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Abstract—Travel recommendation systems provide suggestions
to the users based on different information, such as user
preferences, needs, or constraints. The recommendation may also
take into account some characteristics of the points of interest
(POIs) to be visited, such as the opening hours, or the peak
hours. Although a number of studies have been proposed on the
topic, most of them tailor the recommendation considering the
user viewpoint, without evaluating the impact of the suggestions
on the system as a whole. This may lead to oscillatory dynamics,
where the choices made by the system generate new peak hours.
This paper considers the trip planning problem that takes
into account the balancing of users among the different POIs.
To this aim, we consider the estimate of the level of crowding
at POIs, including both the historical data and the effects of
the recommendation. We formulate the problem as a multiobjective optimization problem, and we design a recommendation
engine that explores the solution space in near real-time, through
a distributed version of the Simulated Annealing approach.
Through an experimental evaluation on a real dataset, we show
that our solution is able to provide high quality recommendations,
yet maintaining that the attractions are not overcrowded.

I. I NTRODUCTION
Traveling is part of many people leisure activities, and an
increasing fraction of the economy comes from the tourism.
Vising a city is a common choice for a short-term trip: besides
the well known destinations, such as New York or Paris, many
cities are becoming popular destinations, for instance, during
the weekend, or as an intermediate stop while reaching other
places. Each destination contains many attractions, or Points
of Interests (POIs), which are listed in different sources. For
instance, travel guides, such as Lonely Planet, provide different
suggestions based on the available time. Other options are the
Location Based Social Networks (LBSNs) [1], which collect
the travellers’ experiences to derive popular attractions. Still,
once the tourists have a list of POIs to visit, how can they
make the most of them given their available time?
Trip recommendation systems deal with this kind of issues.
In their essence, these systems need to solve an optimization
problem [2], such as the Traveling Salesman Problem, which
is NP-hard. Very often, the trip recommendation systems try
to provide a solution taking into account not only the tourist
available time, but also other elements, such as their personal
interests, or budget [3]. Therefore, these systems need to solve
a multi-objective optimization problem, whose complexity is
further increased. The solutions proposed in literature usually
deal with well-known heuristics for local optimization: they
translate the user requirements to an utility function, and

they adopt different techniques (e.g., gradient descent) to
explore the solution space. Recent works focused on more
complex scenarios that take into accounts the user needs and
constraints: for instance, the POI opening hours may determine
its position in the sequence of POIs to be visited [4]. The
aim of the trip recommendation system becomes to tailor the
suggestions to the specific user.
Limitation of the prior work. The proposed solutions
concentrate their attention to the user needs and viewpoints:
the systems take as input the user preferences and some
information about the POIs, and provide a recommended trip.
The information about the POIs are “static”, such as the
opening hours, or an estimate of the busy periods (see Sect. II).
The fact that the suggestions have an impact on the status of
the POIs is not considered in the recommendation engine. In
other words, the optimization is based on the users, not on
the system as a whole. For instance, if the recommendation
system considers the busy hours of the POIs of the previous
day or week, it will generate trips trying to avoid them. This
may generate other busy hours, since many of the users may
be directed to a specific POI at the same time. This oscillatory
dynamics have been observed in routing algorithms that take
into accounts the current state of the routes [5]. In order to
avoid such dynamics, the system should estimate the effect of
the trip recommendation on the system itself.
Proposed approach. In this paper we consider the trip
planning problem that takes into account, besides the user
preferences and the system constraints, the balancing of users
among the different POIs. The recommendation engine needs
to consider the prediction of the user presence at the POIs.
The quality of the prediction determines the quality of the
recommendation: the prediction is based on historical data,
as well as the recommendations made so far by the system
itself. There are a number of challenges that need to be faced
to design such a system. First, the user requests are usually
issued by a mobile application, where the user expects a near
real-time response: the solution space, therefore, should be
explored in a limited timeframe. Another issue regards the
necessity to understand the impact of the estimation error –
due to some unpredictable user behavior – on the balancing
process. Finally, in order to increase the effectiveness of
the recommendations, the constraints used by the system for
comparing possible solution instances should include spatial
properties, like for example the total trip distance computed
on a network with different traveling modes.

Key contributions. The contributions of our work are the
following: (1) we formulate the online optimization problem,
where we consider the current estimation of the user visiting
the different POIs as part of the input of the recommendation
system. (2) We design and implement an efficient solution
engine that works in near real-time. The solution is based on
a parallel version of the Simulated Annealing approach, using
the MapReduce programming framework. (3) We evaluate the
trip recommendation system with a dataset collected from the
tourist information office of the city of Verona. The dataset
contains the visits to the POIs included in a set of city passes.
II. R ELATED W ORK
This section reviews the related works focusing on two main
topics: (i) trip recommendation, and (ii) computational aspects
of the solution of optimization problems.
Recommendation systems. This topic has received a lot
of attention in recent years, therefore the related literature
is vast. Here, due to space constraints, we highlight some
representative works based on the taxonomy provided in two
recent surveys [1] [6]. The interested reader can find more
details in such surveys and the references therein.
The main problem to consider is the identification of the
POIs and their relevance. The data used to find POIs can
be gathered from different sources, such as user check-in
behaviours [7], [8], crowdsourced digital footprints [9], [10],
GPS data [11], [12], or it can be inferred by using geographical
or social correlations of visited POIs [13], [14]. Once the
system has the list of POIs, it needs to select the subset of
POIs that are relevant to the user. The recommendation may
take into account multiple constraints [2], [15] or constraints
related to time [4], [16]. The POIs can be used to build
semantically enriched trajectories – for a survey on the topic,
please refer to [17]. All the above systems are focused on the
user viewpoint to provide a tailored recommendation. Only
some of them include geographical consideration in building
the itinerary, and none of them adapts the solution considering
the number of users that can be present at the POIs.
The current crowding of the POIS is only considered in [3].
Nevertheless, the proposed system bases its recommendations
on instantaneous information, therefore it may generate new
peak hours at the different POIs. Moreover, the authors do
not consider the geographical aspects in building the itinerary.
To the best of our knowledge, our work is the first that takes
into consideration the impact of the recommendations on the
current and future level of crowding, so that to balance the
users among the POIs.
Optimization problem. Approximate solutions of optimization problems have been extensively treated in the literature. Hoos et al. [18] provide a broad view of the techniques
and the solutions adopted so far.
Since we are interested in a near real-time system, we focus
on some works that deal with the parallel implementation
of a specific technique, i.e., the Simulated Annealing (SA).
Frequently the Asynchronous Approach [19], [20] is adopted,

where different workers executes independent SA using different starting solutions, and the best solution among them is
reported. Inspired by such an approach, the authors in [21],
[22] propose different MapReduce implementations, where the
computations is divided among M AP and R EDUCE tasks in
different ways. The solution of multi-objective optimization
problems using SA have been considered in [23], [24], and its
parallel implementation in [25]. To the best of our knowledge,
these parallel implementations have never been adapted to the
MapReduce framework. We take inspirations from the above
mentioned works to design a MapReduce implementation of
a multi-objective optimization problem.
III. P ROBLEM FORMULATION
In this section we provide the necessary definitions and
formalize the trip planning problem we consider.
Definition 1 (Point of interest). A point of interest (POI) p
represents an attraction reachable by users. It is characterized
by several attributes, such as the admission fee, or the opening
hours. Among these, we consider: the spatial coordinates
defining its position on the Earth surface, which we denote
with pc , and the duration of a visit, denoted by pv (t), which
depends on the time t when the visit starts.
The dependency on t is necessary since pv (t) is influenced
by many factors, such as the day of the week, and the number
of people currently visiting p. We will show in Sect. IV how
we compute (and update) the value of pv (t). For the purposes
of this paper, the set of POIs P that can be considered for
building a trip is assumed to be known and fixed.
Definition 2 (Trip). A trip τ is an ordered collection of POIs,
i.e., τ = hp1 , p2 , . . . , pn i, where n indicates the number of
POIs contained in τ , |τ | = n.
The set T of all possible trips contains all the possible
ordered combination of POIs in P, for any cardinality of τ .
Definition 3 (Path). Given any two spatial coordinates ci and
cj , and a travel mode m (e.g, walking, public transportation),
a path π(ci , cj , m) is a continuous portion of a transport
network that connects the points whose location is defined
by ci and cj . The path is characterized by the travel distance,
πtd (ci , cj , m), and by the travel time, πtt (ci , cj , m).
Note that, in order to maintain the notation simple, we may
not indicate the dependency of πtd (πtt ) on the travel mode,
which it is specified by the user when she submits the query.
Definition 4 (Recommendation query). Users looking for a
recommendation submit a query Q to the system by specifying
the following constraints:
• the initial coordinates c0 where the trip begins;
• the time t0 at which the trip will start;
• the maximum trip duration TDmax ;
• the travel mode m.
In order to reply to such a query, the system needs to
compute a set of values that drives the trip selection. We

start considering the main constraint, i.e., the total time of
the duration of the trip should be less than TDmax . To this
aim, we introduce a fictional POI p0 , which corresponds to
the user initial position, and we set pc0 = c0 and pv0 (t0 ) = 0.
We denote with ti the time of arrival at pi , the i-th POI of the
trip, which can be computed considering the time ti−1 , the
visit time of the previous POI and the travel time between the
two POIs, i.e., ti = ti−1 + pvi−1 (ti−1 ) + πtt (pci−1 , pci ), i ≥ 1.
Note that t1 = t0 + pv0 (t0 ) + πtt (pc0 , pc1 ) = t0 + πtt (c0 , pc1 ),
which represents the staring time of the trip plus the travel
time between the user position and the first POI. We can now
define the total trip time λτ for a trip τ as:
|τ |

λτ (c0 , t0 ) =

X


πtt (pci−1 , pci ) + pvi (ti ) ,

(1)

i=1

Definition 5 (Objective functions). Given a trip τ , the objective functions fn , ftt and ftd denote the number of locations
not visited during the trip, the estimated trip travel time, and
the total distance travelled during the trip, respectively. They
are computed as:
ftt =

|τ |
X

πtt (pci−1 , pci ),

i=1
|τ |

ftd =

X

(2)

πtd (pci−1 , pci ).

i=1

We are now ready to define the trip planning problem, which
can be cast as an optimization problem:
Minimize

hfn , ftt , ftd i,

subject to

λτ (c0 , t0 ) < TDmax

τ

Our proposed recommendation system (Fig. 1) has two main
components: an offline analysis of the user presence in the
different POIs, and a recommendation engine based on a
parallel implementation divided into two main stages.
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When exploring the solution space, the system will consider
the trips for which λτ (c0 , t0 ) < TDmax . The exploration
is guided by the values of the objective function. In the
following, we consider a set of possible optimization criteria
that can be minimized. For simplicity, we focus on three
criteria: adding more objective functions is cumbersome.

fn = |P| − |τ |,

IV. P ROPOSED SYSTEM

(3)

Note that the global objective function we would like to
minimize is a composition of objective functions, and it can
be defined as f¯ : T → R3 . We are therefore in the context
of multi-objective optimization, in which is not possible to
define a total order. We need to introduce a dominance relation
to partially order the set of possible solutions. A trip τi
dominates a trip τj , denoted τi ≺ τj , if at least one of the
composing objective functions is smaller for τi than for τj ,
while the others are equivalent. The results of the optimization
problem will be the set of mutually non-dominating trips, i.e.,
res(Q) = {τ ∈ T |6 ∃τ0 ∈ T such that τ0 ≺ τ }.
Considering the cardinality of the set containing all the
possible trips, T , the solution space to explore to provide a
recommendation is very large. In addition, note that the total
trip time depends on the POI visit duration, which depends on
the time when the visit starts, thus the solution space further
increases. For this reason, our search is based on heuristics.

Fig. 1. System architecure.

Offline analysis. The offline analysis processes the records
of the visits at the POIs. In particular, it considers the users
with identifiers, i.e., the ones that use, for instance, a bundle
offer. For these users, we can reconstruct the set of POIs they
visited. We can also derive the set of popular trips that can be
used by the recommendation engine as a starting point in the
search of the optimal solution when replying to a query. The
popular trips are stored back in the database, and accessed by
the recommendation engine when it processes a query.
From the data, it is also possible to build a set of characterizing measures, such as (i) the average number of visitors
inside the POI at different times, and (ii) the average visiting
time given a number of visitors inside the POI. These measures
are used when we compute adaptively the recommendation.
Exploration of the solution space. The exact solution of (3)
is computationally expensive, thus we resort to heuristics. Our
solution builds trip recommendations using a dominance-based
Multi-Objective Simulated Annealing (MOSA) [24] technique.
With multi-objective optimization, we can define a partial
order on the solution based on the concept of dominance.
The set of mutually non-dominating solutions is called Paretoset. A solution not dominated by any other solution is called
Pareto-optimum. The aim of our system is to (i) find the
initial Pareto-set given the user query, and (ii) explore the
solution space to look for the Pareto-optimum. The exploration
is based on the comparison between the current solution with
a new potential solution, obtained through a perturbation. The
perturbation could be, for instance, a POI removal or addition,
or a change in the order of the POIs.
The two steps (identification of the starting Pareto-set and
exploration) can be done in parallel with the MapReduce
framework. We use different mappers for executing independent iterations of the Pareto-set computation, starting from
different solutions, and we then use the reducer to compute the
final result. Due to space constraints, we leave out the details
of the algorithms: the interested reader may find additional
information in [26].
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Dynamic adaptation. During the computation of the solution
for the user, the recommendation system needs to take into
account the information about the visiting time – since the
solution must be feasible, i.e., its duration must be less than
the maximum trip duration TDmax . The visiting time in turn
depends on the POI occupancy. With the offline analysis, we
have the averages of these values. To adapt to the current
occupancy, as the system issues recommendations, it records
the choices of the users, and it updates in real-time the
estimation of the POI occupancy, and the expected visiting
time of each POI, so that the following recomandations will
automatically consider this information while exploring the
solution space.
V. C ASE S TUDY AND E XPERIMENTS
We evaluated the proposed systems using real-world traces
collected for registered tourists visiting the city of Verona (IT).
Available dataset. The tourist office of the city of Verona
offers a sightseeing city pass called “VeronaCard”: for a given
fee, the tourist may visit up to 22 POIs around the city within
a specific time-frame (e.g., 24 hours, or 48 hours). Every time
a tourist with the pass enters in a POI, a record is created:
it contains the VeronaCard number (unique identifier), the
timestamp of the entrance and the POI identifier. The dataset
includes approximately 1,200,000 records that spans 5 years.
From this dataset, we derive a set of data and measurements
that we use in our experiments. We build the trips followed
by the tourists with a VeronaCard, i.e., the sequence of visited
POIs, obtaining approximately 250,000 trips. Table I shows
some statistics related to trips. We grouped trips with the
same number of visited POIs, |τ |: for each group, we show its
cardinality, the average duration of its trips (considering the
first POI as the starting POI), the average travel time and travel
distance – we first sum the travel times and travel distances
of the paths for each trip, and then compute the average.
We also compute the visiting time for each POI, at different times of the day, and the number of tourists inside
each POI. From these values, we compute the averages used
in the recommendation system, i.e., we obtain the average
number of visitors inside the POI at different times, and the
average visiting time given a number of visitors. Fig. 2 shows
sample averages for two POIs called “Casa di Giulietta” and
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“Castelvecchio”. As for the average time occupancy (Fig. 2,
left), we show the curves for July’s Sundays (the average
number of visitors computed considering the Sundays in July).
As expected, there are two peak hours, in the morning and the
afternoon. Interestingly, the peak hours for the two POIs in the
afternoon are slightly different.

Num. visitors

TABLE I
S TATISTICS ABOUT THE COLLECTED TRIPS . T HE COLUMNS REPORT: THE
NUMBER OF VISITED POI S , THE NUMBER OF TRIPS WITH SUCH NUMBER
OF POI S , THE AVERAGE DURATION OF THE TRIP ( HOUR : MIN ), THE
AVERAGE TRAVEL TIME , AND THE AVERAGE TRAVEL DISTANCE .
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Fig. 2. Left: Average time occupancy for two POIs in Verona (the averages
have been computed considering the Sundays in July). Right: Average visiting
time for the same POIs (the averages are computed considering the whole
dataset).

Similarly, we notice an increasing visiting time as the
number of visitor increases (Fig. 2, right), which indicates the
impact of crowding in the visiting time.
Experimental methodology. In order to test our system, we
need to provide a set of queries. To this aim, we consider our
dataset and the trips built from it. For a given day, we consider
the trips collected that day: for each trip, we create a query
where (i) the initial coordinates at which the trip starts are
the coordinates of the first POI, (ii) the time at which the trip
begins is the time of the access to the first POI, and (iii) the
maximum trip duration is given by the computed trip duration
augmented with an estimate of the duration of the last visit.
For that set of queries, we observe the output from two possible perspectives: the POI viewpoint and the trip viewpoint.
From the POI viewpoint, we record for each POI the number
of visitors over time, and we build the time occupancy curve
for that day. From the trip viewpoint, we record the values of
the objective functions defined in Eq. (2).
We consider two possible approaches and compare them
with the starting scenario without recommendation. (i) Recommendation based only on historical data (static approach): we
use the average occupancy of POIs collected in the previous
observation interval (e.g., last year); (ii) Adaptive Recommendation (dynamic approach): we use the current estimated POI
occupancies, which are updated after every recommendation.
The MapReduce algorithm has been implemented using
SpatialHadoop [27], which has been successfully applied to
efficiently perform spatial analysis and validation of huge
amount of geographical data [28].
POI viewpoint. Fig. 3 shows the number of visitors over time
for the POI called “Casa di Giulietta” on February 14th, 2015,
with or without a recommendation system. It is interesting to
note that a static recommendation simply changes the peak
hour with respect to a system with no recommendation, since

it uses the average peak hour of the past days, but it does not
adapt to the estimated number of users in the POI. Instead,
our dynamic recommendation spread the tourists over time.
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Fig. 3. Number of visits at “Casa di Giulietta” both considering the behavior
of the tourists without recommendation (basic) and with the two approaches
based on average (static) and adaptive (dynamic) profiles for POIs.

Trip viewpoint. Due to space constraints, we refer the interested reader to [26] for the results.
VI. C ONCLUSION AND FUTURE WORK
Personalized trip recommendation systems tailor the suggestions to the users based on their constraints and requirements. Nevertheless, they do not consider the impact of the
recommendations on the whole system. In this paper we took
a step to fill this gap. In particular, we proposed a system that
efficiently searches the solution space through a MapReduce
implementation of the multi-objects optimization problem and
balances the users among different POIs by including the
predicted level of crowding. We evaluate our implementation
using a real dataset, showing consistent improvements over
the paths usually followed by the tourists.
Our road-map includes the evaluation of the impact that
errors may have on the predictions of the level of crowding,
and the corresponding quality of the recommendations. Moreover, we will consider problems related to the management of
different temporal granularities [29] in the computation of the
visiting time of each POI given the current level of crowding.
Similarly, as regards to the collection of spatial aspects about
previous trips, we will consider issues related to the integration
of data with different positional accurancies [30].
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