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Abstract—The Internet of Things (IoT) is increasingly support-
ing the tourism sector by enabling adaptive services that enhance
the visitor experience. Among emerging applications, itinerary
planning has gained significant attention, leveraging IoT data
to deliver personalized and adaptive routes. However, current
systems show key limitations. Personalization often depends on
static forms rather than adaptive learning; validation is usually
restricted to simulations, and the few real implementations
mostly rely on mobile apps, tools that tourists are reluctant to
download and often abandon after limited use. To overcome
these challenges, this article proposes an itinerary planning
system that integrates reinforcement learning for tourist profiling
with a genetic algorithm (GA) for multiobjective optimization,
implemented in a real-world scenario through a cloud infras-
tructure and delivered via an interactive totem that serves as
the access point for tourists. Results confirm both the efficiency
and scalability of the approach, showing that the system can be
seamlessly extended to diverse urban contexts.

Index Terms—Internet of Things (IoT), itinerary planning,
real-world implementation, user profile.

I. INTRODUCTION

THE Internet of Things (IoT) has become a widely adopted
paradigm, embedded in our daily lives and transforming

the way individuals, businesses, and public administrations
interact with their environments [1]. The integration of sensors,
actuators, and cloud infrastructures has turned the IoT into
a pillar of digital transformation, enhancing experiences in
several domains and facilitating decisions. The expansion
of IoT has been particularly visible across a wide set of
application areas, where industry and health represent only
a few examples [2].

Among these domains, tourism has emerged as another
important sector where IoT has played an important role
[3]. Tourism, one of the most dynamic sectors of the global
economy, involves the continuous interaction between visitors,
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services, and the urban environment. By leveraging IoT sys-
tems, cities can collect data, for example, real-time mobility
information or environmental conditions, and combine it with
citizen content to improve the quality of the tourist experience
[4]. These types of solutions have already been used to
monitor crowd flows at popular attractions, optimize transport
services, and provide information through guides or mobile
platforms [5].

Recently, increasing attention has been devoted to intelli-
gent itinerary planning systems, which leverage IoT data and
advanced algorithms to deliver personalized travel experiences.
Itinerary planning represents a notable application of IoT in
tourism, where traditional travel planning approaches, often
limited to guidebooks or static websites, fail not only to
capture the dynamic nature of urban areas and their factors,
such as weather or traffic, but also to adapt to the spe-
cific characteristics and preferences of individual users. In
this sense, IoT systems facilitate the generation of adaptive
itineraries, continuously updating suggestions based on real-
time data [6]. The objective is not merely to recommend
Points of Interest (PoIs), but to generate optimized routes
that respect temporal constraints, reduce waiting times, and
consider available modes of transportation [7].

Despite these advances, the state of the art still presents sev-
eral deficiencies. First, personalization is often limited, relying
mainly on static user inputs or explicit questionnaires, rather
than on adaptive mechanisms that evolve through interactions.
Second, many existing solutions have been validated only in
simulated environments or with respect to datasets, while real
implementations remain scarce. Finally, the reliance on mobile
applications requiring installation poses barriers, since many
tourists are reluctant to download additional software during
their trips, preferring immediate interaction modalities [8].

To address the limitations identified in existing approaches,
this article introduces an itinerary planning system designed
to enhance the tourist experience in smart cities. The primary
contribution of this work is the design of a cloud-based
system that integrates IoT technologies to offer personalized
and adaptive itineraries. This design is complemented by the
adoption of reinforcement learning for tourist profiling and a
genetic algorithm (GA) for multiobjective optimization. The
system is implemented in a real-world scenario via a cloud
infrastructure and an interactive totem, which serves as the
point of interaction for tourists. The main contributions of this
article are as follows.
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1) Design of a context-aware itinerary planning system that
collects and integrates data from various IoT sources
across a smart city. These data, including real-time
mobility, environmental conditions, and PoIs, are pro-
cessed on cloud infrastructure to generate personalized
itineraries.

2) A reinforcement learning model is employed to cre-
ate and adapt user profiles, starting from demographic
attributes and progressively refining using feedback from
tourists’ interactions. Additionally, a GA is used for
multiobjective optimization, balancing factors such as
category preferences, travel time, waiting time, and
temporal constraints to generate optimized itineraries.

3) Unlike many existing systems that are limited to sim-
ulations, the proposed system is implemented in a
real-world smart tourism scenario. It leverages IoT
infrastructures and open municipal data for continuous
updates, and it is accessible via an interactive totem.

The remainder of this article is organized as follows.
Section II reviews the state of the art in IoT-based itinerary
planning. Section III introduces the reference scenario con-
sidered in this work, while Section IV presents the design of
the proposed system, including its main modules. Section V
describes the simulation setup and discusses the obtained
results. Finally, Section VI concludes this article and outlines
directions for future research.

II. IOT ARCHITECTURES FOR TOURISM APPLICATIONS

In recent years, the diffusion of smart devices has enabled
a new class of tourism services where itinerary planning and
recommendation systems are connected with the IoT. These
systems collect and process heterogeneous data, from fixed and
mobile sensors to social media and open municipal datasets,
to generate travel suggestions and assist the tourist’s journey
[9]. Unlike traditional recommender systems based solely on
static information, these IoT tourism applications can inte-
grate dynamic variables, mainly represented by geolocation,
weather conditions, and transport status, just to cite a few
[10]. These data are continuously transmitted, aggregated on
cloud platforms, and processed through advanced filtering
and optimization techniques. These mechanisms ensure that
recommendations remain current and context-aware, dynam-
ically adapting itineraries to evolving urban conditions [11].
Moreover, beyond real-time adaptation, the use of cloud infras-
tructures also enables the integration of additional information,
such as user content and social interactions, which can provide
enhanced personalization [12]. In the following, an overview
of recent works and references concerning recommendation
systems in the tourism domain is provided, progressing to
the most recent. The objective is not to produce a complete
survey, but rather to outline the main approaches and trends
that have emerged in this area. This targeted review focuses
on identifying the characteristics of existing solutions and
highlighting their most significant limitations.

Among the recent works proposed in the state of the art,
two important proposals are illustrated in [13] and [14]. In the
first work, the authors propose a travel route recommendation
system that collects tourists’ data via smartphones and IoT

devices (BLE beacons, accelerometer, and camera). Behavior
sequences, including visit duration and photos taken, are pro-
cessed into pattern sequences and analyzed with an algorithm
to discover frequent routes. The system then recommends
itineraries tailored to user profiles and route constraints, tested
in an exhibition hall. While in the second work, the proposed
system gathers PoI information from online sources, clusters
PoIs via a k-means algorithm, and optimizes the itinerary using
a GA with a parameterized fitness function accounting for PoI
constraints, travel times, and user preferences.

Furthermore, two other approaches based on machine-
learning techniques are illustrated in [15] and [16]. The first
proposal introduces a deep learning tourist recommendation
system that integrates information such as location, time,
and season with historical user preferences. It leverages a
convolutional neural network (CNN) to extract features from
social media images and combines them with metadata for
PoI ranking. Recommendations are updated as new user data
becomes available. The second study designs a tourism plat-
form that integrates service composition methods to support
itinerary planning. It applies a passenger flow prediction model
based on regression and an itinerary recommendation model
using the ant colony algorithm, tailored to time and budget
constraints. The platform also incorporates RFID monitor-
ing for real-time management of scenic areas. Moreover, in
the same year, another important approach was illustrated
in [17], in which the authors introduced an itinerary rec-
ommendation engine for tourism that leverages Industrial
IoT data and geo-tagged photos. It integrates user interests,
POI popularity, weather conditions, and travel expenses, and
applies a multiobjective optimization algorithm to generate
itineraries. Experiments are conducted on photo datasets,
showing improvements compared to benchmark methods.

In addition, two novel works that mainly aim to adapt
the systems to tourists’ preferences are depicted in [18] and
[19]. The first article presents a tourism recommendation
system that integrates user search queries, browsing history,
and data (such as location and weather) with a fuzzy clustering
approach to group similar preferences. Recommendations are
generated through a deep learning model. The second article
proposes a system that generates tour itineraries by combining
user constraints (duration, destination, and accommodation
level) and preferences (PoI categories and activities) with a
recommended itinerary database. It employs a filtering process
and allows user modifications before applying a branch-and-
bound algorithm for route planning. Furthermore, an important
algorithm is proposed in [20], in which the authors present an
itinerary planning framework aimed at reducing congestion
and improving tourist experience. The system uses Rasp-
berry Pi devices connected to footfall and vehicle count
sensors to monitor real-time crowd and traffic conditions at
popular tourist spots. This data is transmitted to a central
server and displayed to visitors, enabling them to choose
visiting sequences that minimize waiting times and travel
delays. Finally, two recent works, which explicitly exploit
reinforcement learning to adapt itinerary recommendations
based on user feedback, are illustrated in [21] and [22]. In
the first article, the authors formulate the itinerary planning
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TABLE I
COMPARISON OF RECENT IOT ITINERARY PLANNING APPROACHES

problem as a Markov process and propose a Q-learning-based
approach to generate multiday tourist routes. User preferences
are incorporated through a reward function that accounts for
factors such as travel time, rating, and cost, enabling the
system to adapt the recommended routes to the user’s desired
criteria. Similarly, in the second article, the authors propose
a deep reinforcement learning system for generating tourist
itineraries, with a particular focus on overcrowding mitigation.
The system leverages information and historical visit data
to learn policies that guide tourists through sequences of
PoIs, balancing user experience with destination constraints.
The learning process is driven by implicit feedback derived
from observed tourist behavior and past itineraries. However,
despite their focus on personalization, both works exhibit a
limited integration with the real-time information of the urban
environment. In particular, city information is either derived
from historical datasets or treated as static input, without
being connected to IoT infrastructures capable of providing
continuous updates. As a result, the adaptation mechanisms
primarily address user preferences, while the ability to react
to evolving urban factors remains limited.

The analyzed works are summarized in Table I, which
reports for each reference the types of inputs considered,
the algorithmic approach adopted for itinerary generation,
the personalization strategy, and the kind of implementation
provided. As summarized in the table, IoT technologies have
an important role in the tourism domain, supporting a vari-
ety of approaches through the integration of real-time data.
Despite promising results, these approaches still show signif-
icant deficiencies, leaving ample room for further research.

Fig. 1. Proposed system architecture.

First, in many studies, the personalization of tourism services
based on the individual tourist is almost absent. When per-
sonalization is considered, it is typically limited to explicit
information collected through forms filled out by the tourist or,
alternatively, through more invasive mechanisms such as the
analysis of personal profiles. Another limitation is the lack of
real implementations, since the majority of models are tested
through simulations, while public deployments are missing.
Furthermore, the type of applications offered often relies on
the tourist actively installing mobile apps or registering on
dedicated platforms that require access to personal data. This
is problematic, since tourists are increasingly reluctant to
download additional applications on their devices, preferring
instead systems that minimize installation [8].

To address these limitations, this article proposes an
itinerary planning system that combines user profiling with
optimization techniques and that has been implemented in
a real-world setting. Unlike previous approaches, personal-
ization is achieved through reinforcement learning, which
progressively adapts the tourist profile based on his/her
characteristics and interaction feedback. Rather than relying
on mobile applications that require installation, the system
is delivered through an accessible interactive totem, easily
extendable to multiple locations within the same city or to
different cities.

III. SCENARIO

The primary goal of this work is not only to enhance
smart city tourism by generating itineraries that are not only
personalized but also adaptive to contextual factors such as
mobility, events, and environmental conditions. To this end, we
propose and evaluate in a real-world setting a context-aware
itinerary planning system that leverages reinforcement learning
for user profiling and a GA for multiobjective optimization.
From the tourist’s perspective, not only does the system
recommend the optimal POIs to be visited for the user, but
also their number and the type. It further improves the overall
experience, accounting for waiting times, temporal constraints,
and preferred modes of transportation.

As illustrated in Fig. 1, the proposed system architecture is
structured around three main entities: tourist, IoT, and cloud.

The tourist component is realized through an interactive
touchscreen totem, which represents the interface between
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tourists and the system. The totem collects explicit user
inputs via a graphical interface (web form), including travel
information, such as departure date, number of days, and
preferred transportation mode. In addition, the totem integrates
a face analysis module, executed locally on the device, which
estimates the tourist’s age range and cultural geographical ori-
gin using a pretrained deep learning model [23]. This module
operates exclusively on-device for privacy reasons: no facial
images are stored or transmitted, and only anonymized demo-
graphic attributes are forwarded to the cloud. These attributes
are exploited as an initial approximation of user preferences,
leveraging empirical evidence showing that tourists sharing
similar demographic characteristics often exhibit comparable
interests [24], [25]. In addition, the totem represents the point
where tourists’ feedback is collected. By allowing tourists to
accept or modify the proposed itinerary, the totem enables a
continuous feedback mechanism in communication with the
cloud.

The IoT component provides information about the city’s
state. The collected data include both static and dynamic
information. Static data mainly refers to PoI-related attributes,
such as category, geographic location, opening hours, aver-
age visit duration, and accessibility features. Dynamic data
capture time-varying aspects of the urban environment, includ-
ing crowd levels at PoIs, real-time transportation conditions,
weather updates, user ratings, and scheduled events. These
data are obtained from a combination of IoT infrastruc-
tures and open municipal data services, and are continuously
updated to reflect real-time urban conditions. Whenever avail-
able, public municipal open data and city APIs are prioritized
as primary sources, rather than relying on proprietary plat-
forms. To avoid overloading these services, data acquisition is
performed through a limited number of queries: less variable
PoI attributes (e.g., opening hours, accessibility, and general
descriptions) are cached in the cloud and refreshed periodi-
cally, whereas dynamic information (e.g., mobility and crowd
data) is queried more frequently. When municipal data are
unavailable for specific fields, queries to online services (e.g.,
travel-time queries via Google map services) are supported.
In general, the IoT component allows the system to adapt
itinerary generation not only to individual tourist preferences
but also to evolving environmental and city factors. These
heterogeneous data directly affect itinerary feasibility by con-
straining visit schedules, modifying travel times, and updating
PoI relevance. By continuously integrating IoT information,
the system maintains an up-to-date representation of the city,
enabling itinerary generation to adapt to both user preferences
and evolving urban conditions.

The cloud infrastructure hosts the system logic and is
responsible for integrating tourist data with IoT information.
Within the cloud, tourist profiling, PoIs analysis, and route
planning are performed as distinct but interconnected pro-
cesses, as will be explained in Section IV. The collected
data are aggregated and processed to generate a personalized
itinerary that accounts for several constraints, such as user
interests, city dynamics, and temporal limits. To speed up
itinerary generation and to avoid repeated calls to the public
API, while candidate solutions are explored, a cache of the

Fig. 2. Overview of the system workflow.

city’s state is maintained for PoI attributes and dynamic
context and is consumed by the planning module. The cache
is refreshed by background jobs scheduled according to data
variability (periodic refresh for static attributes and more
frequent updates for dynamic data), so that optimization is
executed on available data. The resulting itinerary is sent back
to the totem and visualized through an interactive interface
on the totem, allowing the tourist to accept or modify the
proposed route. User interactions are interpreted as feedback
and exploited to iteratively refine the tourist profile through a
reinforcement learning mechanism, improving the accuracy of
future recommendations. Optionally, the itinerary can also be
delivered via email, without storing any personal information.

In the remainder of this article, we adopt the following
notation. Each PoI is denoted by pi, where i indexes the PoIs
in the dataset; each PoI belongs to a category j, as detailed in
Section IV-A, where all the stored and utilized information is
described. A tourist profile for each user u is represented by the
tuple 〈au, ou,σu〉, where au denotes the estimated age range,
ou the estimated cultural-geographical origin and σu = [σu, j]
is a vector of interest weights. Each σu, j ∈ [0, 1] represents the
relative interest of user u in category j, with

P
j σu, j = 1. The

generated itinerary is defined as an ordered sequence of daily
itineraries, I = [I1, . . . , Id, . . . , ID], where D is the number of
days selected by the tourist and each Id represents an ordered
list of PoIs scheduled for day d.

IV. SYSTEM DESIGN

This section presents the logical architecture of the proposed
system, which comprises three main modules: PoI dataset
construction, tourist profiling, and route planning. Fig. 2 illus-
trates the overall workflow, from data collection and tourist
characterization to the generation of a personalized travel
itinerary.

All system components are hosted in the cloud, granting
access to a wide range of smart city open data. The only
exception is the face analysis module, which is executed
directly on the totem for privacy reasons. This design ensures
that personal data (facial images) are processed locally, while
only anonymized outputs, estimated age range, and origin are
transmitted to the cloud.
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The three functional modules depicted in the figure are
described in Sections IV-A–IV-C. The first module deals with
the construction and scoring of the PoIs dataset; the second
focuses on tourist profiling through reinforcement learning;
and the third formulates itinerary generation as a multiobjec-
tive optimization problem, solved using a GA.

A. PoIs’ Dataset

The first module is responsible for constructing and main-
taining the dataset of PoIs available in the city. This is achieved
through a hybrid data collection strategy that combines APIs
from popular review platforms, such as Google Maps, with
open data services provided by the local municipality. The
retrieved information is categorized into two types.

1) Static Data: Attributes that remain largely unchanged
over time, such as the PoI category (e.g., historical sites
and monuments), geographic coordinates (GPS), aver-
age visit duration, accessibility details (e.g., wheelchair
access), and opening hours.

2) Dynamic Data: Continuously updated information,
including ratings and user comments. These are fre-
quently retrieved to ensure the dataset remains aligned
with current conditions.

Each PoI is described by a feature vector comprising
category, opening hours, visit duration, location, rating, and
accessibility indicators. To complement the quantitative data
with qualitative insights, a sentiment analysis step is applied to
user reviews. The system employs the widely adopted VADER
model [26], which classifies textual feedback as positive,
negative, or neutral. The outcome of this analysis contributes
to a dynamic scoring mechanism of each PoI.

The dataset is updated regularly and stored in a format suit-
able for the optimization tasks performed during the itinerary
planning phase. All the information is obtained by integrating
municipal open data with online platforms frequently con-
sulted by tourists, such as Google Maps and TripAdvisor.

B. Tourist Profiling

The second module is responsible for generating a person-
alized profile for each tourist. As described in Section III, the
profiling process begins by estimating the user’s demographic
attributes, that is, the age au and origin ou. When the tourist
provides consent, a facial image is processed locally on the
totem device using the DeepFace library [23], an open-source
deep learning framework based on CNNs. DeepFace leverages
state-of-the-art models such as Google FaceNet and Facebook
DeepFace, trained on large datasets. The predicted age range
and cultural background are computed locally and transmitted
to the cloud as anonymized inputs for the reinforcement
learning model.

In our formulation, tourist profiling is modeled with
Q-learning, enabling profiles to evolve iteratively based on
user interactions and feedback. The main components are
defined as follows. The state S denotes the tourist profile, rep-
resented by the tuple 〈au, ou,σu〉, where σu is the distribution
of interests across the PoIs, represented as a probability vector
over the categories. The action A corresponds to a distribution

of categories proposed by the system, which is then used to
generate an itinerary by the route planning module (described
in Section IV-C). The feedback F represents the updated
distribution of categories derived from the tourists’ feedback,
which is provided by the user accepting or modifying the
proposed itinerary. The reward R measures the similarity
between A and F, quantifying how well the system’s proposal
matches the tourist’s actual preferences. Finally, the Q value
Q(S , A) represents the expected utility of taking action A
in state S , balancing the immediate reward with the value
estimated for the next state.

The process begins by checking whether a state S already
exists for the demographic attributes (au, ou). If so, the cor-
responding state with the maximum Q value is retrieved;
otherwise, S is initialized with a uniform interest distribution
across categories, and in this specific case, the first action A
is selected randomly. Once the initial state has been set, an
action A is selected according to an ε-greedy policy.

1) With Probability ε: The system explores by selecting a
random action.

2) With Probability 1 − ε: The system exploits current
knowledge by choosing the action that maximizes
Q(S , A).

Where for each tourist group defined by demographic
attributes, the exploration rate ε is gradually decreased over
time, following a power-law decay εk = (1 + k)−η, with k
denoting the generic interaction within that group and η > 0
the decay exponent controlling the rate.

Based on the selected action A, the system generates a
distribution of PoIs across categories and produces a tourist
itinerary. This itinerary is returned to the totem and presented
to the tourist through the interactive interface.

At this point, the tourist provides feedback F by either
accepting the proposed itinerary or modifying it according to
his or her preferences. This feedback directly translates into
a new distribution of categories, which serves as the basis for
updating the profile. The reward R is then computed as the
similarity between the proposed action A and the feedback
F, both represented as probability vectors over the categories.
Similarity is measured through the Jensen–Shannon distance
d(A, F), and the reward is defined as

R = 1 − d(A, F), with:

d(A, F) =

vuut1
2

nX
j

�
A j log2

A j

A j + F j
+ F j log2

F j

A j + F j

�
(1)

where n is the total number of categories.
To retain temporal consistency across interactions, the new

state S new is computed by blending the previous state S and
the updated distribution F through exponential smoothing

S new( j) = λ · S ( j) + (1 − λ) · F( j) (2)

where λ ∈ [0, 1] is a decay parameter that regulates the
influence of past information. The updated state S new is then
adopted as the new state of the system.

Q-learning then proceeds by updating the Q-values associ-
ated with each state–action pair. The Q value Q(S , A) denotes
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Algorithm 1 Tourist Profiling
1 Estimate age au and origin ou using DeepFace
2 if state S for (au, ou) exists then
3 Load state S with max maxA Q(S , A)
4 else
5 Initialize S with uniform interest distribution
6 end if
7 Select action A using ε-greedy policy
8 Generate PoI distribution based on A
9 Present itinerary to user and collect feedback → F

10 Compute reward R
11 Update state: S new
12 Update Q value
13 Set S ← S new
14 Reduce exploration rate ε

the expected utility of taking action A in state S , considering
both the immediate reward and future rewards. The update rule
is given by

Q(S , A)← Q(S , A)

+ φ

�
R + γ ·max

A′
Q
�
S new, A′

�
− Q(S , A)

�
(3)

where φ is the learning rate, controlling the weight assigned to
new information, and γ is the discount factor, balancing imme-
diate versus long-term rewards. The term maxA′ Q(S new, A′)
represents the estimated best-possible reward achievable from
the updated state S new.

The full sequence of steps involved in the tourist profiling
process is summarized in Algorithm 1.

C. Route Planning

The third module is responsible for generating the tourist
itinerary, formulated as a multiobjective optimization problem.
A GA is employed due to its ability to handle multiple, often
conflicting objectives simultaneously [27].

Classical optimization techniques, such as linear and
nonlinear programming, are often unsuitable for complex
multiobjective scenarios involving heterogeneous constraints.
In contrast, GAs are global search heuristics inspired by
biological evolution [28]. They evolve a population of can-
didate solutions (chromosomes) over successive generations,
applying genetic operators, such as selection, crossover, and
mutation, to progressively improve the population’s fitness.
This makes them particularly well-suited to itinerary planning
under temporal, spatial, and preference-based constraints.

In this context, each individual in the population represents
a complete itinerary for a tourist, distributed across a fixed
number of days. Each chromosome encodes the assignment
of PoIs to daily slots, including the order and time of visits.
The initial population is generated by selecting PoIs based on
the tourist profile and associated priority scores.

Each PoI i is assigned a score Pi, computed as

Pi = αVi + βCi + γTi, with α+ β+ γ = 1 (4)

where Vi is the normalized rating of PoI i, Ci is the ratio of
positive user comments obtained via sentiment analysis, and

Ti is a binary indicator of accessibility. All components are
normalized in [0, 1]. These scores are used both for prioritizing
PoIs and as input to the GA.

Within each category, PoIs are ranked by score Pi and the
top entries are retained. The GA then operates on this filtered
subset. Input parameters include the following.

1) Metadata for Each PoI: Category, coordinates, visit
duration, and opening hours.

2) The priority scores Pi.
3) Number of days in the itinerary.
4) Tourist interest distribution across PoIs categories.
5) Optional temporal constraints such as lunch breaks (e.g.,

12:30–14:30).
The initial population is generated by randomly sampling

feasible combinations of PoIs for each day. Individuals are
evolved using the following genetic operators: Selection,
which identifies promising solutions based on their fitness
scores; Crossover, which combines two different itineraries by
exchanging portions of their daily schedules while preserving
feasibility; Mutation, which introduces diversity by reassigning
PoIs to different days or altering their order; and Repair, which
ensures feasibility by adjusting visits that violate opening
hours or by rebalancing the category distribution to better align
with the user profile.

Each solution is evaluated through a fitness function F,
which quantifies the overall quality of the proposed itinerary.
In the context of this problem, the fitness function is designed
to balance multiple goals. Higher fitness values correspond to
itineraries that better satisfy user preferences while remaining
feasible within the constraints of the visit. The evolutionary
process is repeated for a fixed number of generations or until
convergence. At each generation, individuals are evaluated via
the fitness function.

The fitness function is defined as a weighted combination
of four distinct objectives, each reflecting an important aspect
of the itinerary.

1) Maximize PoI Relevance: The itinerary should prioritize
highly rated and positively reviewed PoIs

f1 =
X
i∈I

Pi (5)

where Pi is the score assigned to PoI i according to (4).
2) Minimize Travel Distance: The total distance between

consecutive PoIs should be reduced

f2 =

DX
d=1

nd−1X
i=1

dist
�
pd

i , pd
i+1

�
(6)

where D is the number of days, nd the number of PoIs
scheduled on day d, and pd

i the ith PoI scheduled on day d.
Distances dist(pd

i , pd
i+1) between PoIs are retrieved from the

local open data and Google Maps API, based on the selected
transportation mode by the tourist, that is, walking, public
transport, taxi, or a combination of them.

a) Minimization of time penalty for visiting PoIs outside
their opening times: To ensure the itinerary is executable, each
PoI should be visited during its valid time window. Let vi be
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the scheduled visit time for PoI i, and [Oi,Ci] its opening
interval. The temporal penalty is defined as

f3 =
X
i∈I

δi, where δi =

(
0, if Oi ≤ vi ≤ Ci

1, otherwise.
(7)

This term directly enforces the temporal constraints of the
itinerary by ensuring that each visit is scheduled within the PoI
opening-time window; jointly with the average visit durations
(available from city data), it enables a scheduling of all visits
while respecting the overall daily timing constraints.

3) Match User Profile Preferences: The itinerary’s category
distribution should align with the tourist profile. Let z j be
the proportion of PoIs of category j in the itinerary, and σ j

the target interest weight. A tolerance τ accounts for small
deviations

f4 =

KX
j=1

max
�
0, |z j − σ j| − τ

�
(8)

where K is the number of PoI categories.
The overall fitness function F is a weighted combination of

the four objectives

F = w1 f1 − w2 f2 − w3 f3 − w4 f4 (9)

where w1,w2,w3,w4 represent scalar weights used to control
the tradeoff between competing objectives, used to prioritize
the different aspects.

V. EXPERIMENTAL EVALUATION

In this section, we first describe the considered scenario for
performance evaluation, and then present the obtained results.

A. System Setup

To validate the proposed system in a real-world scenario,
a working prototype has been developed. The architecture
includes two core components: the totem and the cloud
server, both containerized using Docker and implemented with
Django as the web framework.

The totem, which should be installed at the cruise terminal
(the main tourist interaction PoI in Cagliari), is an all-in-one
touchscreen device equipped with a quad-core processor at
2.40 GHz, 16 GB DDR4 RAM, and 512 GB SSD storage.
This machine runs the local GUI and the face analysis module,
which relies on the DeepFace library to extract facial features.
All biometric processing occurs locally on the totem; no
facial images are stored or transmitted. Only nonidentifying
attributes, that is, the estimated demographic attributes, are
sent to the cloud, not linked to any identifier or contact
information, and used solely to parameterize the itinerary gen-
eration. Geospatial data used for visualization is retrieved in
real time via the Google Maps Platform, using the Directions
API.

The cloud backend, deployed on Microsoft Azure, hosts
the itinerary planning services, including the Q-learning and
genetic optimization modules. These services are executed
within a container instance provisioned with 4 vCPUs and
8 GiB of RAM. The backend receives inputs from the totem,

Fig. 3. Totem interface displaying an example of personalized itinerary.

TABLE II
OVERVIEW OF POIS PER CATEGORY

performs tourist profiling, and generates the personalized
itinerary accordingly.

All components communicate via RESTful APIs. Tourist
sessions are stored in a central database to enable Q-learning
updates based on implicit user feedback. An example of the
totem interface displaying a personalized itinerary generated
is shown in Fig. 3.

B. Analysis of Performance

The performance assessment begins by analyzing the char-
acteristics of the PoI dataset used for itinerary generation. The
dataset comprises 111 PoIs, grouped into seven categories
that reflect common urban tourism experiences in the city.
Table II provides an overview of the dataset, reporting for
each category: the number of PoIs, the average user rating Vi

(normalized in the [0, 1] range), the average expected visit time
(in minutes), and the percentage of accessible locations. The
dataset is constructed by combining open data made available
by the municipality of Cagliari with information retrieved
from the most used tourist platforms, such as Google Maps.
Overall, the dataset presents a balanced category distribution,
with historical sites and monuments and churches and places
of worship being the most represented. Scenic spots exhibit
the highest average rating (0.92), while beaches show the
longest expected visit time (95 min). Accessibility levels
vary significantly across categories: while museums and art
galleries, parks and gardens, and markets are fully accessible,
only 25% of the beaches meet accessibility criteria. To support
deployment, PoI information is persisted in the cloud (to
avoid repeated calls to the smart city API) and periodically
refreshed to capture updates such as changes in availability
or opening hours. Each entry includes the PoI identifier and
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TABLE III
IMPACT OF Q-LEARNING HYPERPARAMETERS ON THE FINAL REWARD

Fig. 4. Evolution of the average reward during Q-learning updates under
different levels of noise.

name, category, GPS coordinates, opening-time window, aver-
age visit duration, accessibility flags, and popularity indicators
(e.g., rating/review aggregates). As an example, the record for
“Bastione Saint Remy” contains some of the most relevant
fields in the dataset, including the PoI name, the category
(historical sites and monuments), the average rating (4.6), the
number of ratings (27 475), and the opening-time information,
stored as a weekly schedule (e.g., open 24 h for each day).
These attributes are used by the scoring and scheduling
components during itinerary construction.

The first set of simulations assesses the convergence behav-
ior of the tourist profiling module. To address the impact of
hyperparameter settings, we first conduct an analysis of the
parameters of the Q-learning update, namely the learning rate
φ, the discount factor γ, and the exponential smoothing coeffi-
cient λ. The analysis is performed on a reference user profile,
where the ground-truth preference vector is set randomly, and
the simulated feedback at each interaction is obtained by per-
turbing with additive Gaussian noise (standard deviation 0.10).
For each hyperparameter configuration, the interaction process
is repeated 30 times with different random seeds, and we report
the reward at the last interaction (Table III). The reward is
computed as the similarity between the proposed action and
the feedback distribution, and used to update the profile state
via the Q-learning update rule. The results show that λ has the
strongest impact, consistently with its role in controlling the
stability in the profile update, while α and γ have a secondary
but measurable effect through the Q-learning update. Based on
Table III, the best-performing hyperparameter configuration is
selected and used in the subsequent study.

TABLE IV

PERFORMANCE COMPARISON AMONG ITINERARY
PLANNING ALGORITHMS

After selecting the best hyperparameter configuration, we
evaluate the convergence of the profiling module under het-
erogeneous user behaviors. To this end, four synthetic tourist
profiles are defined, each expressing a strong preference for a
single PoI category. For each profile, we simulate a sequence
of 50 interactions. At each interaction, the system selects
an action (a distribution over PoI categories) following the
ε-greedy policy, while the tourist feedback is generated by
perturbing the corresponding ground-truth preference distri-
bution with Gaussian noise, representing imperfect feedback.
Since the profile is represented as a normalized vector of
category percentages, this perturbation emulates the variability
in how a tourist expresses preferences across interactions while
preserving a valid distribution over categories. In particular,
we consider four noise variances (from low to high), which
correspond to different degrees of heterogeneity: lower vari-
ance captures more close feedback across interactions, whereas
higher variance emulates less predictable choices. Moreover,
the exploration probability ε starts from 1 and decreases
linearly to 0.05 during the first 25 interactions, remaining
fixed afterward. Fig. 4 reports the evolution of the reward
across the interactions for the four profiles. In all cases, the
reward increases in the initial phase, when exploration is
higher, and the profile is still adapting, and then stabilizes
as the estimated preference distribution becomes consistent
with the user behavior. The curves show a clear convergence
trend after the first few tens of interactions, while maintaining
a stable reward level in the remaining steps, indicating that
the profiling module can adjust the preference distribution
with limited interaction history. Small differences among the
profiles can be observed in terms of convergence speed and
final reward. The results confirm that the proposed profiling
strategy is able to refine user preferences over time under
heterogeneous behaviors, providing a stable distribution output
that can be used by the itinerary optimization module.

The second set of simulations evaluates the effectiveness
of the proposed GA against several alternative optimization
approaches: ant colony optimization (ACO) [29], simulated
annealing (SA) [30], Tabu search (TS) [31], and iterated
local search (ILS) [32]. Since the proposed system accounts
for multiple heterogeneous requirements, the comparison is
performed against optimization algorithms that can be instan-
tiated under the same objective structure, whereas baselines
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from the literature would require substantial redesign and
additional training data to cover all components; anyway,
the selected algorithms are widely adopted in state-of-the-
art itinerary planning proposals and are commonly used as
reference optimizers in this research area. As this work focuses
on the system architecture rather than on novel optimization
heuristics, learning-based methods are excluded due to their
dependence on large labeled datasets and limited applicability
in such optimization scenarios without any previous tourist
interactions. To ensure a fair comparison, we simulate 50
independent scenarios, each corresponding to a 3-day tourist
experience. Regarding the fitness aggregation, the weights
were set to reflect the desired priority among objectives. In
particular, we assigned the highest importance to PoI relevance
and profile matching, together with feasibility (opening-time
compliance), while keeping travel distance as a secondary
objective. Concretely, the adopted setting follows a normalized
weight split of approximately 28.6% for relevance, 14.3%
for travel distance, 28.6% for infeasible visits (opening-time
related penalty), and 28.6% for profile mismatch. For every
simulation, a new tourist profile is generated using a Dirichlet
distribution to ensure valid probability vectors representing
interests across different PoI categories. All algorithms operate
under identical conditions and are evaluated using the fitness
function defined in Section IV. The GA evolves a population
of candidate itineraries through standard operators (selection,
crossover, and mutation), progressively refining solutions to
meet multiple objectives. Selection retains the highest-fitness
individuals at each generation. Crossover is implemented
by recombining two parent itineraries through a single cut
point (swapping the second part of the visit sequence), while
mutation randomly swaps two PoIs within an itinerary with
a given probability. Infeasible visits (e.g., PoIs falling outside
opening hours) are naturally penalized by the fitness term,
which drives the evolutionary search toward executable routes.
The GA evolves a population of candidate itineraries through
standard operators (selection, crossover, and mutation), pro-
gressively refining solutions to meet multiple objectives. ACO
simulates the behavior of ants by constructing itineraries based
on a combination of desirability and pheromone trails. The
pheromone levels are updated depending on the quality of
previous solutions, thus reinforcing the most promising direc-
tions in the search space. SA mimics the physical process of
annealing by exploring neighboring solutions and occasionally
accepting worse ones according to a decaying temperature
function, which allows the algorithm to escape local optima
in early phases while gradually stabilizing. On the other hand,
TS relies on local search with a memory structure (the tabu
list) that prevents cycling and allows exploration of new areas
in the search space. Finally, ILS repeatedly applies local
search with perturbations to diversify the search and overcome
local optima. Table IV presents the results of the comparison,
reporting the average performance across all simulation runs.
The Table includes the fitness value, the average distance
between PoIs (in kilometers), the number of invalid PoIs per
itinerary, average execution time (in seconds), and the profile
similarity expressed as a percentage. Results show that the
proposed GA outperforms competing methods across most

Fig. 5. Impact of weather on the percentage of outdoor PoIs selected in the
itinerary.

metrics. It achieves the second-best fitness score (2.67), indi-
cating an effective tradeoff among the optimization objectives,
and clearly obtains the highest profile similarity (97.20%),
confirming its ability to generate itineraries well aligned with
user interests. Although the total distance covered (5.99 km) is
slightly higher than that of ACO, the GA compensates with a
significantly lower number of invalid PoIs (1.08). In contrast,
ACO shows good performance in terms of minimizing distance
but fails to preserve user alignment, with profile similarity
dropping to 54.35%. SA, TS, and ILS exhibit moderate to
low fitness values, with higher rates of invalid PoIs and lower
alignment with user preferences.

To evaluate the impact of IoT inputs on the generated
itineraries, a simulation is conducted to assess how real-time
weather conditions affect the composition of the routes. In the
proposal, weather data retrieved from IoT sources influences
the accessibility parameter Ti of each PoI, which contributes to
the priority score Pi defined in (4). Specifically, outdoor PoIs,
belonging to categories such as beaches, parks and gardens,
scenic spots, and several historical sites and monuments, are
treated as inaccessible under rainy conditions, since their
visitability is dependent on weather. To illustrate this behavior,
five weather scenarios are simulated, corresponding to rain
probability values of 0%, 25%, 50%, 75%, and 100%. For
each scenario, 50 independent runs are executed, each with
a generated tourist profile, and the percentage of outdoor
PoIs selected in the final itinerary is measured. As shown in
Fig. 5, the proportion of outdoor PoIs included in the itinerary
decreases as the rain probability increases, dropping from
50.5% under clear conditions to 0% when rain is certain. The
same adaptive behavior would arise in the presence of crowd
data: highly congested PoIs would be flagged as inaccessible
through the same accessibility mechanism, causing the GA
to exclude them in favor of less crowded alternatives, thus
improving the tourist experience.

Finally, to evaluate the scalability and the system’s abil-
ity to handle multiple totems, a set of simulations using
Azure is illustrated. Two distinct container configurations are
tested: the first configuration is a container with 1 vCPU and
2 GB of RAM, and the second configuration is 2 vCPUs
and 5 GB of RAM. For both configurations, four different
setups are considered based on the number of replicas, in
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Fig. 6. Scalability analysis of the system with varying cloud configurations
and replicas. (a) Performance for 1 vCPU, 2 GB RAM configuration.
(b) Performance for 2 vCPUs, 5 GB RAM configuration.

TABLE V

CROSS-DATASET EVALUATION

which replicas refer to multiple instances of the same con-
tainer running in parallel. Each replica runs independently
and handles incoming requests, which enables the system to
distribute the load. As shown in Fig. 6, the left graph presents
the performance for the first configuration, while the right
graph shows the performance for the second one. In both cases,
the average latency of the system is measured for different
numbers of simultaneous requests. It can be observed that
increasing the number of replicas significantly improves the
system’s ability to handle requests, as the latency for multiple
concurrent requests decreases. However, in terms of request
latency, the performance gain of the second configuration is
limited, since the algorithm itself is already efficient, as shown
in the previous simulations. Instead, the important factor
influencing performance in this scenario is the number of
replicas, as the system distributes the incoming requests across
available instances. In general, the results demonstrate that the
system is scalable. With four replicas in both configurations,
the system can maintain average latency below 7 s for the
first configuration and 6 s for the second one, even with 50
simultaneous requests and only four replicas.

C. Cross-Dataset Analysis

At last, this section investigates the portability of the
system across publicly available PoIs’ datasets. The goal is
to assess whether the same optimization structure can be
instantiated beyond the original dataset setting. To the best
of our knowledge, none of the datasets of the state of the art
is fully complete with respect to all the information required
by the proposed formulation; therefore, the analysis in Table V
focuses on the most well-known and complete datasets, and
illustrates which optimization components can be tested, which
ones can only be approximated, and which ones must not be
considered.

Four city-scale datasets, namely Paris [33], London [34],
Barcelona [35], and New York [36], have been considered.
In all cases, geographic coordinates are provided for each
POI; therefore, the distance-related component, that is, f2,
can be evaluated across datasets. Conversely, none of these
sources provides opening-hour information in a form that can
be exploited to determine whether a PoI is visitable within a
given time slot; as a result, the visit component f3 has not been
assessed and PoIs have been treated as always visitable. With
respect to the relevance component, Paris and London include
review information that has been used to derive an approximate
feature that is then normalized and combined with the fraction
of positive versus negative comments. In contrast, Barcelona
and New York do not provide reliable review or rating fields
that can be mapped to the same notion of relevance; hence, the
relevance component f1 has not been considered for these two
datasets. Finally, the profile component has been instantiated
in all datasets, but with different levels of fidelity depending on
the available categories. In Paris, categories are available and
profile matching in f4 has been performed directly. In the other
datasets, profile matching has necessarily been approximated
using the closest available categorical attribute: the annotated
and not descriptive labels aligned to PoIs for London, the
district categorization for Barcelona, and the facility type
codes for New York.

Since these datasets contain a large number of PoIs, the
generation is extended to 5 days to include more visits per
itinerary and obtain more distinguished category distributions.
The results in Table V show that route distances remain
controlled even in larger cities, indicating that the optimizer
tends to group visits into geographically daily patterns. At
the same time, the profile similarity remains high across
datasets, suggesting that the proposed optimization is robust
in preserving the intended preference distribution even when
relevance information is missing.

VI. CONCLUSION

This article has presented an itinerary planning system
designed to enhance the tourist experience in smart cities by
integrating user profiling with multiobjective optimization. The
proposed solution combines reinforcement learning to adapt
tourist profiles with a GA to generate optimized itineraries
that account for preferences and various constraints, from the
tourist perspective and of the smart city. The experimental
evaluation has confirmed the efficiency of the approach. The
profiling module, based on Q-learning, successfully converges
toward tourists’ interests, ensuring that itineraries improve
over successive interactions. At the same time, the GA has
demonstrated the best performance when compared with
alternative methods, producing itineraries that achieve high
similarity with user profiles while maintaining feasibility in
terms of distance, time, and opening-hour constraints. The
results also underline the scalability of the proposal. Simula-
tions with different cloud configurations and multiple replicas
show that the system can accommodate increased demand,
either by deploying additional totems within the same city or
by replicating the architecture in other urban contexts. Because
portability only requires the integration of open city data, the
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proposal can be applied to other destinations without structural
modifications.

It is important to acknowledge that the reinforcement
learning profiling module has not been evaluated on public
datasets, as existing benchmarks do not provide the interaction
feedback required to evaluate the Q-learning module. As a
consequence, the convergence analysis presented in this work
relies on synthetic user interactions, where tourist feedback
is simulated by perturbing a preference distribution with
Gaussian noise. While this setup allows the characterization
of the profiling dynamics under heterogeneous behaviors, it
represents a limitation of the current evaluation. Future work
will leverage real interaction data collected from the deployed
totem to validate the profiling module in real conditions,
through the real-world deployment of the totem in the city.
However, the main contribution of this work lies not only in
the individual techniques adopted but in the overall design of
a complete system. The current deployment, implemented as
a demonstrator of smart city technologies, serves as a proof of
concept of how IoT can support tourism services. Ultimately,
our system demonstrates how IoT-driven adaptive services can
become a cornerstone of future smart tourism ecosystems,
balancing personalization, scalability, and privacy.
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