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ABSTRACT

With the development of big data (BD) technology, tourism route planning of historical blocks relies
on a large amount of real-time data. The existing research data sources are limited and difficult to
integrate, which cannot meet the personalized needs of tourists. This paper combined BD and
intelligent algorithms to realize personalized tourism route planning of historical blocks. By collecting
tourists' behavioral data, scenic spot spatial data and real-time traffic information, the paper built
tourist portraits and used the neural collaborative filtering algorithm to make personalized scenic spot
recommendations. It used genetic algorithms (GAs) to optimize routes, taking into account factors
such as tourists' interests, distances between scenic spots, and traffic conditions. With the help of the
real-time data streaming platform Apache Kafka, the paper dynamically adjusted routes to deal with
sudden traffic or crowded attractions, thereby improving the tourist experience. The experimental
results analyze the consumption preferences and behavioral characteristics of different tourists.
Tourist 1002 spent 500 yuan on shopping, and high-end shopping malls and food courts were
recommended for him. Tourist ID 1005 preferred "snacks and coffee" in terms of dining, and showed
no interest in souvenir consumption. This tourist preferred to stay in leisure places for a longer time
rather than a compact travel route. The neural coordination filtering algorithm + GA performed well
in terms of total travel time of 4.2 hours, total walking distance of 7.8 kilometers, and traffic congestion
coefficient of 0.35, which was better than other algorithms, showing its significant advantages in
digital tourism route planning in historical blocks. This method combines BD and intelligent
algorithms to improve the tourist experience through personalized recommendations and route
optimization, optimize the traffic management of scenic spots, flexibly respond to emergencies,
promote the intelligent and refined management of historical district tourism, and provide innovative
ideas for future tourism route planning.
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1. Introduction

With the rapid development of China's economy and the increasing standard of living of the general
public, people in the pursuit of material life at the same time, the demand for spiritual life is also more
and more important, making people's leisure time for reading, fitness, vacation travel and other needs
more and more exuberant [1-3]. In the past, the way of traveling with the group in the choice of tourist
attractions and attractions route planning can only provide a fixed, uniform tourist routes, can not
provide tourists with a good independent choice of space [4-5]. And the transformation of consumer
demand and the booming development of self-driving tours make people pay more and more attention
to the sense of comprehensive tourism experience, such as smooth travel routes, rich attraction
excursion activities, and the least cost of self-driving tours [6-7]. In addition, due to the more
attractions and shorter time, planning an optimal route with the shortest distance is an indispensable
good thing for both consumers and scenic spots [8-9]. A reasonable tourist route can spend the least
time cost to link up various tourist attractions to form a complete tour route, so as to get the maximum
viewing experience [10-12].

China's continuous promotion of cultural construction has triggered a wave of revival of historical
and cultural neighborhoods. As the main expression of urban cultural heritage, historical and cultural
neighborhoods focus on the regional culture and image characteristics of the city and carry the
collective memories of each generation [13-15]. The atmosphere created by the authenticity feeling of
historical and cultural neighborhoods allows foreign tourists to feel the cultural heritage of the city
from the city's historical and cultural neighborhoods [16]. Therefore, in the context of the rapid
development and wide application of cutting-edge technologies such as Internet technology and traffic
detection technology, the use of digital technology to develop tourism planning routes can help tourists
to obtain a more convenient and economical tourism experience.

Alarge number of scholars have combed through the current existence of geotourism route planning
methods. Chen, B. H. et al. showed that automatic trip planning based on points of interest (POIs) has
become mainstream, and based on this, they proposed a three-intelligence deep reinforcement
learning method in combination with Bayesian model to further optimize the planning results by
considering the connection between destination exploration, user preferences and attractions [17].
Zhou, X. et al. examined the application of a machine learning model for Naive Bayesian interest data
mining in tourism route planning, which was trained on a massive dataset of tourists' interests and
needs, and was able to accurately and efficiently generate optimal tourism routes that maximize
tourists' motivational benefits and travel experiences [18]. Dezfouli, M. B. et al. used information data
such as cost, transportation, weather as well as time as parameters and input them into the
constructed tourism planning model of user needs, combined with the selection of user's points of
interest, to generate the optimal tourism visit paths using big data analysis [19]. Zhou, X. et al. used a
decision tree model to optimally solve the constructed tourist interest field mapping model and
geospatial information, which is an effective way based on massive tourism data in order to achieve
tourism path planning [20]. Lim, K. H. et al. used POI popularity and user interest preferences etc. to
form travel constraints and built a travel recommendation model and proposed a PersTour algorithm
to solve it in order to automatically derive real travel sequences [21]. Zhou, X. et al. analyzed the
feasibility and superiority of mining tourism route planning algorithms based on the precise interest
data of attractions, and established attraction clustering models and tourist interest models
respectively, so that the optimal tourism route planning algorithm based on interest labels generates
attraction visit routes that meet the satisfaction level of tourists [22].

This study aims to optimize the tourism route planning of historical blocks and introduces a digital
route planning method based on BD technology and intelligent algorithms. A variety of data sources,
including smartphone apps, Wi-Fi tracking systems, sensors, and social media platforms, are used to
comprehensively collect tourist behavior data. The NCF algorithm is used to analyze tourist historical
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behavior, generate personalized tourist portraits, and recommend attractions based on interests and
consumption preferences. Combined with GAs to optimize the sequence of attractions, the distance
between attractions and traffic conditions are integrated to design the optimal travel route and
enhance the tourist experience. The real-time data streaming platform Apache Kafka is also introduced
to deal with sudden traffic congestion or crowded attractions, ensuring dynamic adjustment and
optimization of the route. Through these steps, BD technology and intelligent algorithms are closely
linked to the theme of historical district tourism route planning, providing accurate customized travel
routes, and real-time data effectively responding to traffic or crowded attractions.

2. Historical Block Tourism Route Planning Based on BD

2.1.  User Behavior Data Collection and Analysis

In order to achieve personalized travel route recommendations for historical blocks, tourist behavior
data is obtained through multiple channels such as smartphone APP, Wi-Fi tracking system, sensors
and social media platforms. Smartphone apps record location, travel trajectory, and duration of stay,
and Wi-Fi tracking locates paths and stop points through signal strength and MAC addresses (Media
Access Control Address). Traffic sensors monitor the flow of tourists in real time and enrich behavioral
information. Social media platforms such as Instagram and Weibo provide tourists with sharing
content, supplementing the data on attractions and behaviors. It can integrate multi-source data,
deeply analyze tourist behavior, generate portraits, and use them to recommend attractions and
optimize route planning.

Data cleaning and preprocessing are important steps after data collection. The original data contains
noise, outliers, and data from different sources have inconsistent formats, which need to be sorted and
corrected. The Z-score and IQR (Interquartile Range) methods are used to remove outliers and avoid
the impact of noise data on subsequent analysis. Aligning the timestamps of data from different
devices and sensors ensures that the time points in the data set are unified, which facilitates
subsequent analysis and processing. Normalizing values of different scales, such as GPS (Global
Positioning System) coordinates and Wi-Fi signal strength, maps the data to the same scale to ensure
that comparative analysis can be performed under the same standard. When dealing with missing data,
KNN (K-Nearest Neighbor Interpolation) interpolation method or linear interpolation method is used
to fill in the missing data to ensure the integrity of the data. Figure 1 is a diagram of tourist behavior
data and processing flow.
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Fig. 1. Tourist behavior data and processing flow chart

Through the data processing flow in Figure 1, tourist behavior data can be analyzed
comprehensively and efficiently, providing solid data support for personalized recommendation and
optimization of historical district tourism routes. After data cleaning, behavioral feature extraction is
performed. The tourists' trajectory data is analyzed to extract the tourists' interest characteristics,
including indicators such as length of stay and frequency of scenic spot visits. The length of stay is an
important criterion for judging tourists' interest in scenic spots. The longer the stay, the more
attractive the scenic spot is to tourists. Analyzing the length of stay and frequency of visits of tourists
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at different scenic spots can identify tourists' points of interest and provide data support for
personalized recommendations.

In order to further accurately identify tourists’ interests and behavior patterns, a cluster analysis
method is used. The K-means clustering algorithm and the DBSCAN (Density-Based Spatial Clustering
of Applications with Noise) algorithm are used to group tourists’ behaviors. The K-means algorithm
classifies tourists with similar interests into one category by calculating the Euclidean distance of
tourists’ interest characteristic, thereby identifying the typical behavior patterns of different tourist
groups. K-means clustering algorithm formula:

K
T=2 2% ()

J is the total error metric, K is the number of clusters, ¥; is the data point of cluster C;,and £,
is the center of cluster C;. The optimal K value is determined by the elbow rule to ensure the
rationality of the clustering results. For data with uneven density or containing outliers, the DBSCAN
algorithm can be used to better handle it and avoid interference from noise data.

Feature selection methods such as information gain and chi-square test are used to extract key
features from tourist behavior data. Information gain can measure the impact of a certain feature on
the classification of tourist interest categories, calculate the degree of reduction of uncertainty for each
feature, and help screen out the most recognizable interest features. Information gain calculation
formula:

1z

1%

InfoGain(T,A)=H (T)- Z

H(T, 2
veValues( A) |T| ( ) ( )

T is a data set, A is a feature, H(T) js|the entropy of data set T, H(T,) is the subset entropy
when feature A takes the value v, and = s the proportion of the subset in data set 7. The chi-
square test is used to analyze the corregkion between discrete features and further enhance the
understanding of tourist behavior patterns. The results of feature extraction and selection can be
directly used as input for user portraits in the NCF algorithm and GA to provide tourists with accurate
personalized recommendations. Chi-square test formula:

2 - (Oi _Ei )2
X _,Z:l: E 3)
O, isthe observed frequency, E; is the expected frequency, and n is the number of categories. The
chi-square statistic measures the difference between the observed frequency and the expected
frequency. Through cluster analysis and feature selection, a personalized portrait of each tourist is
constructed, which contains information on multiple dimensions such as their interest type, visit
frequency, and length of stay. Figure 2 is a diagram of the tourist portrait construction model.
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Fig. 2. Tourist portrait construction model diagram

Figure 2 shows the various features extracted from tourists' behavior data. Through cluster analysis
and feature selection methods, a personalized tourist portrait is constructed. The portrait provides a
solid data foundation for the subsequent personalized attraction recommendation and route planning
based on the NCF algorithm. It can accurately customize the travel route that meets the needs of
tourists according to their behavioral characteristics and preferences, and improve the overall
experience of tourists.

2.2.  Collection of Spatial Data of Historical Blocks

To realize the historical block tourism route planning based on BD, it is necessary to collect the spatial
data of the blocks, build the spatial framework and dynamic variables required for route planning, and
provide a basis for the construction of tourist behavior models and personalized route
recommendations.

Spatial data collection relies on BD GIS (Geographic Information System) technology. The GIS
platform obtains basic spatial data of historical blocks, including the geographic coordinates of scenic
spots, opening hours, tourist flow data, block traffic information, etc. The geographic coordinates of
scenic spots are accurately obtained through the GPS positioning system and used to locate the
location of scenic spots in route planning. The opening hours of scenic spots and the flow of tourists
are provided by scenic spot management systems and flow monitoring equipment, which play an
important role in dynamically adjusting tourist routes and avoiding overcrowding of scenic spots.
Block traffic information is obtained through public transportation API (Application Programming
Interface) or real-time traffic monitoring system to provide support for traffic optimization in route
planning. Table 1 is the basic spatial data of historical district attractions.
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Table 1. Basic spatial data of historical district attractions

Attraction ID R1 R2 R3
2001 (39.9075,116.3972) 09:00 - 18:00 Bus,Subway
2002 (39.9060, 116.3956) 08:30-17:30 Bus,Private car
2003 (39.9082, 116.3985) 10:00 - 21:00 Bus,Subway
2004 (39.9102,116.4010) Open 24 hours Bus,Private car
2005 (39.9090, 116.4005) 09:30-17:30 Bus,Subway
2006 (39.9048,116.3920) 08:00-19:00 Bus,Private car
2007 (39.9048,116.3920) 08:00 - 19:00 Bus,Private car
2008 (39.9075,116.3972) 09:00 - 18:00 Bus,Subway
2009 (39.9102,116.4010) Open 24 hours Bus,Private car
2010 (39.9090, 116.4005) 09:30-17:30 Bus,Subway

Table 1 is the basic spatial information of the attractions in the historical district. R1, R2, and R3
represent the geographic coordinates, opening hours, and available travel modes, respectively. The
attractions with IDs from 2001 to 2010 are the History Museum, Ancient Architectural Sites, Shopping
Centers, Parks, Art Museums, Observatories, Observation Towers, Cultural Plazas, Water Parks, and
Modern Art Museums. The path is dynamically adjusted according to the actual situation. The collected
spatial data needs to be standardized to provide data for the path planning algorithm. The conversion
formulas are:

o (x—x,)-cos(8)—(y—y,)-sin(0)

x'= 7 (4)
y':(x—xo)-sin(@);(y—yo)-cos(ﬁ)Z )

x', »' are the coordinates in the target coordinate system, X, Y are the coordinates in the
original coordinate system, € istherotationangle, X,,Y, are the far points of the coordinate system,
and R is the scaling factor. Data formats from different sources need to be converted to a unified format.
The data is converted into standard formats such as GeoJSON or Shapefile, which can store the
geometric information and attribute data of spatial data. Through format conversion, the uniformity
of spatial data is ensured, providing more efficient and accurate data support for subsequent path
planning operations. GIS tools are also used to visualize the data, showing information such as the
distribution of scenic spots, transportation networks, and tourist flows in historical districts, providing
researchers and developers with intuitive block spatial layouts and helping with route planning
decisions.

To store and manage large amounts of spatial data, the spatial database PostGIS is used to store
formatted data. PostGIS is a spatial extension based on the PostgreSQL database that can efficiently
store and query spatial data. Spatial data query and calculation formula:

d= 2r-arcsin(\/si1'12 (%) +cos(4y)-cos (g, )-sin’ (%jJ *

d is the spherical distance between the bright spots, r is the radius of the earth, ¢ and @, are the
latitudes of the two scenic spots, A¢ is the latitude difference, and AZ is the longitude difference.
Spatial data in the spatial database is stored as a geometric data type and managed in combination
with attribute data. This database structure provides strong support for subsequent spatial query and
analysis. In the process of route planning, the spatial query function of PostGIS can be used to quickly
find other attractions, transportation routes or rest areas within a certain range of the scenic spot, and
recommend more suitable tour routes for tourists. PostGIS also supports real-time updating of spatial
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data, ensuring that the spatial data used in the system is always up to date, further improving the real-
time and accuracy of route planning. In order to cope with the dynamic changes in traffic conditions
and tourist flow in historical districts, the stream data processing platform Apache Kafka is used to
collect and process real-time data. The system can obtain real-time data from sensors, social media or
traffic monitoring platforms in a timely manner to ensure that the data used in the route planning
process is the latest, so as to dynamically adjust the tourist's travel route to cope with sudden traffic
congestion or overcrowding of attractions.

2.3.  Personalized Attraction Recommendation Based on NCF Algorithm

In order to achieve personalized recommendations for attractions in historical districts, this study
constructs a neural collaborative filtering model based on tourists' historical behavior data to capture
the complex nonlinear relationship between tourists and attractions and optimize the
recommendation effect. By analyzing tourists' historical behavior data, key features such as interest
type, visit preference, and attraction rating are extracted. The behavior records of tourists and
attractions are mapped into a user-item interaction matrix. The values in the matrix represent the
tourists' preference for the attractions. To ensure the independence of model training, the data set is
divided into training set, validation set and test set in a ratio of 8:1:1. On this basis, the tourist ID and
attraction ID are One-Hot encoded and mapped to a low-dimensional feature space through an
embedding layer to generate training data. The embedding layer vector dimensionality reduction
formula is:

e =W, -OneHot(u),ez =W, -OneHot(Z) (7)

Among them, e, € RY and e e RY are the embedding vectors of users and attractions,
w, e R*Y and W, e R are embedding matrices, and OneHot(u) and OneHot(z) are the One-Hot
codes of users and attractions, respectively. When designing the model, the NCF model combines deep
neural networks and collaborative filtering methods, including embedding layers, interaction layers,
fully connected layers, and output layers. The embedding layer encodes the IDs of tourists and
attractions into low-dimensional embedding vectors to capture the potential features of tourists and
attractions. The interaction layer realizes the interaction between tourists and attraction features
through vector concatenation operations and inputs the results into the fully connected layer. The fully
connected layer is composed of multi-layer perceptrons, which learn nonlinear feature relationships
through the ReLU activation function. The output layer generates a recommendation score through the
Sigmoid function. The score range is [0, 1], which represents the probability of tourists' preference for
attractions. The specific calculation formula of the multi-layer perceptron is:

P = (M b0) vie(2,... L} (®)

7" is the output of layer 1, A7) and p) are the weight matrix and bias of layer 1 respectively.
The model training uses the cross entropy loss function, which can measure the difference between
the predicted value and the actual value, thereby optimizing the prediction ability of the model. The
formula of the cross entropy loss function is:

m,neé

é’:—%( )(pmnI:lOg(j/mn)+(1—ymn)10g(1—j/m”)i|) (9)

P, isthe sample weight, »,, istheactualvalue, J,, isthe predictedvalue,and & isthe training
sample set. Figure 3 is the structure diagram of the NCF model.
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Fig. 3. NCF model structure diagram

Figure 3 shows the core architecture and data flow of the NCF model. This model effectively solves
the limitations of traditional collaborative filtering models in sparse data and linear assumptions
through the strong expressive power of deep neural networks, and provides technical support for
achieving high-quality personalized recommendations. To achieve efficient training, the Adam
optimization algorithm is used to update the model parameters. Adam's adaptive learning rate
mechanism can accelerate convergence and avoid local optimality. During the training process,
positive and negative interaction instances are randomly sampled, where positive samples are actual
records of tourist-attraction interactions, and negative samples are generated through a negative
sampling strategy to enhance the model's ability to distinguish. In actual training, a small batch
gradient descent optimization model is used, with each batch containing a fixed number of positive
and negative samples. To improve model performance, grid search is used to optimize
hyperparameters, including embedding vector dimension, learning rate, and batch size. The combined
effects of different parameters are evaluated on the validation set, and the optimal configuration is
selected. After training, performance evaluation is performed on the test set, and indicators such as
Precision@K and Recall@K are used to measure the recommendation effect of the model. Precision@K
and Recall@K evaluate the accuracy and coverage of the top K attractions in the recommendation list.
The calculation formulas are:

.. as mﬂs
Precision@ K =——— (10)
K
M
Recall @K = %P (11)

N

o, is the first K attractions in the recommendation list, and /3, is the set of attractions that the
user is actually interested in. According to the trained model, the behavior data of tourists is input into
the test set to predict the preference scores of tourists for all candidate attractions, and the scores are
arranged in descending order to generate a personalized recommendation list. The NCF model can
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effectively overcome the limitations of the traditional collaborative filtering model in terms of data
sparsity and linear assumptions, and provide accurate scenic spot recommendation support for the
tourism route planning of historical blocks.

2.4.  Path Optimization Combined with GA

The core goal of path optimization is to generate an optimal tourism route in the historical block
according to the personalized needs of tourists. Combined with the sequence of scenic spots
recommended by the NCF algorithm, the GA is used to further optimize the path. Combined with the
sequence of attractions recommended by the NCF algorithm, the GA is used to further optimize the
path. The entire path optimization process includes four steps: path initialization, fitness function
design, genetic operation, and path selection output.

A preliminary travel path is generated based on the sequence of attractions recommended by the
NCF algorithm. Assuming that tourists have been recommended a set of attractions, the path
initialization constructs the initial path by arranging the attractions in the recommended order. After
the initial path is generated, the fitness function needs to be introduced to evaluate the quality of the
path. The fitness function is the core of the GA, which comprehensively considers factors such as
tourists' interests, distances between attractions, traffic conditions, and tourist flow to evaluate the
path. The goal of the fitness function is to minimize travel time, distance between attractions, traffic
congestion, and maximize tourists' interest and attraction. Let path P be the order in which tourists
visit attractions from the starting point to the end point. The fitness function F(P) can be calculated by
the following formula:

F(P)=w, -T(P)+®,-D(P)+w,-C(P)-w,-1(P) (12)

T(P) is the total travel time of path P, D(P) is the total distance between attractions, C(P) is
the traffic congestion in the path, / (P ) is the interest value of tourists in the attractions, and @,,
w,, o, @, isthe weight coefficient, which indicates the impact of different factors on the fitness of
the path. The total travel time T(P) of the path represents the sum of the travel time between
attractions, and the traffic conditions need to be taken into account. The calculation formula of travel
time T (P) is:

n—1

r(p=%

i-1 S

<N

L+l

(13)
i,i+1

... is the distance between attractions i and attractions i+1, and $;..; is the traffic speed
between the two attractions. The distance D(P) between attractions in the path is an important
factor in path optimization, which represents the total distance that tourists walk during the trip. The
formula is:

D(P)=27ism (14)

The degree of traffic congestion C(P) considers the impact of real-time traffic data and is
calculated based on traffic flow /.. and congestion coefficient ¢ :

n—1

C(P) = Za Siin (15)

In path optimization, GAs continuously evolve algd ongnize paths through selection, crossover, and
mutation operations. The selection probability s is determined based on the value of the

fitness function:
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F(P)
> F(B)

N is the number of paths in the current population, and £ is the f-th path. By performing
crossover operations, partial %erle of two parsntal patj%lv! Vs are exch?nged to generate new offspring
pathways. There are paths "' PiPossPa) gpg 2T\ 40%20-9:) 3nq the crossover operation
generates a new path B by exchanging some genes in the path:

})select (P ) =

(16)

Py =Py s P Qi neonr ) (17)

Kis the intersection point. Mutation operation is the small random adjustment of genes in a pathway
to increase diversity and avoid premature maturation. The mutation operation is achieved by
randomly swapping the positions of two scenic spots in the path, and the mutated path "4 is:

P4:(pl,pz,...,p[,pj,...,pn) (18)

i and / aretwo randomly selected scenic spot locations. Genetic operation iteratively optimizes
the path, selecting the path with the highest fitness value as the optimal path output. This path can
maximize the personalized needs of tourists, reflected in factors such as maximizing interest,
minimizing time, and optimizing transportation, ensuring that tourists can efficiently and joyfully
complete their travel itinerary. The selection of the optimal path is based on the following formula:

P

optimal

= argmax PF (P) (19)

2.5.  Real Time Data Stream Integration and Dynamic Path Adjustment

The optimization of tourist routes in historic districts not only needs to consider the personalized
needs of tourists, but also needs to respond promptly to sudden traffic congestion, scenic spot
congestion and other factors. Therefore, real-time data collection and route adjustment are
indispensable parts of the optimization process. Real time collection of traffic data, weather changes,
and tourist attraction congestion can be achieved through sensors, mobile devices, and other means.
The real-time stream processing of sensor data typically relies on the stream processing platform
Apache Kafka, which is capable of collecting and processing real-time stream data from different data
sources within the neighborhood. Real time traffic data 7, (Z ) changes over time, representing the
traffic conditions at a specific time ?. By using traffic flow monitoring devices, the congestion level of
each traffic route can be obtained, and the data can be used for path adjustment. Weather changes
W(Z ) can also affect tourists' travel decisions, and real-time monitoring of weather conditions is
necessary to ensure that the impact of weather is taken into account in path planning. The weather
changes can be represented by the following formula:

w ( t) =/ ( T eather Eprecipitation ) (20)

T, .uner representstemperature, P, .0 represents precipitation. After real-time data collection,
tourists' travel routes can be dynamically adjusted based on the latest data. When there is congestion
at tourist attractions or severe traffic jams, adjust the route based on real-time traffic data to allow
tourists to avoid high traffic areas. After the path adjustment is completed, the system further
generates new path recommendations based on real-time data, dynamically updates the fitness
function, and quickly optimizes the path.
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3. Experimental Results

3.1.

Clustering of Tourist Behavior Data

In depth research on tourist consumption behavior, with a focus on analyzing the consumption
patterns of different tourist groups in the scenic area and exploring their behavioral characteristics.
Figure 4 shows the consumption data of tourists at the scenic spot, and Table 2 shows their
consumption preferences.
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Fig. 4. Tourist Consumption Data
Table 2. Tourist Consumption Behavior Preferences
Tourist Tourist
R4 R5 R6 R4 R5 R6
ID ID
Clothing, Souvenirs, Fast Food,
1001 ) Fast Food 1 1006 ] 1
Accessories Clothing Full Meal
Electronics, Buffet, Full Small Accessories,
1002 ] 1 1007 ) Snacks 1
Accessories Meal Souvenirs
Accessories, Electronics, Buffet, Full
1003 Snacks 1 1008 1
Souvenirs Accessories Meal
. Chinese .
Clothing, Souvenirs, Snacks,
1004 ) Food, Full 1 1009 ) 0
Souvenirs Accessories Coffee
Meal
Small Snacks, Accessories, Snacks,
1005 ) 0 1010 ) 1
Accessories, Snacks Coffee Souvenirs Fast Food

Figure 4 and Table 2 show the consumption behavior data of tourists. R4, R5, and R6 respectively
represent product preferences, dining preferences, and whether tourists purchase souvenirs. 1
represents yes, and 0 represents no. The analysis shows that there are significant differences in the
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expenditure of tourists in different consumption categories. The total consumption of tourist with ID
1002 is 1270 yuan, including 500 yuan for shopping and 300 yuan for dining. The transportation and
tourism service expenses are relatively low. There is a high demand for shopping and dining, with a
preference for historical districts with concentrated shopping areas and scenic spots. The paper
recommend historical museums, shopping centers, etc. The tourist with ID 1007 spent a total of 140
yuan and 50 yuan on shopping, showing a preference for visiting a small number of attractions in a
short period of time to reduce travel and transportation burden.

From the perspective of preference for products and types of dining, there is a clear preference trend
in the data. The tourist with ID 1006 tends to purchase "souvenirs and clothing" and prefers "fast food
and meals". This consumer places more emphasis on places that offer quick meals and souvenir sales
when selecting tourist attractions. Tourist ID 1005 tends to focus on "snacks and coffee" in terms of
dining, and has not shown interest in souvenir consumption. Their data on whether they have
purchased souvenirs is 0, indicating that they have not purchased any souvenirs. This indicates that
the tourist is more inclined to stay in leisure places for a longer period of time rather than a compact
travel route. By utilizing data and combining NCF algorithm for personalized attraction
recommendation and GA for path optimization, it can develop diverse travel routes tailored to the
consumption patterns and preferences of different tourists. For high spending tourist 1002, the paper
recommend high-end shopping centers, food courts, and other attractions. For low spending tourist
1007, the paper recommend small souvenir shops and other low-cost small-scale attractions.

3.2.  Traffic Flow Data of Scenic Spots

The traffic flow data of scenic spots is a key basis for the planning of tourist routes in historical districts.
This paper collects data on tourist flow to scenic spots, frequency of transportation usage, and
conducts in-depth analysis of tourist travel patterns and preferences. This paper evaluates the
popularity of tourist attractions based on data, providing accurate information for path planning. Table
3 shows the traffic flow data of different scenic spots, where R7-R12 respectively represent the daily
tourist volume, bus passenger volume, subway passenger volume, private car passenger volume, peak
traffic hours, and monthly tourist volume.

Table 3. Traffic Flow Data of Scenic Spots

Attraction ID R7 R8 R9 R10 R11 R12

10:00-

2001 1200 150 50 30 36,000
12:00
14:00-

2002 800 70 20 10 24,000
16:00
16:00-

2003 3500 300 200 100 105,000
18:00
08:00-

2004 2000 100 50 200 60,000
10:00
11:00-

2005 1000 120 30 20 30,000
13:00
18:00-

2006 400 50 20 30 12,000
20:00
09:00-

2007 1500 200 150 100 45,000
11:00
13:00-

2008 2500 180 120 90 75,000
15:00

2009 3000 250 100 80 11:00- 90,000
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13:00

16:00-
2010 600 70 40 20 18,000
18:00

Table 3 shows that the daily average number of visitors to the scenic spot with ID 2003 is 3500,
making it the most popular attraction and demonstrating high commercial appeal. The daily average
number of tourists for attraction ID 2006 is 400, which is located at the end, indicating that there are
fewer tourists interested in astronomy. The data reveals the trend of tourist visits, providing a basis
for the development of refined transportation and path planning for high traffic attractions.

The usage of transportation shows the travel preferences of tourists from different scenic spots.
Popular attractions such as shopping centers and water parks attract a large number of tourists by bus
and subway, with the bus and subway traffic in the shopping center reaching 300 and 200 people per
hour, respectively. The bus and subway traffic of the water park are 250 people/hour and 100
people/hour respectively, indicating that these scenic spots mainly rely on public and subway
transportation systems to carry passenger flow. Park data shows that private car traffic is high,
reaching 200 people per hour. This indicates that tourists of this type of attraction tend to choose self
driving travel, depending on the geographical location of the attraction, which is generally located on
the edge of the city and requires a longer stay.

The analysis of peak traffic hours provides key information for path optimization. The peak traffic
period of the History Museum is from 10:00 to 12:00, during which there is a large flow of tourists,
which can cause congestion on public transportation. The peak period for ancient architectural sites
is from 14:00 to 16:00, and the tourist flow is relatively scattered, which allows for more flexible path
planning and avoids excessive concentration during peak hours. Through the application of BD
technology and intelligent algorithms, it is possible to accurately grasp the tourist flow and
transportation usage of scenic spots, alleviate traffic pressure on scenic spots, improve overall tourism
management efficiency, and provide decision support for digital tourism path planning in historical
districts.

3.3. Personalized Attraction Recommendation Matrix

To achieve personalized attraction recommendation, a user attraction interaction matrix is
constructed by analyzing the interaction data between tourists and attractions. The matrix displays
the level of interest of each tourist in different attractions, with a rating range of 0 to 5, indicating the
level of preference of tourists for the attractions. A zero value in the matrix indicates that the tourist
has not visited or rated the attraction. Figure 5 shows the personalized attraction recommendation
matrix.
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Tourist ID

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Adtraction ID

Fig. 5. Personalized Scenic Spot Recommendation Matrix

Figure 5 shows that tourist 1001 gave high ratings to attractions such as the 2001 History
Museum, 2002 Ancient Architecture Ruins, 2004 Park, and 2005 Art Museum, with ratings of 5, 4, 5,
and 5, respectively. This indicates that tourist 1001 has a greater interest in these attractions, while
their interest in the Observatory scenic area is not high, with only a rating of 2. Tourist 1007 gave
ratings of 3 points, 4 points, and 4 points respectively for the 2003 Shopping Center, 2005 Art
Museum, and 2008 Cultural Square attractions, indicating that their interest in the scenic areas is
relatively evenly distributed. Analyzing rating data can generate personalized recommendations for
each tourist. Tourist 1006 gave high ratings to attractions such as the 2007 Observation Tower, 2008
Cultural Square, and 2009 Water Park, indicating that this tourist is more inclined to visit attractions
that are entertaining and interactive. Based on interest preferences, this type of attraction should be
recommended to tourists as a priority. When planning the route, the geographical distance and
traffic conditions between attractions should be considered to optimize the tourist experience.

3.4.  Comparison of Path Optimization Effects
In the research of digital tourism path planning in historical districts, path optimization is a key link to
achieve efficient tourism experience. To evaluate the performance of different algorithms in path planning,

several commonly used path optimization algorithms were compared, and their respective advantages and

characteristics were analyzed. Figure 6 shows the path optimization effect.
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I Total Travel Time (Hours)
B Total Walking Distance (Kilometers)
—.— Traffic Congestion Coefficient

0.46

0.44

0.42

0.40

Value

0.38

Time And Distance

0.36

0.34
NCF +  Traditional Ant Colony Particle  Simulated Reinforcement

Genetic Genetic Optimization Swarm  Annealing Learning
Algorithm  Algorithm Optimization Algorithm Path
Planning

Fig. 6. Comparison of Path Optimization Effects

From the data in Figure 6, regarding total travel time, NCF+GA leads other algorithms with the
shortest time of 4.2 hours, while traditional GA takes 4.8 hours and simulated annealing algorithm
takes 4.9 hours. This indicates that the NCF algorithm can effectively reduce travel time and avoid
unnecessary delays by combining historical data with personalized recommendations. In terms of
total walking distance, NCF+GA also performed well, with a total walking distance of 7.8 kilometers,
lower than the traditional GA's 8.5 kilometers and the ant colony algorithm's 8.3 kilometers. NCF+GA
can provide tourists with more efficient routes and reduce unnecessary walking. In terms of traffic
congestion coefficient, NCF+GA dominates with a minimum value of 0.35, which is much lower than
the traditional GA's 0.42 and the simulated annealing algorithm's 0.45, demonstrating the advantage
of this algorithm in avoiding traffic congestion areas.

4. Experimental Analysis

This study introduces a digital tourism path planning method for historical districts based on
personalized recommendation and path optimization by combining BD technology and intelligent
algorithms. By constructing a tourist attraction interaction matrix and utilizing the NCF algorithm,
personalized attraction recommendations are made based on tourists' interests and consumption
preferences. GA can be used to optimize the path, considering factors such as distance between scenic
spots and traffic flow, to help tourists efficiently and comfortably explore the scenic area. It can be
combined with a real-time data streaming platform to dynamically adjust routes to cope with sudden
traffic or scenic congestion, enhancing the overall experience of tourists. This method not only
enhances the personalized experience of tourists, but also provides effective decision support for
traffic management and tourist flow scheduling in scenic spots.

There are shortcomings in the research, such as a large space for algorithm optimization.
Insufficient representativeness of tourist behavior data can affect the accuracy of the model. The
existing algorithms have limitations in handling complex tourist demands and attraction relationships.
Research can improve the accuracy of recommendation and path planning by enriching data sources
and introducing advanced algorithms. By combining VR (Virtual Reality), AR (Augmented Reality) and
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other technologies with intelligent hardware, the paper aimed to provide a more intelligent and
personalized travel experience, and promote the development of path planning towards refinement
and real-time.

5. Conclusions

This paper introduces a tourism path planning method suitable for historical districts, combining BD
and intelligent algorithms. Tourist profiles can be constructed based on tourist behavior data,
attraction information, and real-time traffic data, and personalized attraction recommendations can
be achieved using the NCF algorithm. Path optimization adopts GA, which integrates tourist interests,
scenic spot distance, and traffic conditions. This paper introduces the Apache Kafka platform to
process real-time data, dynamically adjust paths, and solve traffic and attraction congestion problems.
The experimental results show that this method accurately generates customized routes and
effectively improves the tourist experience. In the future, the paper can expand data sources and
optimize algorithms to improve accuracy and provide new directions for intelligent path planning in
historic districts.
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