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Smart tourism can provide high-quality and convenient services for different tourists, and tourism itinerary planning system can
simplify tourists’ tourism preparation. In order to improve the limitation of the recommendation dimension of traditional travel
planning system, this paper designs a mixed user interest model on the premise of traditional user interest modeling and combines
various attributes of scenic spots to form personalized recommendation of scenic spots. Then, it uses heuristic travel planning
cost-effective method to construct the corresponding travel planning system for travel planning. In terms of the accuracy rate of
travel planning recommendation, the accuracy rate of multidimensional hybrid travel recommendation algorithm is 0.984, and
the missing rate is 0. When the travel cost and travel time are the same and the number of scenic spots is 20-30, the memory
occupation of MH algorithm is only 1/2 of that of TM algorithm. The results show that the multidimensional hybrid travel
recommendation algorithm can improve the personalized travel planning of users and the travel time efficiency ratio. The results
of this study have a certain reference value in improving user satisfaction with the travel planning system and reducing

user interaction.

1. Introduction

Smart tourism is to actively perceive the information of
tourism resources, tourism economy, tourism activities, and
tourists by using new technologies such as cloud computing
and the Internet of things, through the Internet/mobile
Internet and with the help of portable terminal Internet
access equipment. Through timely release, people can un-
derstand this information and arrange and adjust work and
tourism plans in a timely manner, so as to achieve the effect
of intelligent perception and convenient utilization of all
kinds of tourism information. The construction and de-
velopment of smart tourism will eventually be reflected in
three levels: tourism management, tourism service, and
tourism marketing. It is based on the integrated commu-
nication and information technology, centered on the in-
teractive experience of tourists, guaranteed by the integrated

industry information management, and characterized by
encouraging industrial innovation and promoting the
upgrading of industrial structure. Smart tourism is to ac-
tively perceive tourism related information by using new
technologies, such as mobile cloud computing and the In-
ternet, and portable terminal Internet devices.

The development of the Internet promotes the im-
provement of the service quality of the tourism industry, and
smart tourism provides better services for tourists [1]. With
the development of intelligent mobile device positioning
technology, users can plan their travel itinerary according to
the tourism related recommendation system [2]. However,
the traditional recommendation technology cannot meet the
needs of the tourism recommendation system, because the
user model of the traditional recommendation technology is
very simple, in addition to the lack of full use of user in-
formation. Furthermore, the recommendation dimension is
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single; unable to meet the needs of tourism recommendation
in terms of location, user status, tourism restrictions, etc.;
and unable to achieve the user’s personalized recommen-
dation needs. Moreover, in the organization and purpose of
tourism destination, there are some deficiencies in the way of
land planning [3, 4]. Therefore, to explore a more effective
and comprehensive travel recommendation algorithm is of
great significance for improving users’ satisfaction with the
travel recommendation system, reducing user interaction,
enhancing the scientific and effective travel planning, and
meeting the personalized needs of users.

On the premise of traditional user interest modeling, this
paper designs a hybrid user interest model and combines
various attributes of scenic spots to form personalized
recommendation of scenic spots. The innovations of this
paper include the following: 1. It can provide high-quality
and convenient services for different tourists, and the
tourism itinerary planning system can simplify tourists’
tourism preparation. 2. Multidimensional hybrid travel
recommendation algorithm can improve users’ personalized
travel planning and travel time efficiency. 3. It has certain
reference value for improving users’ satisfaction with the
travel planning system and reducing user interaction.

This paper is divided into five sections. Section 1 ex-
pounds the current research background of intelligent
tourism. The development of Internet promotes the im-
provement of tourism service quality. Section 2 expounds
the content of relevant literature research. Section 3 de-
scribes the design of multidimensional hybrid travel route
recommendation algorithm. A hybrid user interest model is
established, and a heuristic travel planning algorithm is
designed. Section 4 verifies the performance of multidi-
mensional hybrid travel recommendation algorithm and
analyzes the application effect of tourism route planning
system. Finally, the full text is summarized in Section 5.

2. Related Work

With the improvement of science and technology, more and
more people pay attention to air travel planning. Liu et al.
propose an air travel planning algorithm based on user
preference characteristics. Users can obtain efficient air
travel planning scheme by calling the API provided by
airlines [5]. An excellent tourism itinerary planning scheme
can greatly improve the time utilization rate of tourists.
Yochum et al. proposed an adaptive genetic algorithm based
on cross mutation probability, which gives different weights
to different tourists’ travel needs and realizes personalized
travel recommendation of tourists [6]. In recent years, more
and more research has proposed a variety of travel package
recommendation algorithms to improve the service of
online travel agency. Zhu et al. established a new tourism
package recommendation model by combining the long-
term preference and short-term preference of users through
the gating fusion method and carried out experimental
verification. The experimental results show that this model
can push more accurate tourism itinerary planning scheme
to users [7]. Jiao et al. proposed an adaptive learning rate
function combining exponential function with linear
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function to optimize the recommendation algorithm based
on singular value decomposition (SVD)++, shorten its
modeling time, and improve the operation efficiency of the
algorithm [8].

The modern development of Internet technology has
attracted researchers to explore personalized location-based
service recommendation system. Logesh et al. have designed
a travel recommendation system based on mixed location.
The system uses integrated collaborative training method
and swarm intelligence algorithm to improve personalized
travel recommendation. The experimental results show that
the system can effectively improve user satisfaction [9]. The
existing tourism websites rarely support the collaborative
information search activities of tourists, so Arif et al., on the
basis of investigating people’s previous research results on
collaborative tourism information search behavior, pro-
posed a collaborative search system supporting online in-
formation search and tourism planning. The system has the
functions of collaborative query, reformulation, and auto-
matic sharing of query results and realizes the exchange and
comparison of vacation information among multiple people
[10]. Qu et al. established a probabilistic network model by
using Kalman filtering method to predict the pick-up
probability and capacity of each position on the way to
travel, and recommend the optimal driving route to the
driver. At the same time, the shortest expected cruise dis-
tance was introduced into the model to improve the rec-
ommendation efficiency of the scheme [11]. Lyu et al. believe
that the existing travel recommendation system cannot deal
with different information specifically, so they propose a
weighted multi-information constraint matrix decomposi-
tion scheme for personalized travel location recommenda-
tion based on geographical tag photos, to achieve a
comprehensive description of users’ travel needs from the
perspective of photos, user access sequences, text tags, and so
on [12].

To sum up, the relevant researchers have made good
achievements in tourism itinerary planning, driving route
planning, personalized travel itinerary setting technology,
etc., but the designed travel itinerary recommendation al-
gorithm is mostly a single algorithm, which does not make
full use of the information that tourists have, and there are
still some shortcomings in personalized travel itinerary
planning technology. Therefore, a tourism itinerary plan-
ning technology based on multidimensional hybrid rec-
ommendation algorithm is studied and designed, including
hybrid user interest modeling and targeted tourism itinerary
planning algorithm by introducing multidimensional scenic
spot scoring. Taking this technology as the core, a tourism
itinerary planning system is designed.

3. Design of Multidimensional Hybrid Travel
Itinerary Recommendation Algorithm

3.1. Hybrid User Interest Model. Tourism user’s interest
model has the characteristics of structure, stability, and real
time. Stability means that specific noise data will not in-
terfere with the results of the interest model; real time means
that the user’s interest information can be dynamically
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updated to express the user’s interest preferences in real time
(13, 14].

The acquisition of user interest, characteristics, and
other related data is the premise of establishing user in-
terest model, and the accurate description of user
browsing behavior and interest data is the basis of con-
structing efficient user interest model [15]. As shown in
Figure 1, user information is divided into static infor-
mation and dynamic information, which can be obtained
explicitly or implicitly. Static information is composed of
user’s gender, name, occupation, education background,
contact information, and other parts, which cannot ac-
curately provide user’s interest needs; dynamic infor-
mation is mainly obtained by implicit way, and relevant
information is extracted by user’s historical browsing
behavior and dynamic information, which has certain
dynamic and redundancy [16].

As shown in Figure 2, the user interest model is divided
into short-term interest and long-term interest. The short-
term user interest model contains the user’s recent interest
items according to the user’s implicit information (click
events), which has immediate attributes; the long-term user
interest model is based on the user’s static information and
short-term interest, which contains the user’s always in-
terested items, which has cumulative attributes [14, 17]. The
user interest model is used to express the user’s interest in a
certain item, and the user interest is defined by the ex-
pression based on space vector.

U; ={(11>W1’T1)’ (Iz’Wz’Tz)’ s (IwWan)}’ (1)

U, is the definition of user demand model, where triple
(I, W, T) represents the feature item of user interest model; I
refers to the item of user interest; user’s interest value of item
I is W; the last update time of item interest value is T.
According to the user’s scenic spot j saving behavior S(j),
the number of scenic spot visits F ( j), and the corresponding
scenic spot page view time D (), the interaction behavior
between the user and the scenic spot j is analyzed.

S(j) = b )
J _{0.

Equation (2) shows that when the user saves, S(j) = 1;
when the user does not save, S(j) = 0.

0, f>fo
F(')={ (3)
J of , f<fo

In equation (3), f is the orientation times of the user to
the scenic spot page, and the preset access threshold is f;
when the number of visits is greater than f, it is regarded as
an access exception; on the contrary, the number of visits is
weighted to obtain F (j). The longer the page viewing time is,
the higher the user’s interest in the scenic spot is. Con-
sidering the number of words on the page of the scenic spot,
the viewing time ¢ of the average number of words on the
page is calculated by the number of words on the page.

When the page viewing time is too long, the user may not
view the page as noise data.
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FiGURE 1: Tourist user information collection.

0, t>t
D(j) = (4)
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M

In equation (4), € and M are the weighting coefficient
and the total number of words on the scenic spot page.
Combining the above three behaviors, we can get the short-
term interest formula of users.

U™ (j) = aS(j) + BF(j) +y D(j) +c. (5)

In equation (5), a,f,y,c are constants, which are
mainly used to adjust the influence coefficient of each of
the three user interaction behaviors on the short-term
interest model according to the system requirements. The
short-term user interest model reflects the rapid change of
user interest. The drift processing of this model should
have the advantage of fast response, which can be realized
by maintaining the short-term interest sliding window
with the size of n°"".

U = (15 W F), (15 WS By, (5, WS, ),
(6)

In equation (6), judge whether the short-term interest
scenic spot is in the sliding window by the frequency F of the
item. When it is in the sliding window, add 1 to the fre-
quency F of the corresponding item; if it is not in the sliding
window, remove the item with the lowest frequency in the
sliding window U". Long-term user interest reflects the
user’s persistent interest item, and the interest value of this
item will be forgotten or changed by the user over time.
Therefore, the drift strategy of long-term user interest is
formulated from the two aspects of forgetting strategy and
incremental strategy [18].
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Equation (7) is a nonlinear forgetting function. Let « be
0.52 and f be 2; let i denote each item in the long-term
interest model U™, i € [1,#n], and n denote the number of
interesting items in the long-term interest model, arranged
according to the update time of each item, so that the latest
updated item corresponding to i is 1.

As shown in Figure 3, incremental strategy is a strategy
to update long-term user interests with accumulated short-
term interests. In the process of short-term interest
updating, a frequency count F; corresponds to
(I, WS, F}) in the sliding window. When F; is greater
than the preset threshold F, the corresponding short-term
interest is accumulated into a long-term model to achieve
the purpose of updating the long-term model. If there is an
item I i in the long-term interest model, the short-term
interest model is used to update the interest value and update
the corresponding timestamp; when there is no item I in the
long-term interest model, the last item in the long-term
interest queue is removed, and I; is added to the long-term
interest model [19].

U = aUP™ + pUP™. (8)

Formula (8) combines the short-term interest model
with the long-term interest model and calculates the user
interest model by weighting interests. Among them,
a+f=1,0<a, f<1, the weight of short-term interest in
user interest model is «, and the weight of long-term interest
in user interest model is S.

3.2. Heuristic Travel Planning Algorithm Design. The heu-
ristic travel planning algorithm is used to plan the travel
route. Considering the network form and line departure
frequency, a public transport network design method (non-
single route design method)—heuristic public transport

Updat . . i
PEAE " When the frequency of an Forgetting

item exceeds the threshold, strategy
the long-term user model is — 3

Short term user updated incrementally

interest model

Long term user
interest model

FiGure 3: User interest model update.

network design method—with the goal of minimizing user
travel time is required. The heuristic method includes four
steps: network generation, network analysis, network opti-
mization, and site setting, and then the feedback mechanism
is introduced to gradually optimize the network design.
After defining the user interest model, combined with the
existing scenic spot database, the targeted tourism recom-
mendation is formulated to form an effective tourism
itinerary recommendation result. Travel itinerary recom-
mendation consists of scenic spot recommendation and
itinerary planning.

As shown in Figure 4, scenic spot recommendation is the
basis of tourism itinerary planning, which determines the
formulation of other decisions of tourism itinerary planning.
Tourism is not a frequent event and has high real time, so the
experiment designed a user travel destination recommen-
dation algorithm based on multidimensional scoring.

As shown in Figure 5, the user travel destination rec-
ommendation algorithm based on multidimensional scoring
includes scenic spot attribute scoring and user demand
model scoring. The scenic spot attribute score consists of
static attribute score and dynamic attribute score, in which
the static score covers the scenic spot historical tourist score
and geographical location; the dynamic score is based on the
dynamic related information of scenic spot recommenda-
tion, including season and weather. In the tourist history
evaluation of scenic spots, the score of 1-5 reflects the tourist
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satisfaction. The higher the score, the higher the tourist
satisfaction. Suppose there is a scenic spot history evaluation
{r1,r2,r3,r4,r5), with the number of users in the scenic
spot history evaluation i being ri, i € [1,2,3,4,5].

Y ik
o= )
5% i1t
In equation (9), H, is the score of scenic spots in the
historical evaluation, and its value is 0-1. The distance be-
tween scenic spots is judged by the distance from the user’s
current location to the scenic spot. The closer the distance is,
the lower the travel cost of the user is, and the more worthy
of recommendation the scenic spot is. Let all the scenic spots
around the current point L be in the set A(Al, A2,..., An),
and calculate the distance D; from all the scenic spots Ai to
point L. The smaller the D;, the higher the recommended
value.

AvgD

T AvgD+D; (10)

Equation (10) is the expression of the distance based
rating D, of scenic spots. The average distance between
scenic spots and L points in the set A(Al, A2,...,An) is
Avg D, which is 0-1 and AvgD = Y= D,/Y'=}i. According
to the matching degree of the season and the most suitable

season, the scenic spot season is scored. When the matching
degree is high, the scenic spot season score is Se, = 1;
otherwise, Se; = 0. When the current weather condition is
suitable for scenic spots, the weather score of scenic spots is
C, = 1; otherwise, C, = 0.

S=a*H;+D+Se; +C,. (11)

Equation (11) is the attribute score of scenic spots ob-
tained by integrating the four dimensions, S; a value rep-
resents the weight of historical evaluation of scenic spots and
is determined by the number of historical evaluations of
scenic spots. The higher the number of evaluations of scenic
spots, the higher the reliability of the score, and the greater
the weight of historical evaluation in scenic spots.

Ci

a=———-.

" Max(c;) (12)

In equation (12), the total number of historical evalu-

ations of scenic spots is ¢;, and the total number of historical

evaluations of all scenic spots around the current point L is
Max (c;).

¢;j=aS;+bU; ;. (13)

Formula (13) is the calculation formula of all the rec-
ommended scenic spots in the scenic spot attribute score set,
§; the scenic spot attribute score of current scenic spot jis S,
and the interest value of user i to scenic spot j is U; ;; when
there is no interest value, U, ; = 0; a and b are adjustment
coeflicients. According to the recommendation score, the
scenic spots in S = (S,,S,,...,S,) are sorted. According to
the multidimensional hybrid recommendation algorithm,
the overall framework of the tourism recommendation
system is constructed, which is mainly responsible for the
recommendation of tourist attractions and tourism itinerary
planning.

As shown in Figure 6, the experimental design of tourism
recommendation system is composed of cloud server, user
client, and related database. Among them, the cloud server is
responsible for the interactive travel recommendation of the
system client users, according to the user information and
the corresponding scenic spot information in the database,
and achieves the interactive task between the database and
the corresponding user client; the database is responsible for
storing the user information and the related scenic spot
information; the user client can interact with the user, accept
the user input, and push the most appropriate schedule
through the visualization system.

4. The Application Effect of Multidimensional
Hybrid Recommended Travel Itinerary
Planning Algorithm

4.1. Performance Verification of Multidimensional Hybrid
Travel Itinerary Recommendation Algorithm.
Multidimensional hybrid travel recommendation starts
from the user’s interest range, with the purpose of meeting
the user’s needs, gaining satisfaction, and making scientific
and effective travel plan. The calculation method of users’
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interest measurement of multidimensional features solves
the problems of data sparsity and recommendation effi-
ciency. This calculation method can adapt to both extremely
sparse data sets and large data sets and improve the
adaptability and scalability of the recommended model. This
paper selects user based collaborative filtering recommen-
dation algorithm (UB-CF), geographic location modeling
recommendation algorithm (GEO-INFO), friend relation-
ship based recommendation algorithm (SNS-INFO), and
multidimensional hybrid travel itinerary recommendation
algorithm (MH) as the experimental objects to compare the
accuracy and missing rate of the four travel itinerary
planning algorithms.

As can be seen from Figure 7(a), the accuracy of the
proposed multidimensional hybrid travel itinerary recom-
mendation algorithm (MH) is 0.984, the accuracy of user
based collaborative filtering recommendation algorithm
(UB-CF) is 0.823, the accuracy of GEO-INFO is 0.606, and
the accuracy of SNS-INFO is 0.278. Figure 7(b) shows that
the missing rate of UB-CF is 0.26; the missing rate of SNS-
INFO is 0.73, being the highest; and the missing rate of
multidimensional hybrid travel itinerary recommendation
algorithm is 0. To sum up, compared with the accuracy of
SNS-INFO recommendation algorithm, the accuracy of
multidimensional hybrid travel itinerary recommendation
algorithm is improved by 0.706, and the missing rate is
reduced by 0.73, which indicates that the travel itinerary
planning completed by multidimensional hybrid travel
itinerary recommendation algorithm can accurately meet
the needs of users for travel itinerary planning and formulate
personalized travel strategies in line with users, which is
conducive to improving the quality of travel customer
satisfaction.

Users are affected by both scenic spot information and
geospatial information on their way to travel. Therefore,
travel itinerary planning needs to analyze large-scale heat
data and large-scale geospatial data to exclude the

recommended single scenic spot with extremely short stay
time. In addition, when the distance between scenic spots is
too small, tourists often regard it as a scenic spot, so we
should analyze the effect of multidimensional hybrid rec-
ommendation algorithm in scenic spot extraction. In the
experiment, 215 scenic spots were given, and the demand
time was increased by 50 minutes. The heat value Fr, uti-
lization time ratio (UTR), stay time ratio (STR), and running
time of four recommendation algorithms (Trip-Mine al-
gorithm, mostbenefit algorithm, venuelnserting algorithm,
and multidimensional hybrid travel recommendation al-
gorithm) were compared.

Figure 8(a) shows that with the increase of constraints,
the execution time of the algorithm is also gradually in-
creasing, the number of tourist attractions on each path is
increasing, and the number of user selectable paths is
increasing. Compared with Trip-Mine algorithm, multi-
dimensional hybrid travel itinerary recommendation al-
gorithm has less execution time. When the time limit is
450 min and 500 min, the running time of multidimen-
sional hybrid travel recommendation algorithm is signif-
icantly reduced. Figure 8(b) shows that the performance of
multidimensional hybrid travel itinerary recommendation
algorithm is better than that of mostbefifit algorithm and
venuelnserting algorithm in travel itinerary planning.
Figures 8(c) and 8(d) show that in terms of utilization time
ratio (UTR) and residence time ratio (STR) of tourism
itinerary planning, the multidimensional hybrid tourism
itinerary recommendation algorithm is significantly better
than the other three algorithms; that is to say, the multi-
dimensional hybrid tourism itinerary recommendation
algorithm can make better use of the time so that users can
arrange and make tourism itinerary planning schemes with
higher timeliness ratio. To sum up, when the number of
scenic spots is the same and the time limit is different, the
multidimensional hybrid travel recommendation algo-
rithm is better than the other three algorithms in terms of
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Figure 9(a) shows the comparison results of memory
consumption of different algorithms with different time, the
same cost, and the same number of scenic spots. When the
travel time is less than 150 min, the memory proportion of
TM (Trip-Mine) algorithm and multidimensional hybrid
travel itinerary recommendation algorithm (MH) is similar.
When the travel time is 180 min, the memory occupation of
TM algorithm increases rapidly until it is the same as BF
(brute force) algorithm, which is stable at about 45 m; the
memory occupation of MH algorithm increases, and the
slope comes at 360 min. Figure 9(b) shows the running time
comparison of TM algorithm and MH algorithm when the
cost is different and the number of scenic spots and travel
time are the same. The running time of the two algorithms is
very close before the tourism cost is 40 US dollars. With the
increase of the cost, the running time of MH algorithm is
always less than that of TM algorithm. Figure 9(c) shows the
running time comparison results of BF algorithm, TM al-
gorithm, and MH algorithm with different travel time, the
same travel cost, and the same number of scenic spots. The
running time of BF algorithm is basically not affected by the
travel time, and it is stable at about 1 million milliseconds.
With the increase of travel time, the running time of TM
algorithm and MH algorithm increases. When the time
exceeds 330 hours, the running time of MH algorithm is
gradually less than TM algorithm, and the running time of
MH algorithm is less than 1/5 of that of TM algorithm. This

means that with the increase of travel time, MH algorithm
will show better performance. Figure 9(d) shows the com-
parison results of memory occupation of BF algorithm, TM
algorithm, and MH algorithm when the number of scenic
spots is different and the travel cost and travel time are the
same. When the number of scenic spots is 20 to 30, the
memory consumption of MH algorithm is only 1/2 of that of
TM algorithm. With the increase of the number of scenic
spots, the memory consumption of MH algorithm is always
lower than that of TM algorithm. From the above results, we
can see that the multidimensional hybrid travel itinerary
recommendation algorithm is efficient.

4.2. Analysis of the Application Effect of Tourism Itinerary
Planning System. Select 50 user’s travel strategies about H
city; form data set s, extract relevant scenic spots infor-
mation; use multidimensional scenic spot scoring method to
score related scenic spots; use heuristic itinerary planning
algorithm to plan travel routes; calculate the travel time of
scenic spots and the total distance between scenic spots;
calculate the time efficiency ratio (the ratio of travel time to
the total distance spent between scenic spots). The higher the
time ratio is, the better the route planning is.

In Figure 10, “P” refers to the original tourism strategy,
and "P* refers to the tourism strategy formulated by heu-
ristic itinerary planning, so “distance (P)” refers to the
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distance between scenic spots in the original tourism
strategy, and “distance (P = )” refers to the distance between
scenic spots in the heuristic itinerary planning tourism
strategy. “Time” refers to the time of scenic spots. As can be
seen from Figure 10, in the travel itinerary planned by the
multidimensional hybrid recommendation algorithm, the
total distance between scenic spots is 48.9 km, and the total
time of visiting scenic spots is 25h; in the original travel
strategy, the total distance between scenic spots is 84.9, and
the total time of visiting scenic spots is 31 h. The multidi-
mensional hybrid recommendation algorithm can signifi-
cantly improve the time efficiency ratio of tourists’ travel
itinerary planning and increase it from 0.37 (in the original
travel strategy) to 0.51. The travel planning itinerary ob-
tained by the hybrid recommendation algorithm is signifi-
cantly better than the route planning of the original tourism
strategy, and the daily arrangement of scenic spots is more
reasonable, which can help tourists reduce the travel and
time between scenic spots.

Figure 11 shows that, from the overall analysis, the time
efficiency ratio of the travel route planned by the heuristic
travel planning algorithm (multidimensional hybrid

recommendation algorithm) is significantly better than that
of the original travel strategy, which shows that the mul-
tidimensional hybrid recommendation algorithm designed
in the experiment has certain effectiveness in the travel
planning of tourists. When the scenic spots and travel days
remain unchanged, the multidimensional hybrid recom-
mendation algorithm is effective travel itinerary recom-
mendation algorithm and can effectively reduce the distance
tourists spend between scenic spots, significantly improve
the travel time ratio, and get more uniform and reasonable
travel planning.

After setting the destination and the starting place, the
departure time, and the return time, the tourists design
the travel planning system with the multidimensional
hybrid travel recommendation algorithm as the core
component. According to the user’s choice, the person-
alized travel planning scheme will be made for the user.
Figure 12 shows only part of the itinerary planning route.
According to the tourism itinerary planning system, users
can select and click their own regions of interest for online
browsing of scenic spots and real-time adjustment of the
planning route.
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5. Conclusion

With the improvement of living standards and the rapid
development of the tourism industry, tourists often obtain
tourism related information through Internet search.
However, the amount of tourism information on the
Internet often causes the problem of user information
overload, which leads to the users being unable to ac-
curately obtain the tourism information they are inter-
ested in. In order to plan a scientific and efficient travel
itinerary, a travel itinerary planning system based on
multidimensional hybrid travel itinerary recommenda-
tion algorithm is designed. In terms of accuracy, the
accuracy of multidimensional hybrid travel itinerary
recommendation algorithm is 0.984 and the missing rate
is 0; the accuracy of UB-CF algorithm, GEO-INFO al-
gorithm, and SNS-INFO algorithm is 0.823, 0.606, and
0.278, respectively, and the missing rate is 0.26, 0, and
0.73, respectively. Compared with Trip-Mine algorithm,

the running time of multidimensional hybrid travel
itinerary recommendation algorithm 1is significantly
shorter. When the time limit is 450 min and 500 min in
UTR and STR, the multidimensional hybrid travel rec-
ommendation algorithm is superior to mostbenifit algo-
rithm and venuelnserting algorithm. When the travel cost
and travel time are the same and the number of scenic
spots is 20 to 30, the memory occupation of MH algorithm
is only half that of TM algorithm. The multidimensional
hybrid recommendation algorithm can significantly im-
prove the time efficiency of tourist travel planning, in-
creasing it from 0.37 (in the original travel strategy) to
0.51. To sum up, the multidimensional hybrid travel
recommendation algorithm can accurately meet the needs
of users for travel planning and formulate personalized
travel strategies. However, the research of this paper also
has some limitations. When establishing the mixed user
interest model, the information collection of users of
different tourism route planning systems is insufficient,
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resulting in the incomplete interest model. Therefore, in
the future, we will also conduct in-depth exploration of
user information collection from this aspect.
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