high level, reaching 0.92 in 2010, 1.02 in 2014, and
1.03 in 2019. Visitor numbers show a clear upward trend, increasing from 0.40 in 2010 to 0.88 in 2019 (slightly declining
to 0.75 in 2020). The difference in dimensionless values steadily decreases, from 0.52 in 2010 to 0.13 in 2020, indicating
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that the gap between CCI and visitor numbers is narrowing. Importantly, the correlation coefficient rises from 0.68 in 2010
to 0.83 in 2020, demonstrating that the influence of climate comfort on visitor numbers becomes increasingly significant
over time.

Fig. 11 presents a heatmap of Pearson correlation coefficients between average temperature (1), MaxT (2), MinT (3),
DPT (4), relative humidity (5), average wind speed (6), sea-level pressure (7), station-level pressure (8), and CCI (9). This
clearly illustrates the association patterns between various meteorological elements and CCI. Temperature-related factors
exhibit a highly positive correlation with CCI: The average temperature exhibits a correlation coefficient of 0.99 with CClI,
while both maximum and MinTs show a correlation coefficient of 0.97 with CCI. The DPT correlates with CCI at 0.95.
This indicates that air temperature and associated dew point conditions are core positive factors in enhancing climate
suitability. Sea-level pressure exhibits a strong negative correlation with CCI (-0.86), indicating a significant inhibitory
effect. Relative humidity (-0.24) and local barometric pressure (-0.27) show weak negative correlations with CCI, exerting
minor influences. Average wind speed is nearly unrelated to CCI (-0.08), with negligible impact on suitability.
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Fig. 9. Predicted results for total precipitation

4. Discussion

This study successfully developed a DTW-LSTM hybrid model and applied it to forecast climate suitability in scenic areas
and analyze its connection with tourism growth. The experimental results confirmed the effectiveness and advantage of the
proposed model, while the correlation analysis offered valuable quantitative evidence for understanding the complex link
between climate and tourism. The DTW-LSTM fusion model showed notable improvements in prediction accuracy.
Compared to the traditional LSTM model (MAE=1.23, RMSE=1.87), the DTW-LSTM model reduced MAE by 25.2% (to
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0.92) and RMSE by 27.8% (to 1.35), with an R? value of 0.94. This suggests the model explains 94% of the variation in
climate suitability. The improvements were especially evident in predicting extreme weather events and climate tipping
points. In the late December 2018 forecast, the DTW-LSTM prediction curve closely matched actual values, with an
average daily error of only 0.2-0.5. On days with large temperature swings, such as December 23, 27, and 30, errors reached
nearly 0.9, but the model still surpassed the comparison model significantly. This shows the DTW algorithm helped the
LSTM network by identifying “similar days” in historical data, providing more representative training samples. As a result,
the LSTM network showed greater adaptability and stability when dealing with complex climate variation patterns.
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Fig. 10. Changes in CCI and comfort period in Huangshan Scenic Area

Table 4. Dimensionless processing results and correlation table of climate comfort index and number of tourists in
Huangshan Scenic Area from 2010 to 2020

Dimensionless The dimensionless processing Dimensionless processing Correlation

Year processing value of  value of the number of tourists  value difference sequence coefficient
CCI in the scenic area (absolute difference)

2010 0.92 0.40 0.52 0.68
2011 0.95 0.45 0.50 0.69
2012 091 0.49 0.42 0.72
2013 0.98 0.54 0.44 0.71
2014 1.02 0.59 0.43 0.71
2015 0.97 0.65 0.32 0.75
2016 0.94 0.71 0.23 0.78
2017 1.01 0.76 0.25 0.77
2018 0.96 0.82 0.16 0.81
2019 1.03 0.88 0.15 0.82
2020 0.88 0.75 0.13 0.83

The DTW-LSTM model constructed by the researchers can not only predict the climate suitability of the scenic area
with high accuracy but also provide a scientific decision-making basis for the scenic area management department. Firstly,
scenic spots can dynamically adjust the ticket reservation system and entry policies based on the prediction results of
climate suitability. One week before the suitable period, with a comfort index of >0.8, they can increase the number of
online tickets and guide off-peak visits through price fluctuations. Before the unsuitable period, with a comfort index of
<0.5, they can activate emergency plans to limit the number of group tourists and enhance the guidance of the flow of
people. Second, human resources and facility allocation can be planned in advance based on predictions. For instance,
ticket sales can be increased and off-peak visits guided during suitable weather periods, while flow control and diversion
plans can be initiated during unsuitable weather periods. Third, differentiated tourism products and marketing activities
can be designed based on predictions. During suitable periods, outdoor activities such as mountain climbing and sightseeing
can be promoted, while during unsuitable periods, alternative products like cultural explanations can be launched. At the
same time, climate comfort forecasts can be released through official platforms to help tourists plan their trips reasonably.
Fourth, a climate risk emergency response mechanism should be established for extreme weather predictions, such as heavy
rain and high temperatures. Medical points and spray cooling equipment should be deployed in advance during high
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temperatures. During heavy precipitation, geological disaster monitoring should be strengthened, and dangerous sections
of roads should be closed. Ecological adaptability projects, such as vegetation restoration and water resource management,
can also be planned based on the trend of climate suitability changes to promote sustainable development. In conclusion,
the model proposed by the research institute not only provides high-precision climate-suitability prediction tools for scenic
spots but also establishes an effective closed loop from data prediction to management decision-making, helping scenic
spots achieve refined, intelligent, and sustainable operations.
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Fig. 11. Heat map of Pearson correlation coefficient of meteorological elements

Although this research achieves the expected results, it mainly focuses on climatic factors. While emphasizing their
significant impact, tourist travel decisions are part of a complex, multi-faceted system. Factors like macroeconomic
conditions, sudden public events, and marketing policies are not included in the model, which could reduce prediction
accuracy in extreme situations. Furthermore, although this research case focuses on the Huangshan Scenic Area, as
mentioned earlier, the model method has inherent portability. For instance, for seaside tourist destinations, the weights of
“wind speed” and “sunshine” can be adjusted in the CCI calculation. For urban cultural tourism destinations, additional
factors such as the “air quality index” that affect comfort can be included. Future research will focus on building an open
framework that allows for flexible selection of features and adjustment of model parameters based on different types of
tourist destinations. Through multi-case comparative studies, the model's adaptability and prediction accuracy will be
systematically verified across different geographical, climatic, and cultural backgrounds.

5. Conclusion

This research developed a DTW-LSTM hybrid model to accurately forecast the timing of climate suitability in scenic areas
and measured its correlation with tourism growth. In terms of prediction accuracy, the DTW-LSTM model significantly
outperformed traditional and single DL models. Analyzing data from the Huangshan Scenic Area from 2010 to 2020, the
model achieved an MAE of 0.92, an RMSE of 1.35, an MAPE of 2.84%, and an R? of 0.94. These results reflected MAE
reductions of 62.5% and 25.2% compared to the ARIMA model and single LSTM model, respectively. In long-term
forecasts, the model maintained excellent stability, reaching an average temperature accuracy of 0.85 at 192 hours, 0.1
points higher than the reference model. The total precipitation RMSE was 2.9, which was 0.5 lower than the reference,
effectively capturing the nonlinear variability of climate data. This highlights the significant benefit of the DTW-LSTM
fusion approach in modeling the nonlinear complexities and shape similarities within climate data. Regarding the
correlation analysis, the CCI for Huangshan Scenic Area showed a fluctuating upward trend from 2010 to 2020. The
correlation coefficient between CCI and visitor numbers increased from 0.68 to 0.83, indicating a stronger influence of
climate suitability on tourism decisions. Additionally, the correlation coefficient between average temperature and CCI
reached 0.99, establishing it as the primary positive factor impacting suitability. In conclusion, the DTW-LSTM model
serves as an effective tool for predicting climate suitability. The correlation analysis results can provide quantitative support
for managing visitor flow, designing tourism products, and fostering sustainable development in Huangshan Scenic Area.
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