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On the way to travel, the public expect to get a tourism experience with low cost, convenient travel, and high comfort. At the same
time, they also have different tourism needs such as history and culture, natural landscape, and food shopping. To address the
problem that traditional travel route recommendation algorithms have limited accuracy and only analyze text or pictures
alone, we propose a personalized travel route recommendation algorithm that integrates text and photo information from
travelogues and obtain the historical tourism footprint of tourists by analyzing travel notes. According to the frequency and
cooccurrence of scenic spots in the travel notes and the number of photos taken by each scenic spot, the popularity of scenic
spots and the interest preferences of various types of tourists are analyzed. Under the given starting and ending points or
passing points, the optimal tourism route generation method is designed. Experiments on the real data set of Ctrip Travel
website show that the recommendation accuracy of this algorithm is significantly improved compared with the traditional
algorithm which only uses travel notes text or photos. Compared with the algorithm that only considers the popularity of
interest points or tourists’ interest preferences, the accuracy of the route recommended by the algorithm is improved.
Compared with the algorithm that only considers the cooccurrence of scenic spots or only considers the influence of photos,
this algorithm can obtain a better popularity score of scenic spots. This method integrates the two kinds of information
including picture and text, fully considering the interest of users with high practicability.

1. Introduction

When traveling to an unfamiliar city, users usually select
points of interest (POI) first and then make a travel itinerary
based on their interests and the time [1]. For example, when
a person comes to a new place, he must be interested in vis-
iting the most POIs in the shortest time. Therefore, the rec-
ommendation of tourist attraction is conducive to
promoting the rapid development of tourism.

With the development of information technology, the
Internet is becoming an important source for people to plan
their travels [2]. In the field of tourism, various forms of tourism
temporal and spatial trajectory data have been formed, such as
GPS trajectory, BeiDou navigation information, and check-in
records. These data and a large number of travel experience,

travel photos, and other data shared by users jointly form tour-
ism big data [3].

Scientific travel route planning can not only help trav-
elers formulate their travel routes according to their time
and budget but also improve their travel experience [4].
Based on the problems encountered by current users in
travel planning, tourism route planning came into being.
To get a high-quality solution in travel planning, we need
to consider many factors and establish corresponding evalu-
ation models according to different standards [5, 6]. For
example, Rahimi and Xin further extended the existing work
by studying the periodicity of space and time in user check-
in data and proposed two new recommendation algorithms
[7]. Zhang et al. studied some representative topic model
extraction methods based on the spatial and temporal
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features of short text [8]. Bin et al. proposed a neural multi-
context modeling framework (NMMF) combined with rich
heterogeneous tourism information [9].

When using a single type of user generated content for
tourism route planning, there is often great uncertainty, so
it is difficult to ensure the accuracy of the user trajectory
[10]. Therefore, the comprehensive use of various content
to more accurately mine the user’s historical trajectory has
become the focus of current research [11]. Feng and Qian
studied a new method to help users digest a large number
of available opinions in an easy way [12]. Marrese-Taylor
et al. used a multisource social media integration method
to integrate fragmented tourism information from many
aspects to recommend routes to users [13]. Hu et al. pro-
posed a new framework called scenic planner for travel route
recommendation, including scenic road network modeling
and scenic spot route planning [14].

More and more travelers are posting their travelogues,
including experiences, suggestions, and experiences, to
online social media platforms [15]. Travelogues contain a
large number of unique experiences and reliable travel
advice from different travelers, providing an excellent refer-
ence for travel planners to select their routes [16]. As a
result, some studies today make more accurate and person-
alized travel route recommendations by uncovering graphic
information on travelogues (TGI) and finding out travelers’
preferences, habits, and the popularity of attractions [17].

Lim et al. used the positioning information and shooting
time in the picture to calculate the preference of tourists and
the popularity of scenic spots [18]. Peng et al. recommended
scenic spot areas according to the clustered areas by using
social media pictures [19]. However, they only analyzed the
picture information and ignored the text. Instead, the massive
travel notes released by social media are full of pictures and
texts. Coincidentally, Murphy and Banerjee paid more atten-
tion to the text information in travel notes [20]. Tai et al.
and Lu et al. did not combine user behavior habits, interest
preferences, and route popularity, and the personalization of
route planning results was not high [21, 22]. In addition, based
on privacy protection and other considerations, photos in tra-
velogues often deliberately hide some attribute data [23]. This
paper uses the number of pictures taken by tourists to calcu-
late the tourist preference and scenic spot popularity, supple-
mented by the text description of the travel notes to make
up for the lack of some attribute data. Therefore, the compre-
hensive use of picture and text information can often obtain
more accurate recommendation results [24]. For example,
Arain et al. extracted semantic information of tourist attrac-
tions and user preferences by using photos with geographical
labels and user context information [25]. Huang developed a
heuristic algorithm calculating context similarity, which can
be used in photo data and GPS track [26].

Personalized tourism recommendation is more difficult to
analyze and mine useful information from numerous tourism
data. At present, manymethods havemany deficiencies in rec-
ommendation quality and speed. The POI+TGI model
mainly considers the generated content of users and has signif-
icant advantages in preference extraction and fast route gener-
ation. This paper proposes a personal trip recommendation

based on interest and popularity (PTRIP) algorithm. The
algorithm comprehensively considers the text description
and photo data in online travel notes, uses the cooccurrence
information of scenic spots and the number of photos taken
by tourists for a certain type of POI to calculate the popular-
ity of scenic spots and tourist preference for various scenic
spots, respectively, and, combined with the time cost of tour-
ists conversion between POIs, generates a tourism route
transfer map for tourism route recommendation. Compared
with the original method, this algorithm uses the text and
picture information in the travel notes at the same time, com-
prehensively considers the two factors of tourist preference
and scenic spot popularity, and effectively improves the accu-
racy of recommendation.

2. Basic Definition

This paper uses the orientation problem to return an optimal
travel route for the user, considering the interest preference of
users and the popularity of POI. The personalized recommen-
dation method proposed in this paper incorporates two social
factors: preferences of user in travelogue graphic information
and interpersonal interest similarity [27]. Therefore, we first
introduce the user interest factors. Then, we derive the objec-
tive function of the proposed personalized recommendation
model. Finally, the training method of the model is given. In
the following, we present our definitions and methods in
detail. We takeWuhan, China, as the empirical research object
of this article. This city has many types of scenic spots, such as
natural scenery, urban prosperity, and historical heritage,
which is very attractive.

Let a directed weighted POI transfer graph be G = <V ,
E > , where V is the set of nodes and E is the set of edges.
A node p ∈ V represents a POI, and each p has the category
attribute Catp (e.g., beach and castle), longitude, and lati-
tude. The value on node p represents the score of POIp,
while C denotes the set of all POIs. (ci, popi) is the attribute
of node pi, where ci denotes the category and popi denotes
the popularity. Each directed edge ðpi, pjÞ represents a feasi-
ble route between two POIs, and the weights on the edges
represent the travel time (in h) spent to visit the two POIs
consecutively. An example of a POI transfer map is shown
in Figure 1. Each p represents a scenic spot in Wuhan. The
specific digital source and path analysis will be described in
the next chapter.

Definition 1. Given a visitor t, its POI preferences of category
ci can be expressed as Equation (1).

Int tð Þ = <Int t, c1ð Þ, Int t, c2ð Þ,⋯, Int t, c Cj j
� �

> : ð1Þ

Definition 2. The time from pi to pj is defined as Equation
(2).

T travel pi, pj
� �

=
Dist pi, pj

� �
speed : ð2Þ
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Distðpi, pjÞ denotes the distance between pi to pj. Its
value is the actual distance recorded by Gaode Map. Gener-
ally, the bus and self-driving tours are greatly affected by
traffic conditions, while the walking time of tourists is within
the predictable range. Therefore, this paper uses the walking
time between POIs as the travel time and takes speed = 5
km/h.

Definition 3. Given a user u and the set of POIs he/she has
visited, Su defines his/her historical travel footprint in chro-
nological order, as in Equation (3).

Su = p1, tap1, tdp1
� �

, p2, tap2, tdp2
� �

,⋯, pn, tapn, tdpn
� �� �

: ð3Þ

Each triplet (px, tapx, tdpx) consists of three elements: the

arrival time tapx at px and the departure time tdpx from px.
The first photo taken by the user at each POI is the arrival
time, and the last photo is the departure time. Thus, the visit
time of u at px (i.e., the stay time) can be defined by the dif-
ference between tapx and tdpx . Similarly, for the travel sequence

Su, t
a
px and tdpx represent the start and end time, respectively.

Simplicity, we put Su as Su = ðp1,⋯, pnÞ.

Definition 4. The POI scores in this paper are obtained by
combining attraction popularity and visitor preferences by
weighting. The score of POIpi for ci is defined in Equation (4).

score pið Þ = α∙Int t, cið Þ + 1 − αð Þpopi, ð4Þ

where α is a weight adjustment parameter to adjust the weight
of preference and the popularity of POI in the tour route?

Definition 5. Given a tourist t, the total number of route
attractions n and the set of POI scores, the visitor gain is
defined as Equation (5).

profit tð Þ = ∑n
i=1score pið Þ

∑n−1
i=1 ∑

n
j=2T

travel pi, pj
� � : ð5Þ

3. Recommendation Method

3.1. Method Framework. The travel route recommendation
algorithm proposed in this paper is divided into data prepro-
cessing, POI mode, association graph construction, and
tourist interest preference learning and route recommenda-
tion. The POI transfer graph is constructed offline and learns
interest preferences of tourists. The POI and the interest
preferences of tourists are obtained by analyzing the cooc-
currence information of attractions and photo data in the
travelogue. The route recommendation is conducted online.
Based on the personal information entered by tourists, the
number of expected attractions and the designated tour
points, the PTRIP algorithm is used to recommend the
routes with the highest benefits to tourists, considering the
POI popularity and tourists’ preferences. The detailed
framework is shown in Figure 2. The basis for tourist itiner-
ary recommendations mainly comes from visitor informa-
tion, design tour sites, budget number of attractions, and
profit of route. The first three bases mainly refer to the sub-
jective will of the referee; the last basis is the problem to be
solved by the algorithm proposed in this paper. Route profit
is calculated by popularity of POI and visitor preference, and
the two indicators have their weights. Moreover, the POI
mode is the most important part in the travel itinerary rec-
ommendation model.

3.2. Construct the POI Transfer Graph. The POI transfer
graph is constructed offline. Treating all POIs as nodes on
the way, the travel routes can be generated by visiting the
directed edges in the graph consecutively.

(1) Map the photo

The web travelogues shared by tourists contain textual
description information such as travel routes, travel feelings,
and their photos taken at each attraction. The travelogue
number and tourist number can be extracted from them.
The structure of the photo data shared by the user conclude
Photo ID, User ID, Time, Longitude, Latitude, and Category.
Based on the longitude and latitude of each photo, the dis-
tance of each POI can be calculated by using Formula
Haversine. If the result is less than 200 meters, it is assumed
that the photo is taken at this POI. And the list of POI is
St = ðp1, p2,⋯, pnÞ. Meanwhile, the time cost of inter-POI
transition can be calculated in walking mode.

(2) The popularity of POI

The popularity of POI is calculated by combining the
number of photos in the historical travelogues shared by vis-
itors and the cooccurrence information of attractions by
weighting, as in Equation (6).

pop pð Þ = β∙
N pð Þ
Nmax

+ 1 − βð Þ∙ F pð Þ
Fmax

: ð6Þ

In Equation (6), NðpÞ is the number of photos taken by
visitors to POIp; Nmax is the maximum number of photos
taken by visitors to POIp; FðpÞ is the number of times
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Figure 1: An example of POI transfer graph.
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POIp was mentioned in the travelogue; Fmax is the maximum
number of times POIp was mentioned in the travelogue.

3.3. Interest Preferences of Tourists.We propose a time-based
user interest preference from the historical travel footprint of
users. When one visits a POI, he stays there for a certain
amount of time. From the historical travel footprints of all
users, the visit time (i.e., stay time) of each user at each
POI is calculated according to Definition 4, so that the aver-
age time required for any user to visit POI can be calculated.
In this paper, �VðpÞ is the average visit time at POIp for any
user, as Equation (7).

�V pð Þ = 1
n
〠
u∈U

〠
px∈Sx

tdpx − tapx

� �
σ px = pð Þ;∀p ∈ P: ð7Þ

In Equation (7), U is all users, n is the number of users

accessing p, and σðpx = pÞ = 1, px = p

0, else
:

(

The average access time of a user at each POI does not
truly reflect his interest preference for the POI. Therefore, we
propose a time-based interest preference. The preference of
user for the category attribute of POI is given by Equation (8):

Int tð Þ = 〠
u∈U

tdpx − tapx
�V pxð Þ σ Catpx = c

� �
;∀c ∈ C: ð8Þ

In Equation (6), Catp is the category attribute, and σð

Catpx = cÞ = 1, catpx = c

0, esle

(
.

Equation (8) determines the interest of user in category
attribute of a particular POI. Relative to the average access

time of all users at the same POI, it is calculated based on
the time cost by the user at each POI with category attribute.
In other words, a user may spend more time visiting the POI
that he is interested in, which in turn determines the interest
of users in such POIs.

3.4. PTRIP Algorithm. Orienteering problem (OP) has
already widely used in travel route recommendation. In a
directed band power diagram G ðV , EÞ, V is the set of all
points on the graph, and E is the set of all edges on the
graph. Each point has a corresponding score which can be
expressed as a gain. And each edge has a corresponding
weight which represents the travel time between two points.
The start and end points are specified, and some points are
selected from diagram G, and a path is planned through
these points and the specified start and end points, while
maximizing the score under the condition that the total
weight of the path does not exceed a certain time budget.

In this paper, we propose the PTIR route recommenda-
tion algorithm based on the TGI and POI. PTIR can provide
a route with the highest score and satisfied time budget, i.e.,
R = fp1, p2,⋯, pNg. Time budget is calculated by function
Costðpx, pyÞ = Tðpx, pyÞ �VðpyÞ. From this, it follows that the
travel route recommendation model in this paper can be
expressed integer programming problem satisfying multiple
constraints:

Max 〠
N−1

i=2
〠
N

j=2
xi,j profit pið Þ: ð9Þ

In Equation (9), xi,j = 1 indicates the route from i to j,
i.e., (pi, pj), or xi,j = 0.

〠
N

j=1
x1,j = 〠

N−1

i=1
xi,N = 1, ð10Þ
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Figure 2: Framework for travel itinerary recommendations.
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〠
N

j=2
xk,j = 〠

N−1

i=1
xi,k ≤ 1;∀k = 2, 3,⋯,N − 1, ð11Þ

〠
N−1

i=1
〠
N

j=2
Cost i, jð Þxi,j ≤ B, ð12Þ

2 ≤ ui ≤N , ð13Þ

ui − uj + 1 ≤ N − 1ð Þ 1 − xi,j
� �

;∀i, j = 2, 3,⋯,N: ð14Þ
Equation (9) is the objective function that maximizes the

POI popularity and user interest preferences in the recom-
mended route. Equations (10)–(14) are constraints. Equa-
tion (10) ensures that the starts at p1 and ends at pn;
Equation (11) ensures that the itinerary is coherent and that
each POI in the itinerary is visited only once; Equation (12)
ensures that the time spent on the trip is within budget;
Equation (13) and Equation (14) ensure that there are no
subcircuit routes in this integer programming problem.
The lpsolve (BERKELAAR M, 2004) linear programming
package is used to solve the proposed integer programming
problem.

To explain the algorithm, we take Figure 1 for example
and give set P = fp1, p2, p3, p4, p5, p6, p7g, as in Table 1.
Given a tourist t1 and the set of POIs, he has vis-
ited St1 = fp1, p2g. The POIs visited by tourist t1and the
number of photos at each POI are shown in Table 2. The
average number of photos at each POI calculated from
Equation (5) based on historical tourist data is shown in
Table 3, and the popularity of each POI calculated from
Equation (4) is shown in Table 4. The time cost required
for a visitor t1 to transfer between POIs and the rating value
of each POI are represented by the values of the directed
edges and the values of the nodes in Figure 1.

We assume that p4 is a mandatory site for tourists to visit
and plan to go to 4 attractions. The amount of interest pref-
erence can be calculated by Equation (8). The result is Intð
t1Þ =<2.8,2.67,0,0,0>, and from this, we can get 13 routes
based on PTRIP algorithm, as shown in Table 5.

And the benefits of seven routes are calculated by Equa-
tion (5). The results are the following: proðR1Þ = 0:89, pro
ðR2Þ = 0:86, proðR3Þ = 0:53, proðR4Þ = 0:52, proðR5Þ = 0:64,
proðR6Þ = 0:49, proðR7Þ = 0:48, proðR8Þ = 0:64, proðR9Þ =
0:49, proðR10Þ = 0:70, proðR11Þ = 0:19, proðR12Þ = 0:18
proðR13Þ = 0:17. Finally, the R1 route that has the highest
profit may be recommended to visitor t1, i.e., Yellow
Crane Tower, Riverbank Park, Wuhan University, and
Tumultuan Lin. Combined with the reality of tourism
websites, this route is adopted more frequently, which pre-
liminarily proves the effectiveness of the algorithm.

4. Experimental Results and Analysis

4.1. Experimental Data. In this paper, we use 2,638 travelo-
gues obtained from the Ctrip Travel website with “Wuhan”
as the keyword as the experimental dataset. After data pre-
processing, the dataset contains two main aspects: 116,396
photos of Wuhan and its surrounding areas, including the

number of the travelogue to which the photos belong and
the location where they were taken, and the cooccurrence
statistics of 168 POIs in the travelogue, as well as 5,238 his-
torical single-day travel routes and the actual distance infor-
mation between the connected POIs in the routes. This
experiment uses the leave-one-out cross-validation method
commonly used in recommendation system validation to
experimentally validate the algorithm, which loops the
records in the specified dataset as the test set or training
set, respectively, and calculates the predicted conclusions of
each loop in a comprehensive manner to derive the mea-
surement index.

Table 1: The properties of POI.

POI Category properties

Yellow Crane Tower (p1) Ancient ruins and buildings (c1)

Riverbank Park (p2) Natural scenery (c2)

Guiyuan Buddhist Temple (p3) Folk religion (c3)

Wuhan University (p4) Humanities, academia (c4)

Tumultuan Lin (p5) Bussiness, street(c5)

Hubu Lane (p6) Ancient ruins and buildings (c1)

East Lake (p7) Natural scenery (c2)

Table 2: The visited POI of t1:

POI Number of photos

P1 35

P2 20

Table 3: Average photos of POI.

POI Average photos

p1 12.5

p2 7.5

p3 4.5

p4 13.8

p5 6.3

p6 11.7

p7 8.2

Table 4: The popularity of POI.

POI pop pð Þ
p1 1.00

p2 0.87

p3 1.00

p4 1.00

p5 1.00

p6 0.93

p7 1.00
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4.2. Algorithm Accuracy Analysis. The accuracy of recom-
mendation is the most basic metric for evaluating algo-
rithms. In this paper, the precision and recall are used as
the criteria to measure the algorithm performance. The cal-
culation formulas are as Equations (15) and (16).

precision = Pr ∩ Pvj j
Prj j , ð15Þ

recall = Pr ∩ Pvj j
Pvj j : ð16Þ

Precision represents the probability that a user is inter-
ested in the recommended route, and the recall represents
the probability that one preferred POI is recommended,
and the higher the precision and recall, the better the recom-
mendation. Pr represents the set of POIs in the recom-
mended route, and Pv represents the set of POIs in the real
travel sequence that the user has visited. To better verify
the recommendation quality of the algorithm in this paper,
the metrics Fm are introduced, as Equation (17).

Fm = 2 × precision × recall
precision + recall : ð17Þ

The value of α is used to determine the weight assign-
ment of visitor interest preferences and POI popularity when
calculating route profit. For a given number of tour points
and a specified number of tour points, the effect of α on
the recommendation accuracy is shown in Figure 3.

When α = 0, the weight of popðpÞ is 1, and the recom-
mendation of visitor route is just based on the popularity
of POIs. When α = 1, the weight of Intð t, ci Þ is 1, and the
recommendation of visitor route is just based on the interest
preferences of tourists. As shown in Figure 4, the accuracy of
route recommendation tends to increase and then decrease
with the increase of α. It shows that the recommendation

effect of considering popularity of POI and visitor preference
is better than that of considering only one of them, and the
best recommendation result is achieved when α = 0:7.

The value of β is used to determine the weight distribu-
tion between the number of photos and the cooccurrence
information of attractions when calculating POI popularity.
In the case of route recommendation using POI popularity
only, the effect of β value on the accuracy of route recom-
mendation is shown in Figure 4, given the number of attrac-
tions visited and the specified tour points.

When β = 0, the weight of IntðtÞ is 1, calculation of POI
popularity based only on the cooccurrence data of attrac-
tions in travelogues. When α = 1, the weight of Intð t, ci Þ is
1, calculation of POI popularity based only on the number
of photos in the historical travelogues shared. As shown in
Figure 4, the accuracy of route recommendation fluctuates
with the variation of β. The lowest values at both ends of
the curve, which means the popularity of POI calculated by
considering the cooccurrence of attractions and the number
of photos in the travelogue is more accurate. And the best
recommendation result is achieved when β = 0:2.

Comparing the analysis of Figures 3 and 4, it is found
that β has a small effect on the accuracy, fluctuating in the
range of 1%, while the change of α makes the accuracy fluc-
tuate in the range of 10%. From this, we can find that the cal-
culation of POI popularity is related to the number of photos
and photo cooccurrence information, but the weight

Table 5: Initial recommended route of Wuhan.

Route POI passed

R1 p1, p2, p4, p5f g
R2 p1, p2, p4, p6f g
R3 p1, p3, p4, p5f g
R4 p1, p3, p4, p6f g
R5 p1, p4, p5, p6f g
R6 p1, p4, p5, p7f g
R7 p1, p4, p6, p7f g
R8 p2, p4, p5, p6f g
R9 p2, p4, p5, p7f g
R10 p2, p4, p6, p7f g
R11 p3, p4, p5, p6f g
R12 p3, p4, p5, p7f g
R13 p3, p4, p6, p7f g

0.00

5.00

10.00

15.00

20.00

25.00

30.00

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
𝛼 value

Fm

Fm
 (%

)

Figure 3: The effect of α on the recommendation accuracy.
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between them is not very important. The focus of the recom-
mended route is on the subjective will of the tourists, so per-
sonalized customization is the future development direction
of customized travel routes.

To verify the effectiveness of the PTIR algorithm, this
paper uses the traditional travel route recommendation algo-
rithm as a control, in which the recommendation algorithm
considering only POI popularity and the recommendation
algorithm considering only user interest preference are used
as the metric, respectively. Under different time budgets B,
the traditional algorithm is compared with PTIR, a travel
route recommendation algorithm based on POI popularity
and user interest preferences, and the experimental results
are shown in Figures 5 and 6.

Figure 5 shows the difference in precision between the
PTIR algorithm and the traditional algorithm. The precision
of PTIR algorithm is much higher than algorithms that only
consider user interest or only consider POI popularity.
Figure 6 shows the difference in recall between the PTIR
algorithm and the traditional algorithm. The recall of PTIR
algorithm has the same situation with recall rate indicator.
Among them, the accuracy and recall accuracy of the algo-
rithm considering user interest are higher than the POI pop-

ularity only. One of the influencing factors is that both the
algorithm PTIR and the algorithm that considers only the
user’s interest consider the user’s interest because users pre-
fer to visit places that interest them. The high accuracy and
high recall of algorithm PTIR indicate that the algorithm
proposed in this paper can recommend routes that reflect
real travel sequences of users more accurately. It shows that
when recommending travel itineraries to tourists, they
should be guided by interests of users.

Overall, the precision increases with the increase of time
budget, while the recall rate is the opposite. There are large
uncertainties in the process of personalized tourism recom-
mendation. In addition to the popularity of POI and prefer-
ence of visitor, it is also necessary to consider time budget of
them. By controlling the time budget and comprehensively
considering the accuracy and recall of the algorithm, the
time budget point corresponding to the best experimental
result can be found. Then, while planning the tourist route
for tourists, it is suggested to travel time.

5. Conclusion

To improve the accuracy of travel route recommendation
and make comprehensive use of the graphic information in
travel notes, this paper proposes a personalized route recom-
mendation algorithm PTRIP.

Firstly, the algorithm uses the scenic spot cooccurrence
information and photo data shared in the online travel notes
to calculate the POI popularity and tourists’ interest prefer-
ences and then comprehensively uses the above information
to construct a personalized travel route recommendation
framework to recommend the optimal travel route to
tourists.

Finally, the experimental verification is carried out by
using the real data set shared on the Ctrip Travel website.
It is proved that the recommendation accuracy of the PTRIP
algorithm proposed in this paper is significantly higher than
that of the traditional recommendation algorithm which
only uses the cooccurrence information of text scenic spots
and also higher than that of the original algorithm which
only uses the photo information of tourists.

The accuracy of PTRIP algorithm is much higher than
the traditional algorithm considering only the popularity of
POI. It is also better than the traditional algorithm that only
considers tourists’ preferences. Moreover, the comprehen-
sive use of graphic information in travel notes can maximize
the use of the information recorded in travel notes on the
one hand and make up for the incomplete basic attributes
of tourist photos caused by privacy and other reasons [28].
The POI popularity score quality calculated by PTRIP algo-
rithm is also higher than the traditional algorithm consider-
ing text or picture alone. Experiments show that PTRIP
algorithm can effectively make comprehensive use of the
graphic information of Travel Notes published in social
media to make more accurate personalized travel route
recommendation.

The proposal of global tourism, smart tourism, and other
strategies and the proliferation of user shared content have
not only brought opportunities but also greater challenges
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to tourism route planning. The planning method based on
user generated content is not perfect. In real life, tourists
may have multiple tourism needs to be optimized at the
same time. How to efficiently solve the multiobjective opti-
mization problem of personalized tourism route recommen-
dation will be the next research direction.

Data Availability

The labeled dataset used to support the findings of this study
are available from the corresponding author upon request.
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