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In the information wave of the 21st century, human society has ushered in unprecedented technological 
innovation, especially the application of the Internet of Things (IoT) and big data technology, which is bringing 
profound changes to many fields. However, in the tourism industry, how to effectively use these emerging 
technologies to solve problems such as passenger flow control, tourist experience improvement, and resource 
utilization efficiency in scenic area management is still one of the key and difficult points of current scientific 
research. This study constructed a theoretical framework and methodology for passenger flow analysis and 
regulation strategies in tourist attractions based on spatiotemporal evolution and IoT big data. The 
spatiotemporal evolution model was defined, and the spatiotemporal trend of passenger flow was demonstrated 
through the diffusion equation and the description of external factors. The data collection design considered a 
variety of technical means such as video surveillance and image recognition, radio frequency identification (RFID), 
sensor networks, and mobile device positioning. Data processing and analysis methods included data 
preprocessing, spatiotemporal series analysis, and multivariate linear regression models to reveal the 
spatiotemporal distribution of passenger flow and its influencing factors. Through empirical evaluation, the 
results showed that dynamic fare adjustment and tourist diversion strategies could effectively balance passenger 
flow distribution, improve tourist satisfaction, and improve environmental and resource utilization efficiency. This 
study provided a scientific basis for the regulation and management of tourist flow in scenic spots and a reference 
for similar studies in the future. 
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Introduction 
 
In the information wave of the 21st century, 
human society has ushered in unprecedented 
technological innovation. The rapid development 
of information technology has not only 
profoundly changed human’s daily lives, but also 
given wings to the transformation and upgrading 
of various industries. In particular, the Internet of 
Things (IoT) and big data technology are leading 
a quiet revolution, bringing disruptive changes to 

many fields. In this technological torrent, the 
tourism as an ancient and vibrant industry is no 
exception and is undergoing an important 
transformation period from traditional to 
intelligent. In this context, the modernization 
process of tourist scenic area management has 
been given new missions and challenges and has 
also gained unprecedented development 
opportunities [1]. As an intelligent information 
network system integrating perception, 
transmission, and processing, the core 
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technology of IoT is “Internet of Everything”. In 
the tourist scenic area scenario, by deploying 
various sensors, intelligent monitoring 
equipment, radio frequency identification (RFID) 
tags, and other IoT components at key locations, 
a large amount of multi-dimensional data on 
tourist behavior, environmental conditions, 
facility usage, etc. can be monitored and 
collected in real time. These data cover many 
aspects from tourist entry flow, route 
preferences, stay time to congestion in specific 
areas, providing managers with unprecedented 
insights [2]. Big data technology uses advanced 
algorithms and computing architectures to clean, 
integrate, and analyze these data, revealing the 
spatiotemporal patterns and peak-valley 
patterns of tourist flows, and predicting the trend 
of passenger flow in the future. This process not 
only overcomes the limitations of traditional 
statistical methods in data processing scale and 
complexity, but also provides solid data support 
for scientific decision-making [3]. 
 
Combining spatiotemporal analysis methods 
with IoT big data, tourist attraction management 
has entered a new stage of refined operation. 
Through the comprehensive analysis of historical 
data and real-time information, scenic area 
managers can predict the flow pressure during 
peak hours in advance and take measures such as 
dynamically adjusting ticket sales, optimizing 
tour routes, and implementing time-sharing 
reservations to effectively alleviate congestion 
and improve tourist satisfaction. On the other 
hand, long-term passenger flow data analysis 
helps to identify the threshold of scenic area 
carrying capacity, guide the rational allocation of 
resources and the formulation of protection 
measures, and ensure the sustainable use of 
natural resources and cultural heritage. In 
addition, big data technology can also promote 
personalized service innovation, push 
customized information and services by 
analyzing tourist preferences, and enhance the 
interactivity and personalization of tourism 
experience [4]. To fully understand how 
environmental factors influence tourism 
decisions, it is necessary to consider them from a 

more diverse perspective. Environmental factors 
including natural landscapes, climate conditions, 
air quality, water quality, and noise pollution 
significantly affect tourists' experiences, impact 
environmental factors on tourism choices and 
corresponding management strategies [5, 6]. 
Scenic area managers can adopt a series of 
management strategies to cope with the impact 
of environmental factors on tourism choices, 
which include the enhancement of the quality of 
natural landscape through plant greening and 
landscape restoration to attract tourists; 
optimization of climatic conditions by using 
shading facilities and spray cooling to improve 
the comfort of tourists; improvement of air 
quality by implementing air pollution control 
measures; ensuring the cleanliness of the water 
body by adopting water purification technology; 
and reduction of noise pollution by 
soundproofing facilities and restricting noise 
sources to reduce noise pollution. These 
measures not only help to enhance the tourist 
experience of visitors but also are of great 
significance to the sustainable development of 
the scenic area [7, 8].  
 
However, considering the difficulty and cost of 
data collection, the specificity of different scenic 
spots, and the complexity of technical 
implementation, the current studies in this field 
have certain limitations such as the 
representativeness of sample selection and the 
general applicability of the model, which need to 
be further explored. This study committed to 
explore the analysis and regulation strategy of 
tourist scenic spot passenger flow based on 
spatiotemporal evolution and IoT big data to 
provide a novel and practical system for scenic 
spot management by using spatiotemporal 
analysis technology of geographic information 
system (GIS), data acquisition capability of IoT, 
and big data analysis methods. This study 
focused on developing and optimizing dynamic 
models suitable for scenic spot passenger flow 
prediction including hybrid models combining 
autoregressive integrated moving average 
(ARIMA) and long short-term memory (LSTM) to 
improve prediction accuracy [9, 10]. Through 
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accurate passenger flow analysis and regulation, 
it could effectively improve the travel experience 
of tourists and promote the high-quality 
development of tourism under the premise of 
protecting the natural environment and cultural 
heritage and open a new chapter of smart 
tourism. The multidimensional interdisciplinary 
research framework proposed in this study not 
only provided a powerful tool for solving the 
current problems, but also was a key driving force 
for promoting the development of tourism 
towards intelligence and sustainability [11]. 
 
 
Materials and methods 
Spatiotemporal evolution model construction 
A spatiotemporal evolution model was 
constructed as the core of the study to capture 
and predict the trend of tourist flow with time 
and space. Modelling usually started with 
defining basic variables. The passenger flow at a 
two-dimensional spatial location (x, y) and time t 
was expressed as Q (x, y, t), where (x, y) were 
spatial coordinates and t was a time variable. The 
space-time evolution process could be 
abstracted into the equation (1), and the specific 
model flow chart was shown in Figure 1. 
 

2 ( , , , )
Q

D Q S Q x y t
t


=  +


                                      (1) 

 
The data of the model came from many sources. 
The application of IoT in data acquisition system 
included various sensors and intelligent devices. 
Taking scenic spots as an example, data 
acquisition design should consider the following 
aspects including video surveillance and image 
recognition using high-definition cameras 
combined with image recognition technology to 
identify and count tourists; RFID and sensor 
network to deploy RFID tags and environmental 
sensors such as temperature and humidity, noise 
sensors, collect environmental data E(t), and 
visitor density D(x, y, t) in specific areas; and 
mobile device positioning to track the travel path 
of tourists through GPS data of tourists 'mobile 
phones to form a position sequence [12, 13]. 
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Figure 1. Model flow chart. 

 
 
Data processing and analysis  
Data preprocessing included cleaning, format 
conversion, missing value processing, and outlier 
detection. The relationship between estimation 
and observation and the difference between the 
two time points was shown in equation 2, which 
showed that the estimation was a weighted 
average of the observed values based on the 
proportion of time between two points.  
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where 𝑄𝑒𝑠𝑡(𝑡𝑖) was an estimate of the time and 
was calculated from observations and historical 
data. 𝑄𝑜𝑏𝑠(𝑡𝑖−1)  was the observation at time 
provided direct information about the state of 

the system. 
𝑡𝑖−𝑡𝑖−1

𝑡𝑖+1−𝑡𝑖−1
 was a weighting factor that 

reflected the proportion of time between two 
points and was used to adjust for the influence of 
neighboring observations. 𝑄𝑜𝑏𝑠(𝑡𝑖+1)  was the 
observed value of a moment, which, although 
not directly used in this formula, might be a 
prediction or estimate of the next moment. Time 
series analysis focused on the variation of data 
with time, while spatial statistics focused on 
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spatial distribution characteristics and their 
dependencies. The combination of the two could 
reveal the dynamic behavior of complex systems 
more comprehensively as follows [14]. 
 

1 1 1 1t t p t p t q t qQ c Q Q   − − − −= + ++ − −−ò ò     (3) 

 
where c was the constant term. The model 
parameters, p and q, were the orders of the 
autoregressive and moving average terms, 
respectively. q was the error term. 
Spatiotemporal series analysis is a 
comprehensive method combining time series 
analysis and spatial statistics, which is effective in 
dealing with data with spatiotemporal 
dimensions, especially in exploring the 
spatiotemporal distribution law of tourist flow in 
scenic spots and predicting future trends. Time 
series analysis focused on the variation of data 
with time, while spatial statistics focused on 
spatial distribution characteristics and their 
dependencies. The combination of the two could 
reveal the dynamic behavior of complex systems 
more comprehensively as below. 
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The equation 4 described the computation of a 
sequence function, which was a linear 
combination with activation functions and 
showed that the function value at each moment 
was calculated from the characteristics of the 
previous moment, the current moment, and the 
corresponding weights and bias terms. 𝑓𝑡 was the 
function value at time t, which was the product 
of the input feature and the weight matrix 

through the activation function. 𝑊𝑓  𝑎𝑛𝑑 𝑊𝑖 

were weight matrices that determined how input 
features affected output. ℎ𝑡−1 𝑎𝑛𝑑 𝑥𝑡  were 
input characteristics including the state 
information of the previous time and the new 

information of the current time. 𝑏𝑓  𝑎𝑛𝑑 𝑏𝑖 were 

bias terms that added a constant offset to the 
linear combination. 𝜎 was an activation function 
that converted linear combinations into 
nonlinear outputs [14]. 
 

Strategy formulation methodology 
When formulating passenger flow control 
strategy based on data analysis, it was necessary 
to comprehensively consider the comprehensive 
influence of passenger flow characteristics, 
scenic area carrying capacity, and tourist 
experience. The strategy development process 
was meticulous, starting with problem 
identification and identifying key issues through 
in-depth data analysis such as identifying 
overcrowding in specific areas of the attraction. 
Goal setting then focused on quantifying the 
desired effect of regulation such as establishing a 
target percentage for reducing congestion at a 
particular peak hour, for example, a congestion 
reduction target of 20%. At the stage of strategy 
design, innovation and practicality were 
emphasized, and technology-enabled schemes 
were adopted including dynamic ticketing system, 
whose ticket price model, where and were 
strategic adjustment parameters, dynamically 
adjusted ticket prices according to predicted 
passenger flow to balance supply and demand. 
Meanwhile, tourist diversion strategy 
intelligently guided tourists to relatively loose 
tour routes through real-time analysis of tourist 
density distribution D(x, y, t), and dispersed 
passenger flow pressure [15, 16]. 
 
Analysis on the temporal and spatial 
distribution of passenger flow 
GIS and time series analysis techniques were 
applied to reveal the distribution characteristics 
of tourist flow in time and space to explore visitor 
behavior patterns and their fluctuations over 
time. Through rigorous analysis, the methods 
would provide accurate guidance for 
management decisions. By using GIS technology, 
the spatial distribution pattern of tourists in 
scenic spots was first revealed through hot spot 
analysis. Kernel density estimation (KDE) is a 
commonly used tool that displays spatial 
distribution characteristics by estimating the 
density value of each point. The mathematical 
expression was shown in equation 5 [17, 18]. 
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This formula described a KDE procedure for 
estimating probability density functions and 
showed that the density estimate was obtained 
by multiplying the values at the sample points by 
the kernel function and integrating them over 
space. 𝐷(𝑥, 𝑦)  were density estimates at two 
points, reflecting the probability density at that 
location. K was Kernel function that defined the 
similarity between sample points, usually a 
Gaussian kernel. 𝑛 was the number of samples, 
i.e. the number of training data. ℎ  was 
bandwidth parameter, which controled the width 
of kernel function and affected the accuracy and 
smoothness of estimation. In this way, the high-
density areas such as popular attractions and 
low-density areas within the scenic spot could be 
identified, providing a basis for resource 
allocation and route planning. Time series 
analysis was used to explore and predict trends, 
seasonality, and fluctuations in visitor traffic over 
time. The ARIMA model was a classic tool whose 
general form was shown as follows [19]. 
 

1 1 1 1t t p t p t q t q tX c X X   − − − −= + + + + + + +L Lò ò ò    (6) 

 
This linear regression model described how a 
sequence of independent variables affected the 
dependent variable, while the effects of random 
error terms were considered. By fitting ARIMA 
models, the seasonal fluctuations, long-term 
trends, and any possible cyclical changes in 
passenger traffic could be revealed and predicted, 
providing time-dimensional management 
guidance for scenic spot operations. To 
understand the spatiotemporal characteristics 
more comprehensively, spatiotemporal joint 
analysis was performed including spatiotemporal 
autocorrelation analysis to measure the 
correlation of passenger flow distribution in 
space and time by calculating spatiotemporal 
Moran's I index as follows [20]. 
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where 𝐼𝑠  appeared to be some form of 
covariance or square of the correlation 
coefficient, which might be a weight matrix used 

to calculate the difference between two sample 
sets. This formula described the strength of the 
statistical relationship between two sample sets. 
 
Discussion on influencing factors 
It was particularly important to identify and 
quantify the key influencing factors in the process 
of understanding the internal mechanism of 
tourist flow fluctuation in tourist attractions. This 
study provided data-driven decision support for 
scenic spot management by constructing fine 
multiple linear regression models to deeply 
analyze the detailed effects of holiday effects, 
weather changes, and special events on 
passenger flow [21, 22]. The core model used a 
multiple linear regression framework that 
effectively captured complex relationships 
between multiple independent variables 
(influencing factors) and dependent variables 
(passenger traffic). The model was expressed as 
below. 
 

0 1 2 3 4t t t t t tQ H T R E    = + + + + +ò                    (8) 

 
The equation included the predicted passenger 
flow, the coefficient corresponding to the 
influencing factors, the holiday status (Ht) (1 for 
holidays and 0 for non-holidays), temperature 
(Tt), precipitation (Rt), special events (Et) (1 for 
activities and 0 for none), and the model error 
term, reflecting random fluctuation. Based on 
the analysis of influencing factors, the specific 
impact of different factors on the flow of tourists 
in scenic spots could be clearly quantified and 
provide quantitative basis for the strategic 
planning of scenic spot managers. Through the 
analysis of these factors, scenic spot managers 
could allocate resources and prepare for 
emergencies more effectively [23, 24]. 
 
Implementation strategy 
Based on the deep analysis and understanding of 
the temporal and spatial characteristics of tourist 
flow and its influencing factors, a series of 
intelligent regulation strategies were designed 
and proposed. The fundamental purpose of the 
regulation strategy was to create a tourism 
environment that could satisfy the high-quality 
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tourist experience, effectively protect the natural 
and cultural heritage, and optimize the 
management efficiency of the scenic spot. The 
core objective of the regulatory strategy was to 
construct a tourism environment that ensured 
visitors enjoy a high-quality tourism experience 
and optimized the management effectiveness of 
scenic spots while protecting natural resources 
and cultural heritage, which specifically covered 
three key objectives of balancing the visitor 
experience with the carrying capacity of the 
scenic spot to control the visitor flow, ensure the 
carrying capacity, prevent overcrowding, and 
thus enhance the comfort of the tour;  
emphasizing resource and environmental 
protection to mitigate the adverse impact on 
natural and cultural resources and maintain the 
ecosystem balance; pursuing management 
efficiency with the help of intelligent means to 
improve operational efficiency, reduce cost 
consumption, accelerate response speed, 
enhance flexibility, and improve management 
efficiency in an all-round way. To achieve these 
goals, this study planed a set of intelligent control 
strategy combination as implementing dynamic 
ticket reservation system by flexibly adjusting the 
number of tickets issued according to the 
passenger flow prediction model, pre-regulating 
the inflow of tourists, effectively alleviating the 
congestion and queuing phenomenon on the 
spot; implementing the tourist diversion strategy 
utilizing real-time passenger flow data analysis 
and GIS technology, guiding tourists to relatively 
empty areas through mobile phone application 
programs and on-site indicators, and balancing 
the distribution of tourists; developing an 
intelligent early warning system to integrate real-
time monitoring and analysis platform to predict 
and warn crowd density and potential safety 
hazards to ensure rapid response and 
intervention. These intelligent control measures 
worked together to enhance the visitor 
experience, protect environmental resources, 
and optimize management efficiency. To ensure 
the effective implementation and efficient 
implementation of intelligent regulation 
strategies, this research planed a detailed 
implementation framework, covering three 

dimensions of technical path, resource allocation, 
and policy support to systematically promote the 
intelligent transformation of tourist attractions 
(Figure 2). The technology implementation path 
focused on building robust digital infrastructure 
by enhancing network coverage of attractions 
and deploying IoT devices such as RFID tags, 
smart cameras, and various sensors to ensure 
immediate data collection. A cloud computing 
platform was built to integrate high-performance 
server clusters, process massive data, support big 
data analysis and model prediction, and realize 
real-time response of dynamic management. 
Meanwhile, intelligent applications for tourists 
and management personnel were developed to 
integrate reservation service, navigation and 
early warning functions, and improve interactive 
convenience and management efficiency. The 
policy supporting system focused on system 
construction, formulation and implementation of 
reservation system, flow management rules, and 
environmental protection standards, and 
clarification of rights and responsibilities and 
incentives and constraints. Through publicity and 
education with the help of media and social 
platforms, tourists were guided to make 
reservations to visit culture and promoted 
civilized travel fashion. Establishment of an effect 
evaluation mechanism and providing regular 
feedback would ensure that the strategies and 
technologies were flexibly optimized according 
to actual conditions and continuously optimized 
and upgraded. 
 

 
 
Figure 2. Implementation framework. 
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Experimental design 
The official tourism industry data provided by the 
National Tourism Administration Data Center 
were employed in this study, which covered 
tourism activity records from January 1, 2023 to 
December 31, 2023 with a total of 100,000 
records. By retrieving and segmenting these data, 
80,000 records (80%) was used for model training 
and 20,000 records (20%) was used for model 
testing. The data types included time series data 
as the number of tourists, holidays, weather, and 
special events; financial data as total revenue and 
ticket sales; tourist feedback data as satisfaction 
surveys and social media sentiment analysis; and 
environmental monitoring data as garbage 
volume and water resource consumption. These 
data were used together to analyze tourist flow 
characteristics, evaluate economic impacts, 
understand tourist experiences, and evaluate the 
impact of smart management strategies on 
scenic area environments. The representative 
tourist attractions were selected as research 
objects to ensure that the dataset contained 
sufficient space-time span and typical influencing 
factors including different seasons, holidays, 
typical weather conditions, and special events. 
Data sources included, but were not limited to, 
historical foot traffic records, weather databases, 
activity logs, social media data, visitor survey 
feedback, etc. To ensure the reliability of the 
analysis, all data underwent strict quality 
inspection and pretreatment such as outlier 
elimination, missing value filling, etc. The 
evaluation of the effect before and after the 
implementation of the strategy was an important 
link to verify the effectiveness of the regulation 
strategy. Specific operations included the 
comparison between control group 
(unimplemented strategy area) and experimental 
group (implemented strategy area); multi-
dimensional evaluation that not only paid 
attention to passenger flow indicators like 
congestion improvement and tourist distribution 
balance, but also examined multi-dimensions 
such as tourist satisfaction, merchant income, 
environmental impact, resource utilization 
efficiency, etc. A particular scenic spot was 
selected to analyze the changes of passenger 

flow and revenue after implementing the 
dynamic fare adjustment strategy on holidays 

 
 

Results and discussion 
 

Comparative analysis of passenger flow 
During the study period, an intelligent 
management strategy was adopted by 
implementing a dynamic ticket booking system 
and adjusting ticket issuance using a predictive 
model to control tourist flow to effectively 
alleviate on-site congestion and reduce waiting 
time in queues. In addition, an intelligent early 
warning system was constructed to integrate a 
real-time monitoring and analysis platform to 
warn of crowd density and potential safety risks, 
ensuring rapid response and intervention, 
thereby improving the overall tourist experience, 
protecting natural resources, and optimizing 
scenic spot management efficiency. The results 
showed that, during the peak holiday period, the 
control group had a passenger flow of 5,000 
people, while the experimental group had a 
passenger flow of 6,000 people before the 
adjustment and dropped to 5,000 people after 
the adjustment. During the holiday trough 
period, the control group showed a passenger 
flow of 2,000 people, while the experimental 
group had a passenger flow of 1,800 people 
before the adjustment and increased to 2,500 
people after the adjustment. During non-holiday 
working days, the control group demonstrated a 
passenger flow of 3,000 people, while the 
experimental group showed a passenger flow of 
3,200 people before the adjustment and then 
3,100 people after the adjustment. The results 
demonstrated a reduction of passenger flow 
during the peak period, while the passenger flow 
during the trough period increased. However, the 
passenger flow on non-holiday working days also 
showed a decrease trend, which suggested the 
effectiveness of the experimental group's 
strategy in balancing the distribution of 
passenger flow. By comparing the data before 
and after adjustment, the results indicated that 
the passenger flow decreased significantly in 
peak  hours,  increased  in  trough  hours,  and the 
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total revenue was stable or increased. 
 
Comparative analysis of income changes 
In terms of income changes, the total income of 
the control group in January was 120 million 
Chinese yuan (¥), while the total income of the 
experimental group was ¥150 million before 
adjustment and ¥145 million after adjustment. 
After the implementation of dynamic ticket price 
adjustment within one month, the total income 
decreased slightly, which might reflect the 
impact of ticket price reduction on income. 
However, the slight decrease in total income 
might be compensated by the increase in the 
number of tourists, especially during low seasons 
and weekdays. However, if the numbers of 
tourists and the total revenue dropped sharply, it 
was necessary to analyze whether the strategy 
excessively suppressed demand and adjust the 
strategy parameters. 
 
Tourist satisfaction survey 
The questionnaire survey results showed that, 
after the adjustment, the average scores of ticket 
rationality, travel experience, service attitude, 
and overall satisfaction all increased. Ticket 
rationality increased from 3.5/5.0 before 
adjustment to 4.0/5.0, while travel experience 
increased from 4.2/5.0 to 4.5/5.0 and service 
attitude increased from 4.0/5.0 to 4.1/5.0 with 
the overall satisfaction increased from 3.9/5.0 to 
4.2/5.0. The results indicated that the strategy of 
the experimental group had achieved positive 
results in improving tourist satisfaction. 
 
Evaluation of environmental and resource 
utilization efficiency 
The evaluation of environmental and resource 
utilization efficiency showed that the 
experimental group demonstrated a significant 
impact on environmental and resource efficiency 
with the daily garbage output being dropped 
from 1.2 tons to 1.0 tons, the daily water 
consumption being dropped from 300 m3 to 270 
m3, and the traffic congestion index being 
dropped from 4.5/10 to 3.2/10. These 
improvements showed that the experimental 
group strategy was effective in improving 

resource utilization efficiency and reducing 
environmental pollution. 
 
Analysis of tourist stay time 
The results showed that, during the peak holiday 
period, the average stay time of the control 
group was 3.5 hours, while the experimental 
group was 4 hours before adjustment and 4.5 
hours after adjustment. During the holiday 
trough period, the average stay time of the 
control group was 2 hours, while the 
experimental group was 2.5 hours before 
adjustment and 3 hours after adjustment. During 
non-holiday working days, the average stay time 
of the control group was 2 hours, and the 
experimental group was 2.5 hours before and 3 
hours after adjustment. The experimental group 
provided tourists with more consumption 
opportunities and improved the quality of their 
experience by increasing the length of time they 
stayed in the scenic area, especially during peak 
holiday periods. 
 
Social media influence analysis 
The social media influence analysis showed that 
the experimental group strategy had a positive 
impact on social media interactions. The number 
of positive mentions increased from 10,000 to 
15,000, while the number of negative mentions 
decreased from 200 to 150. The topic heat index 
increased from 700 to 900, and the interaction 
rate increased from 5% to 8%. These 
improvements further quantified the 
effectiveness of the strategy.  
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