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ABSTRACT

Photo sharing sites like Flickr and Instagram have grown
increasingly popular in recent years, resulting in a large
amount of uploaded photos. In addition, these photos con-
tain useful meta-data such as the taken time and geo-location.
Using such geo-tagged photos and Wikipedia, we propose
an approach for recommending tours based on user interests
from his/her visit history. We evaluate our proposed ap-
proach on a Flickr dataset comprising three cities and find
that our approach is able to recommend tours that are more
popular and comprise more places/points-of-interest, com-
pared to various baselines. More importantly, we find that
our recommended tours reflect the ground truth of real-life
tours taken by users, based on measures of recall, precision
and F1-score.

Categories and Subject Descriptors

H.2.8 [Database Management]: Database Applications -
Data mining; H.3.3 [Information Storage and Retrieval]:
Information Search and Retrieval

General Terms

Algorithms, Experimentation, Measurement

Keywords

Tour Recommendation, Travel Itinerary, User Interests, Ori-
enteering Problem, Flickr, Wikipedia, Social Networks

1. INTRODUCTION
The prevalence of GPS-enabled camera-phones and photo

sharing sites (such as Flickr and Instagram) facilitate users
to share geo-tagged photos of interesting places they have
visited. The sharing of such photos are increasingly popular
in recent years, as illustrated by the 8B existing photos and
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Figure 1: Overall Experimental Framework

3.5M new daily uploads in Flickr [28]. These geo-tagged pho-
tos also provide an abundance of location-based information,
which can be used to improve the recommendation of tours
and Places/Points-of-Interest (POI) to visit. For example,
many researchers have utilized these geo-tagged photos to
determine the travel history of users and recommend tours
based on these travel histories [8, 15, 7, 16, 25].

In this work, we aim to build upon the field of tour rec-
ommendation by also considering a user’s interest in specific
categories of POIs, based on their past travel sequences.
Specifically, our main contributions are:

• Outlining the tour recommendation problem in the
context of the Orienteering problem [29, 30], and propos-
ing the TourRecInt approach for tour recommenda-
tion based on user interests (Section 3).

• Implementing a framework (Fig. 1) to construct the
travel sequences of a user based on his/her geo-tagged
photos on Flickr and the list of POIs on Wikipedia
(Section 3.2).
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• Evaluating our TourRecInt approach against various
baselines using a Flickr dataset that comprises geo-
tagged photos taken in three cities (Section 5).

The rest of the paper is structured as follows. Section 2
discusses some related work, while Section 4 describes our
experimental methodology. We elaborate on our other re-
lated contributions in Section 6, before summarizing the pa-
per in Section 7.

2. RELATED WORK
There is a large body of work that uses geo-tagged photos

to recommend tours [8, 15, 7, 16, 25]. In particular, [8] was
one of the earlier works to utilize geo-tagged photos to rec-
ommend routes in the context of the Orienteering Problem,
which involves recommending a budget-constrained tour with
a specific starting and destination POI. [15, 16] used a com-
bined topic and Markov model to recommend tours that are
based on a user’s interest and recently visited POIs. Using
geo-tagged photos, [25] was able to recommend routes that
were deemed more beautiful than the baseline shortest route,
based on crowd-sourced quantitative and qualitative evalua-
tions. While these earlier works successfully use geo-tagged
photos to recommend tours, [8] and [25] do not consider user
interests or POI categories, and [15, 16] model user interests
using a topic model but do not recommend tours that adhere
to a specific starting and destination POI.
More recent work have considered the categories of POIs

in recommending tours [6, 23, 4, 11]. Gionis et al. [11] ex-
tended the Orienteering Problem for tour recommendation,
with the additional constraint that tours have to adhere
to a specific POI category visit order (e.g., restaurant →

park → shopping → restaurant). On the other hand, the
work in [4] is based on the Generalized Maximum Coverage
problem [9] but aims to maximize a multi-objective func-
tion of POI popularity and user-POI interest. [23] adopts
a different approach and recommends tours using random
walks on a graph where the nodes are POIs and edges are
weighted based on the frequency of common user visits and
POI categories. [6] describes a tour planning tool that in-
cludes must-visit POI categories but requires users to explic-
itly state their interests, whereas we implicitly infer interests
from their visit history. Although our work is based on the
Orienteering Problem, we do not assume any specific POI
category visit order or maximize a multi-objective function,
but instead we use a must-visit POI category that is based
on user interests from his/her visit history.
Location prediction is another research area that is closely

related to tour recommendation, in particular location pre-
diction that is based on user interests. Both [12] and [22]
determine user interests based on the time and categories
of POIs visited, with [12] employing a topic model and [22]
using matrix factorization for location prediction. Based
on 68 features such as unique POI categories visited and
most visited POI categories, [2] performs location prediction
using Ranking Support Vector Machines [13] and Gradient
Boosted Regression Trees [32].

3. PROPOSED APPROACH
We first frame the tour recommendation problem in the

context of the Orienteering problem. Thereafter, we elabo-
rate on our proposed approach to recommend tours based

on user interests, and describe the main steps of our exper-
imental framework.

3.1 Problem Definition
We define our tour recommendation problem based on the

Orienteering Problem [29] and use its integer problem for-
mulation from [30, 19], with an additional constraint for a
must-visit category based on user interest. Given a set of
POIs P , starting POI p1 ∈ P , and destination POI pN ∈ P ,
we want to recommend a tour T = (p1, ..., pN ) that adheres
to a distance budget B, while maximizing the overall profit
of POIs in recommended tour T . Formally, we aim to opti-
mize the following objective function:

Max

N−1
∑

i=2

N
∑

j=2

xi,jPop(i) (1)

such that:

N
∑

j=2

x1,j =

N−1
∑

i=1

xi,N = 1 (2)

N−1
∑

i=1

xi,k =

N
∑

j=2

xk,j ≤ 1, ∀ k = 2, ..., N − 1 (3)

N−1
∑

i=1

N
∑

j=2

Dist(i, j)xi,j ≤ B (4)

N−1
∑

i=1

N
∑

j=2

xi,jδ(Cati = cm) ≥ 1, ∀ cm ∈ C (5)

where:

xi,j =

{

1, if we visit POI i, followed by POI j

0, otherwise

δ(Cati=cm) =

{

1, if Cati = cm (POI i is of category cm)

0, otherwise

Eqn. 1 shows the objective function that maximizes the
total popularity of all POIs in the recommended tour, where
Pop(p) measures the popularity of POI p based on the total
number of visits to POI p. Constraint 2 ensures that the tour
starts and ends at POI P1 and POI PN , respectively. Con-
straint 3 ensures tour/path connectivity and that no POIs
are re-visited. Constraint 4 ensures that the total distance
travelled between consecutive POIs is within the distance
budget B (using the function Dist(i, j) that measures the
distance between POI i and POI j).1

More recently, authors such as [4, 11] further grouped
POIs into different categories (e.g., museums, parks, etc).
Similarly, we adopt a set of POI interest categories C and
represent each POI p ∈ P by a unique ID, POI name, cat-
egory, and latitude/longitude coordinates. Given that Catp
denotes the category of POI p, Constraint 5 ensures that
the recommended tour includes at least one visit to a POI
belonging to POI category cm ∈ C. In the next section,

1While we adopt a simple representation of budget using
distance, this can be easily generalized to other representa-
tions such as travel time by different transport modes and
even include the POI visit duration.
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we further elaborate on Constraint 5 and how we determine
the POI category cm ∈ C. In addition, we also included the
constraints for sub-tour elimination as described in [24].

3.2 Experimental Approach
Our proposed TourRecInt approach is based on the Ori-

enteering Problem (outlined in Section 3.1), with additional
consideration for user interests based on his/her visit history.
In addition to the constraints of a starting POI ps ∈ P , des-
tination POI pd ∈ P and distance budget B, we define an
additional constraint of a must-visit POI category cm ∈ C,
as highlighted in Constraint 5. Some examples of must-visit
POI categories include Sports, Parks, Entertainment and
Shopping. This constraint ensures that the recommended
tour T contains at least one POI of the category cm ∈ C.
Specifically, we define the category cm ∈ C as the POI cat-
egory which the user has most frequently visited in his/her
other travel sequences. Finally, we solve this tour recom-
mendation problem as an integer program, using the lpsolve
linear programming package [3]. User interest can also be
easily generalized to other definitions such as using POI visit
times or a relative interest weighting, which we intend to ex-
plore as future work.

Figure 2: Places-of-Interests from Wikipedia

As illustrated in Fig. 1, our experimental framework com-
prises the following steps:

1. Get POI List. Extract list of POIs, latitude/longitude
coordinates, and interest categories from Wikipedia.
Fig. 2 shows an example of a Wikipedia listing of POIs
in Melbourne and the corresponding category and co-
ordinates of each POI, which we use for this step.

2. Get User-POI Visits. Map Flickr photos to the ex-
tracted list of POIs if their coordinates differ by<100m
based on the Haversine formula (for earth/spherical
distances) [26].

3. Build User Travel Sequences. Construct real-life
user travel sequences based on the User-POI Visits
(from Step 2). Specifically, we group a set of User-
POI Visits as an unique travel sequence if the User-
POI Visits differ by less than 8 hours.

4. Recommend Tours. Use ourTourRecInt approach
to recommend tours and evaluate the results based on
the real-life travel sequences as ground truth.

More details on our evaluation methodology are given next
in Section 4.

4. EXPERIMENTAL METHODOLOGY
In this section, we describe the dataset used in our exper-

iments and elaborate on the various evaluation metrics.

4.1 Dataset
Our experiments were conducted on the Yahoo! Flickr

Creative Commons 100M dataset [31]. This dataset com-
prises 100M photos and videos that were posted on Flickr,
accompanied by their relevant meta information such as the
date/time taken, latitude/longitude coordinates and geo-
graphic accuracy. For our experiments, we only consider
photos with the highest geographic accuracy.

Table 1: Description of Dataset

City No. of No. of # POI # Travel
POIs Photos Visits Sequen.

Adelaide 65 26,665 4,022 948

Melbourne 96 61,605 14,607 2,780

Sydney 150 53,832 20,876 3,628

Using this dataset, we then extracted photos that were
taken in three major Australian cities, namely: Adelaide,
Melbourne and Sydney. Table 1 shows more details regard-
ing this dataset. As described in Section 3.2, we first ob-
tained a list of POIs from Wikipedia (Step 1), then mapped
these photos to User-POIs visits (Step 2), next we con-
structed the user travel sequences (Step 3), before finally
evaluating our proposed approach (Step 4).

4.2 Evaluation Metrics
Our evaluation is performed using the following metrics:

1. Total POIs in Tour: The total number of POIs rec-
ommended in the tour.

2. Tour Popularity: The total popularity of all POIs
recommended in the tour, where POI popularity is the
number of times a POI is visited.

3. Tour Recall: The recall of POIs recommended in the
tour, defined as: |Pr∩Pv |

|Pv|
, where Pr and Pv are the set

of POIs recommended in the tour and visited by the
user in real-life, respectively.2

4. Tour Precision: The precision of POIs recommended

in the tour, defined as: |Pr∩Pv |
|Pr|

, where Pr and Pv are

the set of POIs recommended in the tour and visited
by the user in real-life, respectively.

5. Tour F1-score: The harmonic mean of both precision
and recall, defined as: 2×precision×recall

precision+recall
.

Metrics 1 and 2 reflect the objectives of a typical tourist,
which are to visit the largest number of POIs and visit the
most popular POIs. Metrics 3 to 5 are standard evaluation
metrics used in the Information Retrieval field, which we
adopt for evaluating our recommended tours to determine
how well they perform against the real-life travel sequences
that users embark on.

For determining the must-visit interest category cm ∈ C

in our proposed TourRecInt (Section 3), we use leave-
one-out cross-validation [14] (i.e., when we evaluate a travel
2We approximate the real-life tours (travel sequences) of
users based on the photos they have taken.
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sequence of a particular user, we define cm ∈ C as the POI
category which the user has visited the most in his/her other
travel sequences). Similarly, we use the starting/destination
POIs and distance covered in these real-life travel sequences
as input to TourRecInt.

5. RESULTS AND DISCUSSION
In this section, we discuss some results on the distribu-

tion of POI visits. Thereafter, we describe the various base-
line algorithms used and discuss the results of our proposed
TourRecInt compared to these baselines.

5.1 Heavy-tailed Distribution of POI Visits
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Figure 3: Distribution of POI Visit Count

As shown in Fig. 3, we observed a heavy-tailed distribu-
tion for the POI visits in our dataset. In particular, we
find that the top 40 POIs (in terms of visit count) repre-
sents 99.4%, 87.9% and 88.5% of all POI visits in Adelaide,
Melbourne and Sydney respectively. Given the large repre-
sentation and popularity of these top 40 POIs, we focus on
the top 40 POIs of each city for our tour recommendation
experiments.

5.2 Baseline Algorithms
In our evaluation, we compare our proposed approach

with various baselines, as follows:

• Greedy Nearest (GreedNear). From a starting
POI ps ∈ P , iteratively select the nearest, unvisited
POI as the next POI to visit.

• Greedy Most Popular (GreedPop). From a start-
ing POI ps ∈ P , iteratively select the most popular,
unvisited POI as the next POI to visit.

• Random Selection (Random). From a starting POI
ps ∈ P , iteratively select a random, unvisited POI as
the next POI to visit.

All three baselines will iteratively select a next POI to
visit, until either: (i) destination POI pd ∈ P is reached; or
(ii) distance budget B is exceeded.
Similar to the evaluation of TourRecInt, we evaluate

the three baselines using the real-life travel sequences of
users. For each travel sequence with ≥3 visited POIs, we use
the starting/destination POIs and distance covered in these
travel sequence as input to TourRecInt and the baselines.
Thereafter, we measure the performance of each algorithm
based on the metrics described in Section 4.2, and repeat
the evaluation for all travel sequences with ≥3 POIs.

5.3 Tour Recommendation Results
Fig. 4 shows that our proposed TourRecInt generally

out-performs all three baselines (GreedNear, GreedPop,
and Random) in terms of total POIs, total popularity, preci-
sion, recall and F1-score, for all three cities. We now discuss
these results in greater detail.

Compared to the baselines, TourRecInt recommends
tours that comprise more POIs and are more popular in
most cases3, addressing the typical objectives of tourists to
visit as many POIs as possible, with a preference for the
more popular ones. GreedNear offers the second best per-
formance as it favours the nearest POI, thus consuming less
budget (distance) and is able to cover more POIs. Con-
versely, GreedPop is biased towards the most popular POI
regardless of distance. However, reaching this POI typi-
cally consumes a large proportion of GreedPop’s budget,
thus rendering it unable to visit more POIs. Unsurprisingly,
Random provides the worst overall performance based on
tour popularity.

In terms of recall, TourRecInt offers the best perfor-
mance by a large margin, compared to the three baselines.
One contributing factor is the consideration of user interest
by TourRecInt, as users are more likely to visit places that
they are interested in [1]. On the other hand, the baseline
algorithms do not consider user interest, thus resulting in a
poorer performance.

TourRecInt also performs the best in terms of preci-
sion, followed by GreedPop and GreedNear, with Ran-

dom performing the worst. Similarly, the results show that
TourRecInt offers the best performance in terms of F1-
score, followed by GreedNear, GreedPop and Random.
The strong performance of TourRecInt in recall, precision
and F1-score shows that TourRecInt is able to recommend
tours that accurately reflect the ground truth of real-life user
travel sequences.

6. OTHER RELATED CONTRIBUTIONS
During my PhD, we have also worked on the related ar-

eas of predicting next check-in location [18] and detecting
location-centric communities [17], which serve as initial steps
for our future work in dynamic tour recommendation and
group-based tour recommendation, respectively. We discuss
about these related contributions next.

6.1 Predicting Next Check-in Location
Location prediction and POI recommendation are two

closely related fields and one of our earlier contribution was
in improving the prediction accuracy of a user’s next check-
in location on location-based social networks (LBSNs) [18].
Our work improved the Social Historical Model (SHM) [10],
which uses a language model [27] to predict a user’s next
check-in location based on this user’s previous check-ins and
that of his/her friends (i.e., social links).

In [18], we showed that LBSN users exhibit a recency pref-
erence where they are more likely to re-visit recently visited
places than those visited in the distant past. Also, we in-
troduced place-links, which are links where the two users
share a friendship and a common daily check-in. Using two
Foursquare LBSN datasets, we showed how the incorpora-

3Except for Sydney where GreedNear recommends more
POIs. However, GreedNear under-performs TourRecInt

in terms of precision, recall and F1-score.
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Figure 4: Total POI, popularity, recall, precision and F1-score (1st to 5th column) of tours recommended
for the Adelaide, Melbourne and Sydney (1st to 3rd row) datasets. For each graph, the x-axis shows the
algorithms evaluated, namely: TourRecInt, GreedNear, GreedPop and Random (left to right).

tion of both recency preference and place-links can improve
the performance of next check-in prediction over the original
SHM and various baseline location prediction algorithms.

6.2 Detecting Location-centric Communities
One of our future research direction is to recommend dif-

ferent tours for tourists based on whether they are traveling
alone or as part of a group. This distinction is important as
a tourist might want to visit certain POIs if he/she was trav-
elling alone, but may visit a different set of POIs if he/she is
travelling with his/her family or friends (a group). As a pro-
gressive step, we first aim to identify groups or communities
of users who tend to visit the same set of places [17].
In [17], we proposed an approach to find such location-

centric communities by augmenting social ties (i.e., friend-
ships) with temporal and spatial information. We evaluated
our proposed approach on two Foursquare datasets and were
able to detect communities of users that display strong sim-
ilarities in terms of the places they visit and reside in. Pre-
viously, we have also found that communities of users with
the same interests tend to share strong similarities in their
residential city [20]. Similarly, other researchers have found
that city-level social networks comprise a large number of
user triads that visit common places [5].

7. CONCLUSION AND FUTURE WORK
We examined tour recommendation in the context of the

Orienteering problem, and developed the TourRecInt ap-
proach for recommending tours based on user interest. Our

proposed framework involves first using geo-tagged photos
and a POI list to construct user visit sequences, then us-
ing TourRecInt for tour recommendation based on these
user visit sequences. TourRecInt is based on a variant of
the Orienteering problem, with an additional constraint for
a must-visit category based on user interest (i.e., the most
visited POI category). Using a Flickr dataset across three
cities, we evaluated TourRecInt against various baselines
and observe that TourRecInt recommends tours that are
more popular and comprise more POIs. More importantly,
we find that TourRecInt is able to recommend tours that
reflect the ground truth of real-life travel sequences, as in-
dicated by high values of recall, precision and F1-score.

In this work, we focus on one aspect of tour recommenda-
tion by considering user interest in specific POI categories.
For future work, we intend to explore the following:

• We intend to personalize tour recommendations based
on both relative user interest and POI visit durations.
Like our earlier work on Twitter [21], we first deter-
mine user interest in a specific category, relative to
his/her interests in other categories. Thereafter, we
personalize tours by recommending POIs related to the
user’s interests and tailoring the recommended POI
visit duration based on the level of user interest.

• Another future direction is to recommend tours based
on whether a user is travelling alone or part of a bigger
group (e.g., a couple or family). As each member of
the group will have their own unique preferences, the
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main challenge is in aligning the individual preferences
for such group tours.

• As travel plans are subject to changes due to vari-
ous circumstances (e.g., bad weather, human fatigue,
POI/road closure, traffic congestion), another possi-
bility for future work is to develop dynamic tour rec-
ommendation algorithms that consider these changing
context during the course of a pre-planned tour.
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