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Abstract
This study presents an advanced system for monitoring and forecasting tourist flows in
the Aosta Valley using distributed sensor technologies, cameras, and machine learning
algorithms. This innovative system is designed to provide real-time data on arrivals and
presences throughout the region, helping to manage traffic and tourism resources more
effectively. The research analyzes data collected from portals equipped for traffic detec-
tion. Through a multi-phase approach, the project integrates and analyzes over 41 million
vehicle passages to support informed decisions for regional economic and social policies.
Furthermore, computational processes were conducted to optimize the analysis of the
vehicle flow, reducing the dataset and focusing on checkpoints and vehicle categories.
This type of time series revealed high stationarity, allowing the use of the eXtreme Gradi-
ent Boosting (XGBoost) algorithm for more accurate forecasts than Deep Learning mod-
els and other Machine Learning algorithms, such as those highlighted in terms of MAE
and MSE. The results represent a significant step forward in managing tourist flows and
improving the Aosta Valley’s operational efficiency and visitor experience.

Introduction
In recent years, thanks to the improvement in living standards, tourism has grown signifi-
cantly in importance as a means of leisure and lifestyle for people worldwide. Accurate fore-
casting of the number of visitors is necessary to plan tourist destinations, help hotels and
restaurants manage resources, staffing, and inventory effectively, and, more generally, sup-
port all operators in the tourism sector in making informed decisions about marketing, pric-
ing, and service delivery [1]. Long-term and short-term projections are the two categories
into which tourism flow forecasts can be separated. Both have significant implications, and
tourism industry experts can benefit from identifying an accurate trend [2,3], especially when
it comes to issues such as the best use of available resources [4]. From the viewpoint of the
impact of tourism flow forecasting on tourist destinations studies on rural areas, such as the
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tion of tourism-oriented settlements, showing how tourism drives shifts in land use, employ-
ment structures, and spatial reconstruction. These works demonstrate the dual impact of
tourism: fostering economic growth while reshaping settlement structures, with policy and
environmental protection emerging as key factors for sustainable development. Complement-
ing this perspective, research on low-carbon tourism in characteristic towns [7] highlights
the importance of striking a balance between emission reduction and cultural and economic
vitality. By applying multi-agent models, system dynamics, and mediation analysis, the study
captures the interplay between tourists, residents, and enterprises, stressing the centrality of
stakeholder behavior and policy support in driving effective low-carbon transitions. Other
contributions adopt a broader urban and environmental perspective. The investigation of
commuting-related CO2 emissions in Jinan [8] employs Machine Learning to uncover non-
linear relationships between the built environment and emissions, offering planning insights
that go beyond traditional linear models. Similarly, the metropolitan-level analysis of car-
bon balance in China [9] develops a dynamic–static classification framework to evaluate the
interaction between economic and ecological factors, providing differentiated strategies for
regional low-carbon transformation. The interconnectedness of tourism development, spa-
tial restructuring, and carbon governance requires integrated strategies that balance economic
growth, environmental sustainability, and social well-being. The forecast of the number of
visitors in tourist areas is influenced by a variety of variables, such as temperature [10], cli-
mate [11], and weather [12]. Due to the inevitable imbalance in visitor flows caused by time
and weather constraints, tourism is inherently seasonal [13,14]. In the existing literature, a
variety of techniques have been used to forecast tourism flows, such as causal econometric
models [15,16], non-causal time series models [3,17] and recent advances in machine learn-
ing and artificial intelligence offer new approaches to predict tourist flows with greater accu-
racy [18–22]. [23] discuss analyzing and forecasting tourist flows in Uzbekistan using econo-
metric modeling. They focus on seasonal characteristics and the development of an additive
model. The model forecasts future numbers of tourists with a deviation of 20%. Indeed, today,
many destinations utilize advanced technologies, including big data, distributed sensors, and
machine learning algorithms, to monitor and forecast tourist flows. These tools enable the col-
lection of real-time data on visitor movements, allowing authorities and industry operators
to manage resources more effectively and plan for tourist reception. In this regard, the Uni-
versity of Aosta Valley was a partner in a project (MONTUR: Real-time monitoring and fore-
casting of tourist flows in Aosta Valley through distributed sensors and machine learning and big
data tools) in response to the “R&D Aggregations” call promoted by the Department of Eco-
nomic Development, Training, and Labor of the Autonomous Region of Aosta Valley, which
aims to create a monitoring and forecasting system (SMP) of tourist flows in Aosta Valley,
providing real-time information and accurate forecasts on arrivals and presences in the Aosta
Valley territory. Existing approaches to tourism flow forecasting present several limitations.
Traditional statistical models, such as ARIMA or SARIMA, often assume linear relationships
and therefore struggle to capture nonlinear dynamics, strong seasonality, and the influence
of external factors, including geopolitical events or weather variability. More recent Artifi-
cial Intelligence-based models, as Deep Neural Networks, can address some of these aspects
but are prone to overfitting, require extensive computational resources, and depend on the
availability of large volumes of high-quality data, which are not always accessible in regional
contexts. By contrast, the methodology proposed in this study seeks to overcome these issues
by leveraging traffic-derived features as proxies for tourism flows and integrating them into
machine learning models to balance predictive performance and interpretability. Utilizing
cameras and sensors (already present in the area) with absolute respect for privacy enables us
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to obtain anonymized data flows with a density of information that has a much broader scope
than the official statistics currently available. Since many factors could potentially influence
tourist arrivals and there is a lag between events and their effects on arrivals [3,20], accurate
forecasting of tourist arrivals is essential. Still, it represents a well-known challenge for schol-
ars and destination managers [24]. Therefore, using machine learning and big data tools, it
is possible to measure the number of visitors (people counting) and classify visitors based on
their characteristics and habits (length of stay and destinations). Combining this information
with weather and historical data accurately forecasts arrivals and presence in the Aosta Val-
ley area. Introducing new devices improves monitoring quality and accuracy in forecasting,
even at the level of a single valley. The Aosta Valley is not equipped with a real-time tourist
flow measurement system, nor with a forecasting system for the same, hence the idea to cre-
ate a product to bring this knowledge. The data provided will allow any stakeholder to make
the most profit regarding economic and environmental policies, or for social and public pur-
poses. The Project does not involve using technologies that can modify or alter the surround-
ing environment. The economic impact we foresee is more than positive; precise data enable
a careful analysis of demand from the end consumer, allowing for more targeted decisions
on economic policies to be made. A social aspect is also highlighted through collaboration,
both during and after the project, with people in the Aosta Valley area. Therefore, the Montur
project has developed a demonstrator for a system that monitors and forecasts tourist flows in
the Aosta Valley. The system forecasts vehicle transits through 14 different gates in the Aosta
Valley based on real-time information. For each gate, the aggregate passage data and its fore-
cast are provided, and the breakdown is made by 7 types of users (including 2 categories of
tourists). The model provides hourly and daily short-, medium-, and long-term forecasts.

Despite the increasing interest in tourism flow forecasting, existing approaches face several
limitations. Many studies rely on data aggregated at a daily or monthly scale, which may fail
to capture short-term dynamics relevant for operational planning. Other studies utilize case-
specific datasets that are challenging to replicate in different regional contexts, thereby limit-
ing the generalizability of their findings. In addition, the preprocessing steps required to make
raw traffic data suitable for Machine Learning applications are often under-documented, leav-
ing a gap between data collection and model deployment. This study addresses these short-
comings by:

• Providing a novel dataset of hourly tourist flows in the Aosta Valley region (Italy), clustered
by vehicle type and access gate;

• Obtaining new, leaner, and computationally easier-to-handle datasets, compared to the
original one;

• Evaluating the turnout (in the region) in specific periods of the year. The acquisition meth-
ods can be replicated for other regions (Italian and non-Italian), leaving the vehicle cluster-
ing unchanged;

• Demonstrating the applicability of these data to Machine Learning algorithms for accurate
forecasting.

Materials and methods
The characteristics of the traffic network of the Aosta Valley, characterized by high-capacity
roads on the valley floor (motorways and state roads) on which the roads of the lateral val-
leys converge, combined with the characteristics of the demand, which presents notable peaks
due to tourist flows, generate temporary congestion phenomena in specific and repetitive
points. At particular moments, for example, at the end of a holiday day, peaks in demand

PLOS One https://doi.org/10.1371/journal.pone.0335190 October 27, 2025 3/ 12

https://doi.org/10.1371/journal.pone.0335190


ID: pone.0335190 — 2025/10/22 — page 4 — #4

PLOS One MONTUR project dataset

form, which quickly generate significant flows of traffic, creating critical issues on the net-
work’s weak points, typically those interconnecting with the motorway. Furthermore, the road
network of the Valley appears to be strongly influenced by specific weather conditions (such
as snow and ice), the presence of roadworks, or serious accidents. Therefore, Montur’s objec-
tive is to establish the foundations for creating a capable system that continuously monitors
the road network, detects anomalies, and promptly implements interventions to mitigate the
effects of anomalies. The monitoring must constantly make the information collected on the
road network available. This information is used for timely and efficient traffic management,
while also being disseminated to other operators and the public. The information is collected
in digital form by an infrastructure made up of “portals” equipped with optical devices and
software systems for the initial local processing of the data. The portals detect the data neces-
sary for reporting traffic measurement parameters (for example, the count and average speed
of vehicles) and analyze the images for the optical recognition of other characteristic elements
of the vehicles in transit. These are positioned on regional roads to guarantee the analysis of
traffic at the entrance to as many side valleys as possible. Table 1 provides specific information
on the location of the “portals”, while Fig 1 shows their geographical distribution within the
Aosta Valley region. The “portals” positioned at these strategic points enable us to capture the
incoming/outgoing traffic for the entire region. Their position will enable them to capture not
only the local traffic but also consider the vehicles moving towards France, Switzerland, and
Piedmont.

Each portal will be equipped with software for transmitting the detected data, including
the possibility of setting threshold values outside of which alarm signals will be automati-
cally generated. The data collected through the portals is processed centrally to derive traf-
fic parameters, which can be reported on a dashboard that visually represents the state of the
road system. The data flow from the territorial portals is stored in the database appropriately
set up in the central system. The central system comprises the processing unit for real-time

Table 1. Specific characteristics of the portal.
Gate Description Direction ID Street City Coordinates
g101 Fondovalle -

Statale
Aosta SS26 Pont-Saint-Martin (45.5886, 7.801125)

g102 Fondovalle -
Statale

Torino SS26 Pont-Saint-Martin (45.5886, 7.801125)

g130 Fondovalle -
Autostrada

Aosta A5 Pont-Saint-Martin (45.593153, 7.7882)

g131 Fondovalle -
Autostrada

Torino A5 Pont-Saint-Martin (45.593153, 7.7882)

g241 Valle d’Ayas Ayas SR45 Verrès (45.671397, 7.694394)
g242 Valle di

Valtournenche
Valtournenche SR46 Antey-Saint-Andrè (45.769131, 7.599786)

g243 Valle di Cogne Cogne SR47 Aymavilles (45.700783, 7.248894)
g244 Val di Rhêmes e

Valsavarenche
Rhêmes -
Valsavarenche

SR23 Villeneuve (45.696744, 7.194747)

g300 Valle del Lys Gressoney SR44 Pont-Saint-Martin (45.597742, 7.802783)
g2060 Valle del Lys Fondovalle SR44 Pont-Saint-Martin (45.597742, 7.802783)
g2061 Valle d’Ayas Fondovalle SR45 Verrès (45.671397, 7.694394)
g2062 Valle di

Valtournenche
Fondovalle SR46 Antey-Saint-Andrè (45.769131, 7.599786)

g2063 Valle di Cogne Fondovalle SR47 Aymavilles (45.700783, 7.248894)
g2064 Val di Rhêmes e

Valsavarenche
Fondovalle SR23 Villeneuve (45.696744, 7.194747)

https://doi.org/10.1371/journal.pone.0335190.t001
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Fig 1. Geographic distribution of sensor portals across the Aosta Valley region. Blue circles indicate the 14 strategic
monitoring points positioned at valley entrances and major transportation corridors. The network captures traffic flows
from main highways (A5, SS26) and secondary valley roads leading to tourist destinations.

https://doi.org/10.1371/journal.pone.0335190.g001

traffic data, the central system for processing transit images, the server for collecting and dis-
seminating real-time video surveillance images of traffic conditions, and the related connec-
tions and interfaces to other systems. Most portals have the same components: a T-EXSPEED
v.2.0 and a T-ID unit capable of providing vehicle transits in both directions. This allows for
redundant automatic recognition through license plate reading for almost all vehicles in tran-
sit, except for motorcycles (not equipped with a front license plate), which statistically repre-
sent a negligible percentage of traffic. Both devices use the proprietary license plate recogni-
tion program developed by KRIA s.r.l. (Knowledge Research in Imaging Applications). It has
been subject to UNI10772 testing with previous cameras and recently certified by the METAS
institute, particularly for Swiss license plates. The collection and analysis method complied
with the terms and conditions for the source of the data.

Discussion and application
The dataset comprises 41 million passes, 14 cameras, and 4 years of observation. The raw data
refers to the information collected directly from the cameras positioned throughout the Aosta
Valley and can include the following details in particular:

• Timestamp of the vehicle pass: the precise time when the camera detected the vehicle,
recorded with date and time (year, month, day, hour, minute, second).

• Vehicle license plate: the alphanumeric identifier of the license plate captured by the cam-
eras. This data is in “raw” form and requires encryption for privacy reasons.

• Detection point: the specific geographical location (e.g., the entry/exit point of the Aosta
Valley or the various lateral valleys) where the camera detected the vehicle.

• Direction of movement: whether the vehicle enters or exits the valley (or the specific lateral
valley). The cameras can determine this based on their configuration.

• Vehicle type: some camera systems can recognize the type of vehicle (car, truck, bus, motor-
cycle).

The vehicle passage data analysis project in the Aosta Valley utilizes a multi-phase approach
that employs advanced data management and statistical analysis techniques. The process
utilizes passage data to load and manage raw data, including passage times and encrypted
license plates. The license plates are encrypted to ensure privacy and contain details such as
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the province and the year of registration. Simultaneously, a detailed calendar of events is cre-
ated. The initial DF Transit0 dataset contains vehicle passage data totaling 41,061,941 rows
and 11 columns. These data form the foundation of the entire system. In parallel, a dataset
related to the holiday calendar, called DF Calendar, is created, consisting of 52,610 rows and
98 columns, which includes all holidays and other relevant events that may influence traffic
flows. A weather database, DF Meteo, is also created, with hourly updates, containing 43,033
rows and 673 columns, providing detailed information on weather conditions, a critical factor
in traffic and tourist flow management. Subsequently, the transit data (DF Transit0) is com-
bined with the calendar (DF Calendar) to create a new dataset called DF Transit5. This dataset
has 41,061,941 rows and 148 columns and includes new variables, including the “BeforeIN”
and “BeforeOUT” variables, used for imputing missing or anomalous data. At this stage, addi-
tional variables are generated to improve the quality of the analysis. Once this aggregation is
complete, the data is further processed at the individual vehicle level, generating a DF Clus-
ter dataset consisting of 5,103,316 rows and 119 columns. This dataset enables the analysis of
specific vehicle behaviors, which are classified into clusters based on transit times and pas-
sage frequencies. Imputation is performed at this stage, and the data is segmented to identify
homogeneous behavior groups. Starting from the DF Transit5 dataset and incorporating the
cluster information, the data is further aggregated on an hourly basis. During this process,
weather variables synthesized from the DF Meteo dataset are also added, forming the final
analysis dataset, DF TransitA, which comprises 52,943 rows and 868 columns. This compre-
hensive dataset enables the application of estimation models for each checkpoint (14 in total)
for different types of vehicles and drivers (7 categories) across three distinct seasons, result-
ing in 294 forecasting models known as ENModelX. This modeling process is executed every
2-3 months to ensure the models remain updated and reflect the latest traffic conditions and
seasonal trends. Every evening, real-time weather and new vehicle passage data are uploaded
automatically. The estimated models are then used to generate updated forecasts, which are
returned in the DF Predict dataset with 44,851 rows and 893 columns. Thanks to this inte-
grated system, accurate real-time predictions of traffic and tourist flows in the region can be
provided. This supports informed and strategic decision-making at both public and private
levels, contributing to the optimal management of resources and infrastructure in the Aosta
Valley.

Flow records
Computational processes were performed to refine the analysis of vehicle flow, resulting in
a substantial reduction of the dataset. Although corresponding to a possible loss of informa-
tion, the compression allowed us to obtain a dataset focused on checkpoints and vehicle types.
The meteorological data in the new dataset, called tourist_flows.csv, has been removed, leav-
ing the columns that report the 14 accesses to the Aosta Valley region, categorized into the
7 types of vehicles. Although meteorological data can undoubtedly provide valuable infor-
mation, especially at the predictive level, we chose not to include them in this version of the
dataset. The primary objective was to develop a first forecasting framework based exclusively
on the “primordial” signal of vehicle flows, to evaluate the intrinsic predictive power of traffic-
based time series without the influence of external explanatory variables. This choice allowed
us to obtain a cleaner benchmark and to test the robustness of the models in capturing sea-
sonalities, trends, and structural patterns that are already embedded in the data. It is clear
that weather conditions play a crucial role in shaping tourism flows, and their integration
would likely enhance the accuracy of forecasts. However, introducing such additional vari-
ables would have implied a different methodological design and a broader scope. This reduced
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dataset establishes a solid baseline using vehicle data alone, upon which more advanced mod-
els can be built in the future. This version of the dataset presents 98 columns (30,065 rows x 99
columns, including the Date-Hour feature), which present information on the vehicle’s type
by indicating the features with the letter “c” (see Table 2), while on the gates with the letter “g”
(see Table 3).

These two types of information were combined because the features present were of the
cXgXXX type. For example, the c0g101 feature represented the number of sporadic tourists
who passed through the initial gate of the SS26 highway (direction Aosta city). From this
dataset, it was possible to obtain two sub-datasets, cluster_g.csv, and cluster_c.csv, which sep-
arate the information between access gates and vehicle type, respectively.

However, these two new datasets were constructed by adding the features with the same
reference. For example, to obtain the feature c0 of the tourist_flows.csv dataset, we added all
the vehicles collected in the features c0gXXX of the starting dataset. A valid alternative to the
sum could be the average between these vehicles. This operation was performed for all the
features of the two sub-datasets. Finally, a time restriction was made on the days of recording
the flow of vehicles. To optimize the prediction, we considered the period from 1/1/2021 to
12/31/2021 (in US format) for a total of 8,766 rows. The two datasets, following all the oper-
ations performed and cleaning, have the following dimensions (considering the Date-Hour
column):

• cluster_g.csv: 8,766 rows x 15 columns;
• cluster_c.csv: 8,766 rows x 8 columns.

Technical validation
The gates information is a time series characterized by high stationarity. As highlighted
in [25], a dataset of this type (in a restricted version in terms of features) has been tested with
different Machine Learning (ML) models against Deep Learning (DL) to verify which one
obtains the best result in terms of prediction. Here, the dataset considered is a restriction of

Table 2. Vehicle type, feature descriptions of tourist_flows.csv.
Feature Description
c0 Sporadic tourists
c1 Commuters
c2 Tourist (more frequent)
c3 Tourist (less frequent)
c4 Residents (more frequent)
c5 Residents (less frequent)
c6 Heavy vehicles

https://doi.org/10.1371/journal.pone.0335190.t002

Table 3. Gates (reference road is indicated with the Italian acronyms), feature descriptions of tourist_flows.csv.
Feature Reference road
g101, g102 SS26
g130, g131 A5
g241, g2061 SR45
g242, g2042 SR46
g243, g2063 SR47
g244, g2064 SR23
g300, g2060 SR44

https://doi.org/10.1371/journal.pone.0335190.t003
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cluster_g.csv, where the feature of interest for the prediction is gate g131, while the remain-
ing ones considered were g101, g243, g2061, and g2064. This allows us to obtain the dataset
as identified in [25], consisting of 8,766 rows x 5 columns (6 columns considering the times-
tamp). In this case, feature selection was done manually because the corresponding geo-
graphic gates were of interest. Consequently, their geographic location prompted a “natural”
feature selection. Some feature statistics are shown in Table 4.

Specifically, on the used time series which were shown to be stationary, the Machine
Learning algorithms tested were eXtreme Gradient Boosting (XGBoost) [26], Random For-
est [27], and 𝜖-Support Vector Regression (𝜖-SVR) [28], while the Deep Learning model was
a Recurrent Neural Network with Long Short-Term Memory cell (RNN-LSTM) [29]. The pre-
dictive capabilities of these were measured in terms of MAE, MSE, RMSE, and R2, highlight-
ing how XGBoost can obtain the lowest values of MAE and MSE. Table 5 reports the main
comparisons between the different models in forecasting, from [25].

For each algorithm, a selection of hyperparameters was made to optimize the different
models best. Specifically, as indicated in [25], the search was performed among the following
values:

• XGBoost:Max depth=(1,6,30), Subsample=1, Sampling=Uniform, Grow pol-
icy=lossguide, Learning rate=0.3, Lambda=1;

• SVR: Kernel=(linear, rbf), Gamma=scale, C=[0.01, 5], 𝜖=[0.1, 1], Coef0=0;
• RNN-LSTM: Layers=[2,5], Neurons=[1,30], Activation=sigmoid,Optimizer=Adam,
Learning rate=0.0005, Batch size=32;

• Random Forest: Estimators=[10,100], Bootstrap=True,Oob score=True,Min sample
split=2.

From the perspective of the models’ characteristics, the choice of XGBoost over other mod-
els can be further justified by its algorithmic characteristics. Compared with Random For-
est, which relies on bagging, XGBoost is based on gradient boosting, allowing it to reduce
bias and capture more complex relationships sequentially. In addition, XGBoost incorpo-
rates advanced regularization strategies (L1/L2) and efficient handling of missing values,
which contribute to improved generalization. Compared with LSTM networks, which are

Table 4.Descriptive statistics of the restricted dataset considered for the comparison between models in [25].
Feature Mean St. dev Min Max
g101 194 326 0.0 7285
g131 198 353 0.0 6750.0
g243 54 141 0.0 4241.0
g2061 69 145 0.0 2715.0
g2064 45 125 0.0 2469.0

https://doi.org/10.1371/journal.pone.0335190.t004

Table 5. Comparison between Deep and Machine Learning algorithms (MAE andMSE lower the better) [25].
Model MAE MSE RMSE R2

XGBoost6 0.2679 0.3091 0.3559 0.7058
SVRlinear 0.3457 0.8211 0.9061 0.6162
SVRrbf 0.4069 1.1624 1.0781 0.4236
LSTM2 layers 0.3846 0.3368 0.5803 0.1812
LSTM5 layers 0.4311 0.3727 0.6104 0.1041
RF10 0.2885 0.3412 0.5841 0.6453

https://doi.org/10.1371/journal.pone.0335190.t005
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specifically designed to model long-term temporal dependencies, XGBoost offers a more effi-
cient and interpretable solution in our context. In particular, LSTMmodels generally require
larger datasets, extensive hyperparameter tuning, and higher computational costs, whereas
XGBoost achieves strong performance even with moderate dataset sizes and provides more
stable training.

In this case, it is possible to perform the prediction with Machine Learning (ML) algo-
rithms that are not extremely “Deep”, considering the dataset type. Specifically, considering
one gate at a time as a feature on which to perform the prediction and the others as features
that influence the predictive process, the XGBoost algorithm can be used to obtain a level of
prediction accuracy that is shown to be higher than Deep Learning (DL) models due to the
high stationarity of the data caused by the non-constant flow of vehicles.

For example, in Fig 2, there is a plot of the overall traffic flow recorded by the Valle de
Lys gate (g300) for vehicles classified as tourists (c2). In this case, since the stationarity of the
recorded data is evident even just from a graphical point of view as in [25], the XGBoost algo-
rithm can be considered an optimal tool for predicting the future flow of vehicles. This repre-
sents a starting point for future work since an accurate predictive tool would allow regions to
regulate the flow of incoming vehicles to organize the highway network better. The scalabil-
ity of the structure of this dataset is very high since, for example, the entire Italian highway
network uses the same (or similar models) cameras at different gates. In this way, all Italian
regions could set their predictive model on their own vehicular flows. Furthermore, the appli-
cations arising from datasets like this also concern motorists. In fact, an accurate predictive
model could be used by navigation systems to modify a travel route, considering, e.g., based
on the date and the particular geographical area, the flow of vehicles on a certain road at a
future time.

Conclusions and limitations
This paper acknowledges some limitations related to geopolitical factors that may affect the
Aosta Valley region, as well as the use of meteorological data. Vehicle flow has been employed
as the primary information source, serving as a proxy for aspects such as a country’s vulner-
ability to financial, economic, and political risks, as well as competitiveness. These aspects,
however, have not yet been translated into usable dataset features. Nevertheless, they repre-
sent a valuable starting point for future work aimed at identifying the most suitable features to

Fig 2. Traffic flow on the Valle de Lys gate, direction Gressoney (SR44).

https://doi.org/10.1371/journal.pone.0335190.g002
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capture such factors. In addition, weather data were deliberately excluded from the construc-
tion of the new datasets, to preserve the vehicle flow time series in its most original form and
thus ensure a clearer characterization of its intrinsic properties. Another limitation relates to
the frequency of dataset updates, which is determined by the company managing the cameras.
Specifically, the company indicated that a fixed-time cycle is considered optimal, as it ade-
quately captures seasonal variations in traffic volume. At the same time, implementing more
frequent updates would be challenging due to the complexity of the acquisition process. From
the perspective of applicability to other regions and future works, several improvements can
be considered. First, geopolitical and socioeconomic factors could be incorporated by identi-
fying suitable proxies and transforming them into usable features through automated feature
engineering techniques. Second, meteorological data, excluded in this study, could be inte-
grated as exogenous variables or through data fusion approaches, enhancing the robustness
of traffic-related patterns. Third, regarding update frequency, alternative data sources such as
IoT sensors or social media data may allow for more granular updates. Finally, the method-
ology could be generalized by adopting transfer learning or domain adaptation techniques,
ensuring applicability even in regions where data availability and quality differ substantially.
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