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A B S T R A C T

Machine learning (ML) uses algorithms to analyze data features and identify pat-
terns. Deep learning (DL) is a subset of ML that uses neural networks (NN) to ana-
lyze complex relationships, often outperforming traditional models. In the DL field,
transformer-based architectures introduce attention mechanisms to improve model
performance. Transformers excel in time-series forecasting, and image processing.
A few works have adapted transformers for tabular data, but remain ineffective for
small datasets. ML and DL models are implemented through ML pipelines, con-
sisting of different steps: data collection, validation, and preprocessing; followed by
model training, tuning, evaluation, and visualization; and ending with the model
deployment. The validation and preprocessing steps include feature selection and
normalization, respectively. Feature selection determines the most influential fea-
tures, while normalization ensures consistency in data distribution. Key challenges
identified in this thesis include: (1) The lack of transformers adapted for small tab-
ular datasets, which is important in contexts with limited data collection, such as
questionnaires. (2) Within the data validation step, feature selection in ML pipelines
is often focused on individual features rather than entire datasets, making resource
allocation decisions difficult. (3) Within the data preprocessing step, normalization
methods are applied without proper assessment, despite their impact on model accu-
racy and explainability.

This work presents an ML pipeline that integrates data from various sources and
fuses them. During the data validation step, we conduct an ablation study at the
dataset level to assess the influence of each data source on the tested models, thereby
addressing the challenge (2). In the data preprocessing step, we apply different nor-
malization methods to analyze their impact on model performance, addressing chal-
lenge (3). Finally, we develop a transformer-based model with multiple attention
layers specifically designed for limited data and integrate it during the model train-
ing/tuning step to tackle the challenge (1). Additionally, we evaluate other models
for comparison and draw conclusions in the evaluation and visualization step.

The study implements the pipeline in a case study on smart villages, an adaptation of
the smart city concept to rural communities. While smart cities have been the subject
of numerous studies, smart villages are an emerging concept that has attracted atten-
tion but remains underexplored. The literature highlights that solutions designed for
large cities may not be directly applicable to small villages. One significant difference
between smart cities and smart villages is their population size and infrastructure.
Unlike cities, where data are more easily collected through both automated systems
and manual records, villages typically produce much smaller datasets. This limitation
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makes it challenging to apply DL models effectively, as they require vast amounts of
data to achieve reliable performance.

The results of this thesis provide insights into ML pipelines for vehicle mobility in
smart villages. We deploy IoT devices, including LPR cameras, to collect vehicle be-
havior and contextual data such as holiday calendars, socio-economic factors, and
visitor demographics. Unlike prior studies, we integrate LPR data with contextual
information to improve clustering analysis. We evaluate normalization methods and
their impact on cluster interpretation, identifying behavioral patterns that differenti-
ate residents from visitors. After identifying vehicle patterns, we propose supervised
classification tasks to predict different vehicles’ behaviors. For example, we propose
a model that predicts how many nights a visitor spends in the area. Using this idea
as a basis, we propose an ablation study at the dataset level, evaluating the level of
improvement of the resulting models. Unlike conventional ablation studies, which fo-
cus on assessing the contribution of NN layers, our approach analyses the impact of
datasets composed of different features from a common information source. Finally,
to address data scarcity, we develop a transformer that combines vehicle data with
visitor questionnaires, predicting repeat tourist visits.

This proposal guides researchers in selecting validation and preprocessing techniques,
such as feature selection and normalization. It advances research by applying trans-
formers to small tabular datasets, improving predictive models in data-limited sce-
narios. It also helps stakeholders in smart villages analyze mobility patterns. Nor-
malization reveals distinct visitor clusters, providing insights for strategies to pro-
mote overnight stays and encourage non-registered residents to register. An abla-
tion study identifies socio-economic status and entry points as key predictors of vis-
itor overnights, optimizing data use in tourism forecasting. Finally, our transformer
model, which tracks repeat tourists, could aid urban planning and transport policies.



R E S U M E N E X T E N D I D O E N E S PA Ñ O L

En la Parte I de esta tesis doctoral, se presenta la introducción, fundamentos, obje-
tivos, metodología, resultados, conclusiones y trabajo futuro del proyecto realizado.
En la Parte II se presentan las tres publicaciones que conforman la tesis por compen-
dio. A continuación, se ofrece un resumen extendido en español de los contenidos de
ambas partes, centrandonos en la motivación, los objetivos las contribuciones (junto
con un resumen de las publicaiones con sus resultados) y las conclusiones.

motivación

El aprendizaje automático o machine learning (ML) utiliza algoritmos que analizan
datos para detectar patrones e inferir relaciones en diversos ámbitos. Una de las
taxonomías más populares, distingue en tres clases de ML: aprendizaje supervisado,
aprendizaje no supervisado y aprendizaje por refuerzo [1, 2]. El aprendizaje super-
visado, utiliza datos etiquetados para tareas como clasificación. Por ejemplo, predecir
si un turista volverá a una ciudad [3]. El aprendizaje no supervisado, mediante técni-
cas como el clustering, agrupa datos sin etiquetar para revelar patrones ocultos. Por
ejemplo, encontrar comportamientos comunes entre los vehículos que se mueven por
una carretera [4]. El aprendizaje por refuerzo, donde un agente aprende a tomar
decisiones óptimas mediante la interacción con un entorno y la retroalimentación de
recompensas. Por ejemplo, entrenar un vehículo para conducir de forma autónoma
evitando obstáculos [5]. Aunque hemos seguido esta taxonomía, existen taxonomías
alternativas que también se utilizan habitualmente en la actualidad. Por ejemplo, el
aprendizaje profundo o deep learning (DL) y aprendizaje superficial o shallow learning
(SL) [6]. En la última década, el DL ha potenciado ML con redes neuronales o neu-
ral networks (NN) basadas en arquitecturas multicapa (lo que le da la profundidad
al DL), capaces de analizar relaciones complejas y mejorar la eficacia de algoritmos
tradicionales de SL en campos como educación, salud y turismo [7, 8, 9], aunque con
la limitación de requerir grandes volúmenes de datos para su entrenamiento.

Un avance reciente en el campo de DL, son los transformers, los cuales fueron desar-
rollados inicialmente para el procesamiento de lenguaje natural, pero también se han
aplicado al campo de imágenes y series temporales [10, 11]. Los transformers, inte-
gran mecanismos de atención que permiten capturar dependencias de largo alcance
y relaciones contextuales [12], algo que las NN tradicionales no logran con la misma
eficacia [13, 14]. Recientemente, su uso se ha expandido a problemas de datos tabu-
lares, que incluyen datos estructurados en filas y columnas [15, 16]. Los mecanismos
de atención podrían ayudar a las NN a adquirir conocimiento a partir de conjuntos
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de datos pequeños, como por ejemplo ya se ha comprobado para el caso del apren-
dizaje de imágenes [10, 17]. No obstante, aunque se han desarrollado mecanismos
de atención para datos tabulares [15, 16], estas soluciones aún no están adaptadas a
conjuntos de datos limitados [18].

Para aplicar modelos de ML, incluidos modelos de DL, se desarrollan pipelines, que
incluyen una secuencia de procesos que comienza con la recopilación de datos y
termina con el despliegue del modelo [19]. Este proceso (ver Figura 1) consta de tres
fases generales:

i. Adquisición y preparación de datos.

• Recolección de datos, donde los datos se recopilan, formatean y almacenan.
• Validación de datos, que garantiza la calidad y coherencia de los datos

entrantes mediante el análisis exploratorio de la distribución de los datos,
la detección de anomalías o selección de características.

• Preprocesamiento de datos, que transforma los datos en un formato ade-
cuado para el entrenamiento, utilizando técnicas como normalización o
reducción de la dimensionalidad.

ii. Entrenamiento y optimización del modelo.

• Entrenamiento del modelo, donde los algoritmos aprenden a partir de los
datos.

• Ajuste del modelo, donde se optimizan los hiperparámetros para mejorar
la precisión y/o el rendimiento.

• Evaluación y visualización del modelo, donde el modelo entrenado se
evalúa utilizando métricas como precisión y exactitud. En este paso, tam-
bién es posible aplicar métodos de visualización de resultados para refinar
aún más el modelo y para explicarlo.

iii. Despliegue del modelo evaluado para su uso.

• El paso final implica desplegar el modelo evaluado, el cual será refinado y
actualizado continuamente con nuevos datos, reiniciando el ciclo del pro-
ceso.

En la fase de adquisición y preparación de datos (i), dos tareas importantes son la
selección de características y la normalización. La selección de características evalúa
el impacto y peso de cada característica en el proceso de aprendizaje e identifica las
características más influyentes en el modelo [20, 21, 22]. Esta fase, junto con la visu-
alización, puede ayudar a determinar la explicabilidad del modelo. Aunque algunos
estudios aplican selección de características para elegir las más influyentes en el mod-
elo [23, 24]. Sin embargo, no se considera la importancia de hacer este análisis a nivel
de conjunto de datos en lugar de solo características individuales. En el contexto ac-
tual, donde se valoran cada vez más las prácticas de ML eficientes y sostenibles [25],
realizar estudios de ablación sobre cada conjunto de datos puede indicar si vale la
pena invertir tiempo y recursos en la recopilación de datos de una fuente específica



[26, 27]. Respecto a la normalización, ha recibido poca atención, ya que los investi-
gadores suelen aplicar un solo método de normalización sin evaluar su idoneidad.
No obstante, esta fase es importante, ya que cada técnica de normalización trans-
forma la escala y distribución de los datos, afectando el rendimiento del algoritmo
de ML seleccionado y alterando sus resultados. Diferentes salidas para un mismo
algoritmo pueden generar inconsistencias al interpretar los resultados y al analizar la
explicabilidad de los modelos obtenidos [28].

Por lo tanto, los desafíos generales de ML identificados que esta tesis busca abordar
son: (1) en el campo de DL, no existen transformers adaptados a pequeños conjun-
tos de datos tabulares, una limitación particularmente significativa en aplicaciones
donde la recopilación de datos es restringida, como los estudios basados en cues-
tionarios con un número limitado de respuestas. Dentro de la fase de adquisición y
preparación de datos en un pipeline de ML que integra conjuntos de datos contex-
tuales: (2) la selección de fuentes de información representa un desafío, ya que la
mayoría de los estudios en la literatura se centran en la selección de características
individuales en lugar de evaluar conjuntos de datos completos de cada fuente, lo
que podría ayudar a decidir si vale la pena invertir en una fuente de datos especí-
fica; y (3) la tarea de normalización no ha recibido suficiente atención, a pesar de ser
determinante para la explicabilidad del modelo.

Nuestra propuesta es construir un pipeline de ML que integre datos de diversas
fuentes y los fusione una vez recopilados. Durante la fase de validación de datos,
realizamos un estudio de ablación a nivel de conjunto de datos para examinar la
influencia de cada fuente en los modelos que probamos, abordando el desafío (2). En
la fase de preprocesamiento de datos, empleamos distintos métodos de normalización
para explorar su impacto en los resultados del modelo, abordando el desafío (3).
Finalmente, desarrollamos un modelo basado en transformers con diferentes capas de
atención específicamente diseñadas para datos limitados para abordar el desafío (1).
Además, probamos otros modelos para compararlos y extraer conclusiones durante
la fase de evaluación y visualización.

Para validar nuestras propuestas, hemos utilizado un caso de estudio de smart vil-
lages, un concepto derivado de las smart cities que ha cobrado impulso en la úl-
tima década, especialmente desde la iniciativa "The EU Action for Smart Villages"
en 2017 [29, 30]. Mientras que las ciudades inteligentes han sido ampliamente estu-
diadas, los pueblos inteligentes presentan desafíos particulares debido a su menor
infraestructura y la generación de conjuntos de datos más reducidos. Esto dificulta la
aplicación directa de soluciones urbanas y de modelos de aprendizaje profundo, que
suelen requerir grandes volúmenes de datos. Nuestra propuesta aborda estas limita-
ciones adaptando tecnologías de Internet de las Cosas (IoT en inglés) y aprendizaje
automático a entornos rurales, optimizando la gestión de recursos y ayudando a la
toma de decisiones en estos contextos.



objetivos

El objetivo de esta tesis es desarrollar herramientas y metodologías de ML para opti-
mizar la construcción de pipelines de ML, con un enfoque específico en la gestión de
datos turísticos en smart villages. Para ello, nos planteamos los siguientes objetivos:

1. Adaptar la recolección de datos de ciudades inteligentes a pueblos, ajustándola
a entornos con limitaciones de datos y recursos.

2. Combinar datos de sensores con información contextual (festivos, procedencia,
factores socioeconómicos) para enriquecer el análisis de datos.

3. Explorar métodos de normalización y su influencia en el desempeño de algorit-
mos de ML según la distribución de datos.

4. Identificar los conjuntos de datos más importantes mediante estudios de ablación,
que permitan equilibrar rendimiento y costes de recolección de datos.

5. Desarrollar arquitecturas de DL que integren mecanismos de atención y funcio-
nen con conjuntos de datos limitados.

6. Validar los modelos de ML generados sobre un caso de estudio de turismo rural.
Así como aplicarlos a problemas o situaciones reales.

contribuciones

Para abordar los distintos objetivos, en un primer estudio, definimos la infraestruc-
tura de recogida de datos que incluye la red sensórica de cámaras LPR (License Plate
Recognition) y la definición de las distintas fuentes de datos heterogéneas. Además,
en este estudio empleamos algoritmos de clustering para analizar patrones en los
datos, y descubrir que pueden decirnos los datos que tenemos. Para construir el
pipeline de ML, realizamos análisis exploratorio durante la validación, seleccionamos
algoritmos que se ajusten a la distribución de los datos, y preprocesamos los datos
mediante diferentes técnicas de normalización. En un segundo estudio, abordamos
un problema de clasificación. Realizamos estudios de ablación para encontrar con-
juntos de datos que optimicen el modelo, reduciendo el número de características,
y reduciendo el tiempo de entrenamiento. A diferencia de los estudios de ablación
convencionales, que se centran en evaluar la contribución de las capas NN, nuestro
enfoque analiza el impacto de los conjuntos de datos compuestos por diferentes carac-
terísticas procedentes de una fuente de información común. Se genera un modelo que
predice cuántas noches pasará un visitante en la zona, midiendo cómo influye cada
conjunto/fuente de datos. Finalmente, en un tercer estudio, abordamos la limitación
de datos típica en áreas rurales mediante la propuesta y creación de una red neuronal
con atención, capaz de manejar conjuntos de datos pequeños, integrando cuestionar-
ios de visitantes y datos de comportamiento vehicular. Así, buscamos predecir qué
turistas regresarán a corto plazo.

Por lo tanto, las contribuciones de esta tesis se pueden resumir en:



• Creación de un dataset que fusiona datos de vehículos detectados por cámaras
LPR, con datos de contexto socioeconómicos, geográficos, y procedentes de cal-
endarios de festivos nacionales.

• Exploración de diferentes métodos de normalización y su influencia en algorit-
mos de ML según la distribución de los datos.

• Desarrollo de estudios de ablación para identificar los conjuntos de datos más
importantes que permitan equilibrar rendimiento y costes de recolección de
datos.

• Propuesta y validación de una nueva arquitectura de transformer, o red neuronal
con atención, personalizada para conjuntos de datos pequeños.

• Creación de un modelo de clustering para identificar a residentes y turistas en
varios grupos según su comportamiento.

• Creación de un modelo predictivo del número de noches de estancia de los
vehículos que ingresan en una zona rural.

• Creación de un modelo predictivo para diferenciar a los visitantes que volverán
a visitar una zona rural de los que no.

Breve resumen artículos del compendio

A continuación, se ofrece un breve resumen de las publicaciones que contienen los
resultados de los estudios que abordan los objetivos mencionados anteriormente y
que se adjuntan en la Parte II de esta tesis:

Clustering Pipeline for Vehicle Behavior in Smart Villages

Este trabajo desarrolla un pipeline de ML usando algoritmos de clustering para analizar
la movilidad vehicular en una zona de turismo rural, combinando datos de sensores
LPR con fuentes contextuales heterogéneas. El pipeline propuesto abarca ocho fases:
recolección, limpieza, fusión, normalización, reducción dimensional, algoritmos de
clustering, evaluación y visualización. Aunque el ML pipeline presentado anterior-
mente constaba de siete fases. En nuestra propuesta, hemos descartado la fase de
despliegue del modelo, al encontrarse fuera del ámbito de la tesis. Además, hemos
subdividido otras fases, como la de normalización, reducción de dimensionalidad
(presentes en la fase de preprocesamiento) o la de visualización (separada de la fase
de evaluación). Estas divisiones nos permiten analizar de forma más precisa las téc-
nicas presentes en cada fase dentro de nuestro pipeline. La fase de validación por
ejemplo, la hemos subdividido en dos para hacer frente a algunos desafíos como la
fusión de fuentes heterogéneas o la limpieza de datos, los cuales son importantes en
nuestro caso de estudio.

Durante nueve meses, se recopilan más de 50.000 vehículos con cuatro sensores LPR,
junto con datos contextualizados de festivos basados en calendarios nacionales y lo-
cales, procedencia de vehículos y factores socioeconómicos del lugar de origen. Com-
binar datos heterogéneos exige procesos de ingeniería y preprocesamiento de datos.



La normalización es importante: se comparan técnicas como min-max, Z-score, ℓ2

y MAD, encontrando que la elección influye mucho en los resultados del clustering.
Por ejemplo, min-max funcionó bien para segmentar individuos y analizar compor-
tamiento de visita, además de detectar visitantes que actúan como residentes. Por
otro lado, la normalización ℓ2 podría ser útil en situaciones específicas que requieran
una distinción de la región de origen.

Se aplican técnicas de reducción dimensional para reducir la complejidad mientras
se conservan las variables más relevantes. Se evalúan varios algoritmos de clustering
(K-Means, Agglomerative clustering, DBSCAN, Gaussian Mixtures) y se eligió Gaus-
sian Mixtures basándonos en un análisis previo de la distribución de los datos, y en
los resultados. Usamos las métricas Bayesian Information Criterion (BIC) y Akaike
Information Criterion (AIC) con el método del codo para definir la cantidad óptima
de grupos. El análisis identifica patrones como turistas de estancia corta y de larga
duración y residentes, y muestra la relevancia de variables como frecuencia de visita,
número de noches o distancia recorrida.

Predicting Overnights in Smart Villages: The Importance of Context Information

Esta publicación amplía el trabajo previo al pasar de un enfoque no supervisado a
uno supervisado en un problema de clasificación. Se utiliza parcialmente el dataset
de la publicación anterior, añadiendo algunas variables nuevas relativas al momento
del día y lugar de entrada del vehículo a la zona. El conjunto de datos cubre 17 meses,
extendiendo la duración anterior. Las 35 variables proceden, a su vez, de 5 fuentes
de datos diferentes: uno base con información de las LPR, uno de métricas de visita
y tres de contexto (festivos, socioeconómicos y condiciones de entrada del vehículo a
la zona).

Se emplean varios modelos de ML (árboles de decisión, regresión logística, máquinas
de vectores de soporte, gradient boosting, y transformers para datos tabulares) con
optimización de hiperparámetros y métodos de ensemble (stacking, bagging, voting).
Además, se introduce una fase de estudios de ablación en la que se eliminan los con-
juntos de datos menos relevantes, reduciendo el tiempo de procesamiento un 22.2%
y la complejidad del modelo en un 80%, con solo una ligera disminución en la efi-
cacia predictiva. El caso de estudio pretende predecir la duración de la estancia en
zonas rurales turísticas, medida en número de pernoctaciones. En los resultados fi-
nales, obtenemos que los factores socioeconómicos (ingresos por origen) y aspectos
relacionados con el punto de entrada del vehículo a la zona (cámara de detección y
momento del día) mejoran las predicciones de manera notable.

SASD: Self-Attention for Small Datasets – A Case Study in Smart Villages

La tercera publicación aborda la limitación de trabajar con pocos datos en problemas
de aprendizaje supervisado con datos tabulares. Se presenta una nueva arquitectura
de transformers, Self-Attention for Small Datasets (SASD), que es una red neuronal que



usa capas de self-attention para valorar la importancia de las variables y manejar la
escasez de datos y el ruido de los mismos.

La arquitectura combina capas lineales, batch normalization, dropout y mecanismos de
self-attention al inicio y al final de la red, favoreciendo la captura de relaciones de
largo alcance y acelerando la convergencia. Se probaron variantes como multi-head
attention, menos útiles en datos tabulares pequeños, así como otras distribuciones de
las capas de atención.

Se comparó SASD con modelos clásicos (random forest, K-NN, gradient boosting), in-
cluyendo otras NN y transformers (redes neuronales recurrentes, TabNet, TabTrans-
former), usando las métricas de precisión, recall, F1-score y tiempo de entrenamiento.
SASD mejoró hasta en un 3% el F1-score al resto de modelos evaluados. Se hicieron
estudios de ablación sobre las capas de self-attention variando tanto el número de ca-
pas como su posición en la arquitectura. También se hicieron estudios de ablación
sobre el resto de capas propuestas, confirmando que la activación ReLU (rectified
linear unit) y las capas dropout mejoran los resultados del modelo.

SASD se usó para predecir la probabilidad de que un turista vuelva en los siguientes
12 meses. Este estudio muestra el potencial de integrar mecanismos de self-attention
en redes neuronales para casos con datos limitados, y la importancia de posicionarlos
en el lugar correcto de la arquitectura. Además de utilizar otras capas para acelerar la
convergencia, añadir no linealidad al aprendizaje y evitar el sobreaprendizaje, abor-
dando directamente los problemas de entrenamiento con datos limitados.

conclusiones

Esta tesis presenta una metodología para diseñar un pipeline de ML que permite
recopilar, analizar y evaluar el comportamiento de vehículos en entornos rurales in-
teligentes. El planteamiento cubre desde la adquisición de datos mediante cámaras
LPR y fuentes contextuales hasta la creación de diversos modelos de ML basados en
la información fusionada, cumpliéndose todos los objetivos propuestos en esta tesis:

• El primer objetivo se cumplió trasladando el sistema de adquisición de datos
propio de ciudades inteligentes a la realidad de zonas rurales. Para ello, se con-
struyó una infraestructura IoT con cuatro cámaras LPR, sometidas a procesos
de validación y control para asegurar la fiabilidad de los datos. Tras la limpieza,
la información se almacenó para el analisis posterior.

• El segundo objetivo se cumplió mejorando la calidad de la información al fu-
sionar fuentes de datos heterogéneas que complementaran a las cámaras LPR.
Se incluyeron días festivos nacionales, procedencia de vehículos y factores so-
cioeconómicos. Estos conjuntos de datos no han sido utilizados en la literatura
estudiada, dónde normalmente se utilizan solo los datos de las LPRs. Esta in-
tegración de datos enriqueció el análisis, demostrando que la fusión de datos
supera los resultados de usar solo LPRs.



• El tercer objetivo se cumplió al analizar distintos métodos de normalización y su
efecto en el desempeño de los modelos. Se aplicaron estas técnicas, observando
que min-max ofreció una segmentación muy detallada y facilitó la detección
de conductas atípicas, mientras que ℓ2 resultó útil para distinguir el lugar de
procedencia en ciertos casos.

• El cuarto objetivo se cumplió al identificar y analizar las variables y conjuntos de
datos más influyentes en cada estudio. Para ello, se evaluó la explicabilidad en
modelos no supervisados mediante análisis de clusters y, además, se realizaron
estudios de ablación en cada conjunto de datos dentro de distintos modelos
de clasificación. Esto permitió descartar variables y/o fuentes de datos que
suponen altos costos de recolección sin aportar demasiado valor analítico.

• El quinto objetivo se cumplió diseñando y desarrollando nuevas arquitecturas
de DL para mejorar las predicciones con datos limitados. Se creó una arqui-
tectura de transformers, que mostró un rendimiento superior a otros algoritmos
de clasificación, incluidos otros tranformers, al aplicarse al conjunto de datos
limitados. Este resultado destaca el potencial de las capas de self-attention, y
su correcto posicionamiento dentro de la arquitectura, en escenarios con datos
limitados.

• El último objetivo se cumplió al validar los modelos predictivos en situaciones
reales de turismo rural. Todos los modelos se entrenaron y probaron con datos
obtenidos de sensores desplegados en un entorno rural funcional situado en
la comarca del Barranco de Poqueira, Granada, España, y que abarca los tres
municipios de Pampaneira, Bubión y Capileira. También se creó un modelo de
clustering para agrupar a los vehículos que frecuentan la zona según su compor-
tamiento, un modelo de clasificación para predicción del número de noches que
un turista pasará en la zona y otro para predecir si un turista volverá a la zona
en los siguientes 12 meses.

Este trabajo plantea un enfoque novedoso al aplicar transformers en datos tabulares
con pocos datos. Se demuestra que las capas de self-attention y su posición en la
arquitectura mejoran los resultados al trabajar con información limitada, ayudando a
científicos y analístas de datos a superar las dificultades de recolección. Este trabajo
también orienta en la elección de técnicas de preprocesamiento según la distribución
de los datos. De igual modo, beneficia a administradores de zonas rurales, quienes
pueden diseñar estrategias para retener turistas y fomentar las pernoctaciones de los
mismos, así como proponer incentivos para residentes no registrados.

En el futuro, tenemos previsto ampliar nuestro trabajo a través de varias vías de
investigación: refinaremos las arquitecturas de NN propuestas y validaremos el mod-
elo SASD en conjuntos de datos de referencia públicos más allá del ámbito turístico,
comparándolo con algoritmos clásicos y otros de última generación; desarrollare-
mos herramientas avanzadas de visualización que combinen algoritmos de cluster-
ing y lógica difusa para desvelar relaciones complejas entre datos e integraremos
métodos de explicabilidad como SHAP (Shapley Additive Explanations) y LIME (Local



Interpretable Model-agnostic Explanations) para interpretar las decisiones del modelo;
ampliaremos nuestra infraestructura IoT con sensores de conteo de personas, me-
teorológicos, de calidad del aire y de nivel de residuos, y diseñaremos estrategias
de fusión de estos flujos heterogéneos en un sistema unificado; e implementaremos
aprendizaje federado para entrenar modelos de forma distribuida y preservar la pri-
vacidad, colaborando con expertos en turismo y responsables políticos de distintas
regiones, aprovechando su retroalimentación para perfeccionar nuestras técnicas y
documentando casos de estudio que muestren el despliegue y la adaptación del sis-
tema en escenarios reales de aldeas inteligentes.
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1
I N T R O D U C T I O N

Machine learning (ML) is currently applied to solve problems in various fields of
knowledge, such as healthcare [33], transportation [34], education [35] and industry
[36]. ML comprises a series of continuously evolving algorithms that analyze fea-
tures of data points to identify patterns and discover inferences [37]. One of the most
used taxonomies of ML comprises three classes: supervised, unsupervised learning
and reinforcement learning [2]. Supervised learning involves training models on la-
beled datasets, where each data point includes both input features and corresponding
output labels, enabling tasks such as classification and regression. Particularly, clas-
sification is used to categorize data into predefined classes. For example, predicting
whether a tourist will revisit a particular city based on past behavior [3]. Unsuper-
vised learning deals with unlabeled data, where the outcomes are unknown, focusing
on discovering hidden patterns or intrinsic distributions within the data. A popular
task in unsupervised learning is clustering, which groups data points that follow a
similar behavior or pattern. For example, by analyzing toll station payment data, we
could identify common behaviors among the different types of vehicles [4]. Finally,
reinforcement learning, where an agent learns to make optimal decisions through in-
teraction with an environment and reward feedback. For example, training a vehicle
to drive autonomously while avoiding obstacles [5]. Although we have followed this
taxonomy, there are alternative taxonomies that are also commonly used today. For
example, deep learning (DL) and shallow learning (SL) [6].

In the last decade, DL has significantly advanced SL by defining a set of algorithms
based on multilayer architectures (SL only use one layer algorithms) to identify pat-
terns through the analysis of complex relationships within data. These algorithms
are commonly referred to as artificial neural networks (ANNs or NNs). NNs have
exhibited strong performance in numerous fields, including education [7], healthcare
[8, 38], and tourism [39, 9], often surpassing classical methods [40, 41]. For example,
an ANN that recommends tourist attractions based on the behavior of tourists, out-
performs other traditional classifiers such as K-NN or random forests [42]. On the
downside NN need a large amount of training data. One recent advancement in the
field of NN is transformer-based architectures, which introduce a new concept, at-
tention, to improve model performance [12]. Transformers use attention mechanisms
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that dynamically assign varying levels of importance to different data points based
on their relationships within the dataset. Although initially developed for natural
language processing (NLP), they excel as well in tasks where the order of appearance
of data points matters, such as time-series forecasting or signal processing [11].

Attention mechanisms enable transformers to effectively capture long-range data de-
pendencies and contextual relationships that traditional NNs, such as recurrent neu-
ral networks (RNNs) struggle to address [13]. For instance, transformer-based mod-
els with attention mechanisms outperform classical RNN-based models such as long
short-term memory (LSTM) in traffic flow prediction, demonstrating superior accu-
racy and reliability [14]. Transformers have also been applied to image processing
tasks [10, 43], taking advantage of their ability to analyze spatial relationships and
patterns. Recently, their use has expanded to tabular data problems, which include
structured rows and columns [15, 16]. Attention mechanisms could also help NNs
acquire knowledge from small datasets [44], for example, in the field of image learn-
ing [10, 17]. Although attention mechanisms for NN have also been developed for
tabular data, such as numerical or alphanumeric data from sensors or questionnaires
[15, 16], these solutions are not fully adapted to small datasets [18].

To apply ML and DL models, researchers develop ML pipelines, which includes a
sequence of processes that starts with data collection and ends with the model’s
deployment [19]. This process (see Figure 1) consists of three general steps:

i. Data acquisition and preparation.

• Data collection, where data is collected, formatted, and stored.
• Data validation, which ensures the quality and consistency of the incom-

ing data by conducting an exploratory analysis of the data distribution,
detecting anomalies or feature selection.

• Data preprocessing, which transforms the data into a format suitable for
training, using techniques such as normalization or dimensionality reduc-
tion.

ii. Model training and optimization.

• Model training, where algorithms learn from the data.
• Model tuning, where hyperparameters are adjusted to improve perfor-

mance.
• Model evaluation and visualization, where the trained model is assessed

using metrics such as precision and accuracy. At this step, it is also possible
to apply methods of visualization of the results to further refine the model.

iii. Deployment of the evaluated model for use.

• The final step, involves deploying the evaluated model, which will be con-
tinuously refined and updated with new data, restarting the process loop.

In the data preprocessing sub-step, two important tasks are feature selection and nor-
malization. Feature selection assess the impact and weight of each feature on the
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Figure 1: ML pipeline general flow.

learning process and identifies the most influential in the model [20, 21, 22]. This
step, along with visualization, can help determine the explainability of the model.
Although some research applies feature selection to choose the most influential fea-
tures in the model, none of them considers the importance of looking at the dataset
level rather than just single features. In today’s environment, where efficient and
sustainable ML practices are increasingly valued [25], conducting ablation studies on
each independent context dataset can indicate whether investing time and resources
in data collection for a specific source is worthwhile [26, 27]. The normalization stage
has received little attention. Researchers often apply a single method without assess-
ing its suitability. However, this step is important, as each normalisation technique
transforms the scale and distribution of the data, affecting the performance of the
selected ML algorithm and altering its results. Different outputs for the same al-
gorithm can lead to inconsistencies when interpreting the results and analysing the
explainability of the models obtained [28].

Hence, we have spotted some challenges that this thesis aims to address: (1) within
the DL field, there are no transformers adapted to small tabular datasets, a limita-
tion that is particularly significant in practical applications where data collection is
restricted, such as works that rely on questionnaires with a limited number of re-
spondents. Within the data acquisition and preparation step (i) of an ML pipeline
that integrates contextual datasets: (2) the feature selection step poses a challenge,
as most of the works in the literature are conducted on individual features rather
than on the complete datasets from each source, which might otherwise help decide
whether to invest time and resources in a specific data source; and (3) normalization
task has not received sufficient attention, even though it is critical to both the results
and the explainability of the model.

Our approach consists of building an ML pipeline that integrates data from vari-
ous sources and fuses them. During data validation step, we perform an ablation
study at the dataset level to examine the influence of each source on the model, thus
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addressing the challenge (2). In data preprocessing step, we employ different nor-
malization methods to explore their impact on the model results, which addresses
the challenge (3). Finally, we propose a transformer-based architecture with different
layers including: self-attention, dropout, batch-normalization and ReLU layers. We
propose a configuration specifically tailored to limited data to address the challenge
(1). In addition, we test other architectures and algorithms for comparison and draw
conclusions during the evaluation and visualization step.

To develop our proposals, we have used a smart village use case. We selected this
use case because of the importance of the smart cities/villages concepts and the rela-
tively small datasets associated with smart villages compared to smart cities. Smart
cities have gained momentum due to the increasing integration of Internet of Things
(IoT) technologies in urban environments. In 2023, there were approximately 15.9
billion IoT devices worldwide. Statista projected this number to grow to 20.1 billion
this year and reach 39.6 billion by 2033

1. These devices form a vast, interconnected
network that generates extensive data across various social domains. For example,
IoT platforms monitor aspects of urban life [45], defining what is called smart cities.
Smart cities use technologies and data-driven solutions to enhance urban services,
infrastructure, and residents’ quality of life [46]. By integrating IoT devices, cities
can monitor and manage processes in real time, improving areas such as transporta-
tion, waste management, and public safety [47, 48, 49]. For example, license plate
recognition (LPR) cameras allow detailed analysis of vehicle behavior and traffic flow
[50, 51]. This data can be merged with information from events, parking details, and
weather patterns [52, 21] to improve the results of the analysis. Researchers feed the
fused data into ML pipelines. Figure 2 shows devices such as cameras, and other
sensors collecting data. Researchers apply ML algorithms to extract patterns and use-
ful information from data. Most studies focus on mobility patterns to reduce traffic
congestion [53, 54] and cluster vehicles for urban management [55], while others ex-
amine air pollution, climate change, and pedestrian routes [56, 57]. ML models have
also been developed to predict traffic or visitor flows in the cities [58, 59].

Over the past decade, urban planners applied the smart city concept to rural areas
[60]. Rural development programs in the 2010s introduced smart villages, a con-
cept that gained further momentum in 2017 with "The EU Action for Smart Villages"
[29, 30]. Smart villages are a convenient use case for our proposal because they have
distinct characteristics compared to urban environments. While smart cities have
been the subject of numerous studies, smart villages are an emerging concept that
has attracted attention but remains underexplored. The literature highlights that
solutions designed for large cities may not be directly applicable to small villages
[60, 61]. For example, villages with narrower or predominantly pedestrian streets
cannot directly adopt approaches that rely on multiple lanes of traffic. Another sig-
nificant difference between smart cities and smart villages is their population size and
infrastructure. Unlike cities, where data are more easily collected through both auto-

1 https://www.statista.com/statistics/1183457/iot-connected-devices-worldwide/
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Figure 2: Data flow in the IoT within smart cities. Adapted from [31].

mated systems and manual records, villages typically produce much smaller datasets.
This limitation makes it challenging to apply DL models effectively, as they require
vast amounts of data to achieve reliable performance.

In particular, we apply our proposal to a rural case study on vehicle mobility, con-
fronting challenges in ML pipelines and smart villages. We use IoT devices to collect
data on vehicle behavior. Particularly, we installed four LPR cameras in a rural area
to build an IoT infrastructure that collects data. We also collect contextual informa-
tion such as holiday calendars, vehicle provenance, visitors’ socio-economic factors,
and questionnaires responses on demographic and behavioral aspects related to ve-
hicle usage and visitor patterns. Some studies have used LPR cameras for mobility
clustering [62, 63, 64, 65], but none combine LPR data with this contextual informa-
tion such as visitor’s provenance, or socio-economic details. First, we use clustering
algorithms to identify common clusters and patterns in collected data. To construct
the ML pipeline, we selected algorithms that fit the data distribution, performed
exploratory analysis during data validation step. Next, we analyze the resulting clus-
ters in model visualization step. We focus on data preprocessing step, testing several
normalization methods, and examining their effects on the final cluster visualization,
tackling the challenge (3). We obtain different results depending on the normaliza-
tion methods used. We also address model explainability, analyzing the features that
most influence them. This process enable us to develop a model that distinguishes
residents from visitors based on their behavior. We use this information to guide
subsequent classification tasks. We concentrate on feature selection by performing
ablation studies to find the datasets that most improve the model, reduce features,
shorten processing time, and boost evaluation metrics tackling the challenge (2). We
tested this approach with a model that predicts how many nights a visitor will spend
in the area. We examine the influence of different datasets in improving the classi-
fication model. Once we study the influence of normalization and feature selection
in data acquisition and preparation step, we shift our focus to improving the model.
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In this case, we address the challenge (1) by proposing an attention-based NN archi-
tecture that handles small datasets. To apply this architecture, we use data visitor
questionnaires capturing visitation intentions, and merge them with the rest of col-
lected information. With this, we get a model to predict which tourists will return in
the short term.

Our results introduce a new research direction by applying transformers to tabular
datasets with limited data. It improves predictive models when researchers can not
collect enough data to train a model. Our work guides researchers and developers to
select preprocessing techniques based on data type, distribution, and sources when
designing ML pipelines. Our results also benefit stakeholders in smart villages. The
normalization method reveals distinct movement patterns, such as visitors acting as
residents or long-stay international visitors. Policymakers can use these insights to
design strategies that retain specific tourists, considering factors such as income and
origin, and to promote overnight stays. Moreover, the data guide policies that engage
non-registered residents through incentives like tax breaks or social programs. In
Spain, stakeholders apply this information for tasks such as licensing pharmacies, in-
vesting in public health, and scheduling security forces during seasonal fluctuations.
We also conducted an ablation study at the dataset level to analyze data from various
sources and expert opinions. This process identifies the datasets that exert the great-
est influence on predictions when estimating how many overnights a visitor stays in
the area. The analysis reveals that the socio-economic status of a visitor, and the point
of entry to the rural area, influence the outcome more than the other datasets. Our
work aids scientists who develop predictive models in tourism. By identifying the
key databases, we help them allocate resources efficiently when budgets and time are
limited. Finally, we build a transformer model for limited datasets that tracks tourism
repeaters. Policymakers can use this results to design local tourism strategies for ur-
ban planning or transport.

This thesis consists of two main parts. The Part I focuses on the PhD Dissertation:
Chapter 2 presents the fundamentals that support this thesis, Chapter 3 outlines the
objectives, and Chapter 4 details the methodology. Chapter 5 summarizes the key
findings from the publications, while Chapters 6 and 7 discuss the conclusions and
potential future work, respectively. The Part II of this document presents the three
publications that form the core of this thesis:

• Clustering Pipeline for Vehicle Behaviour in smart villages.
• Predicting Overnights in smart villages: The Importance of Context Information.
• SASD: Self-Attention for Small Datasets - A Case Study in smart villages.
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2
F U N D A M E N TA L S

This Section presents the fundamentals on which the methodology and experimen-
tation proposed for this doctoral thesis is based. Section 2.1 reviews the basics of
ML, distinguishing in supervised, unsupervised, and reinforcement learning taxon-
omy. Section 2.3 describes popular clustering algorithms used to detect patterns in
data. Next, Section 2.2 explores supervised learning, examining popular classifica-
tion algorithms. Section 2.4 discusses DL, emphasizing transformers architectures
with multihead and self-attention mechanisms. Finally, Section 2.5 presents the theo-
retical methods of the ML pipeline steps.

2.1 ml taxonomy

ML is responsible for extracting meaningful patterns from a dataset with the objective
of inferring the underlying statistical distribution [37]. Traditionally, researchers used
computer algorithms to learn a model from a previously selected dataset of interest
[2, 66]. Nowadays, they develop algorithms that work independently of any specific
domain [6]. Once the model is trained, they can use it to make predictions with-
out programming it for a specific task. Within the classification of ML algorithms,
there are several taxonomies. The most popular taxonomy considers three types of
ML learning classes: supervised learning, unsupervised learning, and reinforcement
learning [1, 2].

• Supervised Learning: is an approach that uses labeled examples (with known
correct answers) to learn a function that can predict these labels [1]. Specifi-
cally, a supervised learning algorithm receives input examples and labels that
identify each example. Representative algorithms include linear regression [67],
Bayesian probabilistic methods [68], decision trees [69], support vector machines
[70], or supervised NN [71]. It is commonly applied in classification (e.g., spam
detection [72] or image recognition [73]) and regression tasks (such as predicting
numerical values in finance or medicine [74]).

• Unsupervised Learning: is an approach that uses unlabeled data, seeking to
discover hidden structures or patterns without known information in advance
[1]. Common unsupervised learning algorithms include clustering methods,
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which group examples based on their feature values, inter-correlations, and in-
trinsic structure. Popular examples are K-Means [75], Affinity Propagation [76],
DBSCAN [77], or Gaussian Mixtures [78]. Typical applications include data seg-
mentation (e.g., customer segmentation in marketing [79]), anomaly detection
(e.g., identifying unusual patterns in network traffic [80] or detecting fraudu-
lent transactions [81]), and exploring datasets to find meaningful relationships
without external guidance.

• Reinforcement Learning: is an approach in which an agent learns to make de-
cisions by interacting with an environment [82]. The agent performs actions
and receives rewards or penalties based on the results, adjusting its behavior to
maximize the long-term cumulative reward. Popular algorithms of this type are
Q-learning or deep reinforcement learning methods (such as Deep Q-Network
[83] or Actor-Critic methods [84]). It is applied to learn optimal control strate-
gies for sequential tasks (e.g., controlling robots for precise manipulation [85]
or managing adaptive behaviors in autonomous vehicles [5]).

In this thesis we will be focus on the unsupervised and supervised learning. Al-
though we have followed this taxonomy, there are alternative taxonomies that are
also commonly used today. For example, generative and discriminative learning,
which focus on whether a model learns the data distribution or the decision bound-
ary [86]. Generative algorithms adopt a probabilistic approach and can generate
new samples from the learned distribution, while discriminative algorithms are op-
timized for classification by focusing on the separation between categories. Another
popular taxonomy distinguishes between deep and shallow learning. DL approaches
use multiple layers to automatically learn complex patterns and representations from
raw data, while shallow learning algorithms use a single layer and typically rely on
manual feature engineering to extract relevant information [6].

2.2 popular supervised algorithms

The classification algorithms presented below are classified according to one of the
most popular supervised learning taxonomies, which divides the algorithms into
[37, 1, 87]:

• Decision Trees [69]: algorithms in this category separate data into branches
based on specific characteristics, which makes it easier to understand how
each classification decision is made. Representative algorithms include Deci-
sion Trees and Random Forest [88].

• Support Vector Machines (SVM) [70]: these methods seek to find the optimal
hyperplane that maximizes class separation, making them useful for both clas-
sification and regression tasks. A popular examples are the Linear SVM [89],
Kernel SVM [90] or Least Squares SVM [91].

• Nearest Neighbors [92]: this technique makes predictions based on the proxim-
ity of data points. By adjusting the parameter K, which determines the number
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of nearest neighbours considered, the sensitivity of the algorithm, i.e. the re-
sponsiveness of the model to variations in the local structure of the data, can be
controlled. A smaller K results in greater sensitivity, capturing local variations,
while a larger K produces smoother, less sensitive decision boundaries. The
most widely recognised method is the K-Nearest Neighbors (K-NN) [93], but
existes others such as Condensed NN [94] or Distance-Weighted K-NN [95].

• Logistic Regression [96]: this method models the probability of a categorical
outcome by leveraging predictor features, thus serving as a fundamental tool
for binary and multiclass classification tasks. Some examples are Logistic Re-
gression [96], Regularized Logistic Regression [97] or Multinomial Logistic Re-
gression [98].

• Bayesian Probabilistic Methods [68]: these probabilistic approaches utilize
Bayes’ theorem to infer the likelihood of outcomes. For instance, Gaussian
Naive Bayes [99] operates under the assumption of feature independence for
classification. Other examples are: Latent Dirichlet Allocation (LDA1) [100], or
Bayesian Networks (Belief Networks) [101].

• Gradient Boosting Machines [102]: this ensemble technique builds sequen-
tial tree-based models that incrementally improve performance by correcting
errors made by previous models. Notable algorithms include Light GBM [103],
which leverages gradient boosting on decision trees; XGBoost [104], which uses
advanced optimization techniques and sparsity-aware learning; and CatBoost
[105], which effectively handles categorical features through ordered boosting
and symmetric trees.

• Neural Networks [71]: this family of algorithms models complex nonlinear rela-
tionships through interconnected layers of perceptrons. Key examples include
the MLP Classifier [106] for general-purpose classification, Recurrent Neural
Networks (RNN) [107] for sequential data processing, and Long Short-Term
Memory networks (LSTM) [108] which address the vanishing gradient issue by
maintaining long-term dependencies.

2.3 popular unsupervised algorithms

The clustering algorithms presented below are classified according to one of the most
popular unsupervised learning taxonomies [109, 110, 1].

• Partitional Clustering: this clustering technique decomposes a dataset into dis-
tinct clusters through an iterative process of distance calculations between in-
dividuals, and typically uses centroids. Examples of algorithms that utilize
this technique include K-Means [75] and MiniBatchKMeans, which is a scalable
version of K-Means that updates clusters using small random batches until con-
vergence is achieved [111]. Another algorithm that falls into this category is
ISODATA [112], which employs iterative self-organizing data analysis.

• Hierarchical Clustering: this clustering method constructs clusters in either an
agglomerative or divisive manner by adding or removing individuals, respec-
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tively [1]. Some examples include SLINK [113] implements the single linkage
method by constructing the dendrogram without computing all pairwise dis-
tances, while CLINK [114] optimizes complete linkage clustering by minimizing
the maximum distance between elements of different clusters. Other popular
example is BIRCH [115], an algorithm that uses an unbalanced height tree to
dynamically split data points.

• Density-Based Clustering: this technique identifies dense regions of objects in
the data space separated by low-density regions. It is known to handle noise
well and adapt to arbitrary shapes in the data. The algorithm most common
in this category is DBSCAN [77], along with improved versions of it, such as
OPTICS [116] and HDBSCAN [117], which compute a density function for each
cluster found. Other examples include Mean-shift [118], which creates clus-
ters based on regions of maximum density attraction and can be considered a
version of K-Means using density functions, making it adaptable to arbitrary
shapes of clusters.

• Distribution-Based Clustering: this technique creates clusters based on the
probability that each individual belongs to the same distribution, the Gaussian
distribution is the most widely used distribution based on the expectation max-
imization algorithm [119]. These algorithms result in Gaussian Mixture models
[78], which are also classification algorithms. In some cases, they are a general-
ization of K-Means, with each individual having a probability of belonging to
each cluster.

• Grid-Based Clustering: this clustering approach involves dividing the space
into a finite number of cells, followed by defining clustering operations within
the quantized space. Some popular algorithms that utilize this method include
STING [120], WaveCluster [121], and CLIQUE [122].

• Message-Passing Clustering: this category of clustering creates clusters by ex-
changing messages between different data points until convergence. An exam-
ple of this approach is the Affinity Propagation (AP) algorithm [76], which has
been further improved by proposals such as IWC-KAP [123] and ScaleAP [124].

• Spectral Clustering: this method uses the spectral radius of a similarity ma-
trix of the data in a multidimensional problem. Dimensionality reduction tech-
niques, such as Principal Component Analysis (PCA), are used to obtain a lin-
early separable problem. There are different versions of Spectral Clustering
algorithms [125], depending on how the eigenvectors are selected from the
Laplacian of the similarity matrix [126]. Newer versions, such as Attributed
Spectral Clustering (ASC), improve the degree of affinity between nodes in the
same density region [127]. Another algorithm is Self-Tuning Spectral Cluster-
ing [128], which adjusts the parameters of the similarity matrix according to the
local density of the data, facilitating clustering in problems with varying scales.
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2.4 transformers

DL has transformed the analysis of complex data through DL architectures capable
of capturing hierarchical representations [6]. Technically, a NN consists of several
layers of interconnected neurons, where each neuron applies a nonlinear activation
function to a weighted sum of its inputs [129]. Transformers [12] are NN architectures
that utilize attention mechanisms to enable the modeling of long-range dependencies
and parallel processing of input data (see Figure 3).

Structurally, they follow an encoder-decoder structure [130, 131], where both compo-
nents are composed of multiple identical layers. An encoder-decoder network gener-
ates features length yet contextually appropriate output sequences to correspond to a
given input sequence [132]. Each encoder layer consists of a multi-head self-attention
mechanism followed by a position-wise feed-forward network, with residual connec-
tions and layer normalization applied after each operation [12]. The decoder stack
mirrors the encoder but includes an additional attention layer that allows it to attend
to the encoder output while maintaining autoregressive generation through masked
self-attention. Token embeddings and positional encodings provide sequence order
information [133], ensuring effective representation learning.

Figure 3: Transformer model architecture. Source [12].
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Figure 4: Self-attention layer. Adapted from [12].

Next, we examine self-attention and multihead-attention mechanisms, which are an
important basis in transformers architectures.

2.4.1 Self-Attention Mechanism

Self-attention, initially used for language translation, is an attention mechanism where
the input sequence itself serves as the queries, keys, and values. This allows the
model to weigh the importance of the words in a sentence, capturing long-term de-
pendencies and enhancing the contextual representation of each word [134]. For an
input sequence X = [x1, . . . , xn], where xi is a vector of features for the i-th word, the
self-attention mechanism (see Figure 4) is calculated as follows:

Attention(Q, K, V) = softmax
(QKT
√

dk

)
V (1)

This Equation 1, is known as “Scaled Dot-Product Attention” and is characterized by:

• Linearly transform the input X to obtain the matrices of queries (Q), keys (K),
and values (V), respectively:

Q = XWQ, K = XWK, V = XWV ,

where WQ, WK, and WV are weight matrices that facilitate the transformation
of the input data X into different representations for the purpose of computing
attention scores.

• Compute the dot product QKT to obtain the attention scores, which are then
scaled by the inverse square root of the dimension of the keys (dk), i.e., 1/

√
dk,

to prevent the scores from becoming too large.
• Finally, apply the softmax function to each row of the scaled QKT matrix, nor-

malizing the weights to sum 1, and use these to weight the values (V) through
matrix multiplication.
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Figure 5: Multihead-attention layer. Adapted from [12].

2.4.2 Multihead-Attention Mechanism

The multihead-attention mechanism [12] shortens the processing time of the self-
attention mechanism by processing multiple attention tasks simultaneously. Initially,
the Q, K, and V vectors are projected into h separate sets, named Qi, Ki, and Vi for
each i = 1, . . . , h. The Equation 1 formula is applied to each projection set. Following
this, the results are merged by first concatenating them and then applying a linear
projection (see Figure 5). The Equation 2 defines the overall multi-head attention
mechanism. In multihead-attention, each head focuses on different parts of the input
sequence. Hence, the model captures a wider range of dependencies than a single
instance of self-attention.

MultiHead(Q, K, V) = Concat(head1, . . . , headh)WO (2)

where each headi is defined as:

headi = Attention(QWQ
i , KWK

i , VWV
i ).

Here, WQ
i , WK

i , and WV
i represent the projection matrices for transforming Q, K, and

V in the i-th head, and WO is the matrix used for the final projection.

The literature highlights several transformer-based models for different types of data.
For image data, the Vision Transformer (ViT) [135] has demonstrated impressive per-
formance in computer vision tasks by treating images as sequences of patches and
applying self-attention mechanisms to capture global context. For text data, models
like Bidirectional Encoder Representations from Transformers (BERT) [136] and the
Generative Pre-trained Transformer (GPT) series [137] have revolutionized natural
language processing by leveraging self-attention to model contextual relationships
in language. For tabular data, TabNet [15] integrates transformers in neural net-
works, including an attention mechanism for feature selection, making it particularly
efficient in tasks involving high-dimensional structured data and time series. Tab-
Transformer [16] leverages transformer architectures to model interactions between
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categorical and numerical features, using self-attention mechanisms to capture com-
plex dependencies in tabular data.

2.5 overall ml pipeline

The construction of an ML model follows an ML pipeline (see Figure 1), which starts
with the preparation of the data and ends with the deployment of the model [19].
Below are the theoretical fundamentals of each step of the ML pipeline construction
process.

2.5.1 Data Collection

Data collection is the first step in any ML pipeline. During this step, data is processed
into a format that subsequent steps can handle. The quality, quantity, and variety of
data largely determine the performance and robustness of models [138]. The sources
of data vary depending on the application domain (e.g., can range from IoT sensors to
questionnaires, administrative records, or public databases). There are various meth-
ods for merging multiple data into a unified set. For example, early fusion techniques,
where data are integrated directly at the initial stage, and late fusion, which combines
the outputs of individual models, have proven to be effective in handling heteroge-
neous data sources [139]. Some works have also developed hybrid approaches that
take advantage of the best of both methods to optimise model performance and ro-
bustness [140]. In addition, there are strategies for collecting various types of data
(tabular, text and images) that have proven useful in different use cases [139]. When
dealing with unstructured data, it is common to use transformations such as text em-
beddings based on transformer architectures [12] or the application of Convolutional
Neural Networks (CNN) for feature extraction in images [141]. These methods allow
the efficient integration and processing of different types of data, adapting to the
specific needs of each application.

2.5.2 Data Validation

Data validation is a step in the ML pipeline process that ensures the quality and con-
sistency of the data collected. This step explores the integrity of the data by detecting
anomalies and exploratory analysis of the distribution, identifying changes in the
data and studying the statistics of the data sets used. Data validation also produces
statistics around the features of the data, and allows selecting which features will go
to the data preprocessing step [19].
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Figure 6: (A) Three 1D flat manifolds (segments); (B) Three 0D flat manifolds (points); (C)
Two 1D non-flat manifolds (circles); (D) Two 1D non-flat manifolds (arcs). Adapted
using scikit-learn code1.

Data Distribution

In data analysis, Riemannian geometry, by considering curvature, allows to identify
the distribution of the data and to assess whether the data are best represented in a
flat or non-flat variety. This approach aids dimensionality reduction and the interpre-
tation of variability [142]. In mathematics, a Riemannian manifold [143] is a geometric
object that can be described locally as Euclidean space. Curvature is an intrinsic mea-
sure of a manifold, indicating how much the manifold curves at each point. In this
context, we say that a manifold is flat if its curvature is zero at all points, that is, if
the manifold is locally indistinguishable from a flat Euclidean space. If the curvature
is not zero at any point of the manifold, the manifold is non-flat. In data analysis, we
refer to flat and non-flat geometry as the measurement of distances between points by
Euclidean or non-Euclidean geometric methods, respectively [144]. In flat geometry,
the distance is measured following a straight line between two points, while in non-
flat geometry, the distance is measured following a curve. We can detect whether our
data follow flat or non-flat geometry by representing the data in a scatter plot, where
each point represents an individual in the population. Visually we can only repre-
sent 3 dimensions, which normally are the most representative features of the cluster,
or the firsts principal components of a dimensional reduction algorithm. Figure 6,
shows four images of different data distribution. If the figure is circular, rectangular
or elliptical (e.g., images A,B), the data follows a flat geometry. However, if the fig-
ure has an irregular, twisted or folded shape (e.g., images C,D), the data follows a
non-flat geometry [144].

Anomaly Detection

Outliers are defined as data points that significantly deviate from the majority of the
dataset due to errors or variations, and they can greatly influence statistical results
[145]. Excluding extreme data points before analysis can reduce distortions caused by
data anomalies and improve the results by addressing inconsistencies [146]. However,
it is important to recognize that such removal might also eliminate valid observations,

1 https://scikit-learn.org/stable/auto_examples/cluster/plot_cluster_comparison.html
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potentially introducing bias in ML models [147]. Various statistical methods and ML
algorithms are employed for this purpose. The most well-known are:

1. Isolation Forest [148]: This algorithm works by randomly selecting features and
splitting values between the maximum and minimum values, effectively isolat-
ing outliers based on the number of splits required. One of its advantages is its
efficiency on large datasets, as it does not require the calculation of distances or
densities. Its performance is due to the construction of isolation trees that re-
cursively explore random partitions, making anomalies, being less represented,
easier to separate from the rest of the data.

2. Interquartile Range (IQR) Method: This statistical approach identifies outliers
as those data points falling outside the interval [Q1 − K · IQR, Q3 + K · IQR],
where Q1 and Q3 represent the first and third quartiles (i.e. the 25th and 75th
percentiles), and the interquartile range (IQR) is the number obtained by sub-
tracting Q1 from Q3, thereby encompassing the central 50% of the data [146].
Adjusting the multiplier K allows setting the threshold for identifying outliers;
a smaller K value results in a narrower range of what is considered normal,
thereby classifying more points as outliers, while a larger K value reduce the
number of points classified as outliers. Typically, K is defined such as 1.5 be-
cause it is roughly equivalent to ±3σ in a normal distribution, identifying about
1% of the data as outliers [149], where σ represents the standard deviation.

3. Z-Score Method: This technique calculates the standard score for each observa-
tion (xi) using the formula zi =

xi−x̄
σ , where σ is the standard deviation, and x̄

is the mean of the dataset. Typically, a data point is considered an outlier if its
absolute z-score (zi) exceeds 2.5 [150]. This threshold can be adjusted to increase
or decrease the percentage of detected outliers, providing flexibility based on
the specific requirements of the analysis.

4. Local Outlier Factor (LOF) [151]: This algorithm measures the anomaly of a
data point by comparing the local density of its neighbors. LOF calculates the
ratio of the point’s local density to the average local density of its nearest neigh-
bors. A value of LOF significantly greater than 1 indicates that the point is an
outlier, as its environment is much less dense compared to its neighbors. This
approach is especially useful in scenarios where the data distribution is uneven
or when clusters of varying density exist, allowing for more adaptive anomaly
detection.

Feature Selection

Feature selection is classified for the most popular taxonomies into three main ap-
proaches: filtering, wrapping and embedding [152]. Filter methods individually
evaluate the relevance of each feature using statistical metrics (e.g., chi-square, data
frequency or information gain). Wrapper methods optimize selection by exploring
combinations of features based on model performance [153]. Embedded methods

19



integrate selection within training, most notably approaches such as Least Absolute
Shrinkage and Selection Operator (LASSO) [154] and implicit selection in decision
tree models [69]. These techniques have been widely studied to improve the explain-
ability and computational efficiency of models [155].

2.5.3 Data Preprocessing

Data preprocessing is a step in the ML pipeline that transforms raw data into a for-
mat suitable for training models. This process involves applying statistical techniques,
such as normalization and dimensionality reduction, and converting labels into vec-
tor representations (e.g., one-hot or multi-hot encoding) [19]. Since preprocessing is
performed only once before training rather than at every epoch, it is typically exe-
cuted as an independent step to ensure efficient model training.

Data Normalization

Normalization adjusts the range of each feature to a common interval (e.g., [0, 1] or
[−1, 1]), enabling fair comparisons in subsequent pipeline steps by preventing larger-
scaled features from dominating the analysis. In general, a feature X is transformed
into X′, where X′ is the scaled version that facilitates equitable comparisons. The
choice of the normalization algorithm usually depends on the specific application and
the dataset used, as different methods may yield different results and interpretations.
For example, in clustering analysis, normalization is useful because many distance
measures, such as the Euclidean distance, can be affected by the scale of the features;
scaling all features to a common range ensures that no feature, particularly those
with larger numerical values, disproportionately influences the similarity calculations
between data points. Different normalization methods can yield variations in the
results. Some popular methods [156] are:

1. Min-max normalization [157]: Uses the minimum (Xmin) and maximum (Xmax)
of the attribute X domain to scale the values to the range [0, 1]. This method
preserves the relative distances between points, which is beneficial for distance-
based algorithms.

X′ =
X − Xmin

Xmax − Xmin

2. Z-score standardization [157]: Transforms X so that the mean (µ) is 0 and the
standard deviation (σ) is 1. This approach is particularly useful when the data
is assumed to follow a normal distribution and helps to mitigate differences in
scales among attributes.

X′ =
X − µ

σ

3. Median Absolute Deviation (MAD) normalization [158]: Normalizes X such
that the median of each attribute becomes 0 and the MAD becomes 1. This
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method is robust to outliers since it uses the median instead of the mean as the
central tendency measure.

X′ =
X − median(X)

MAD(X)

4. ℓ2 normalization [159]: Scales X by dividing by the Euclidean norm (||X||2 =√
∑n

i=1 X2
i ), ensuring that all feature vectors have the same length. This tech-

nique is widely used in machine learning and information retrieval, especially
in contexts where the direction of the vector is more important than its magni-
tude.

X′ =
X

||X||2
5. Decimal scaling normalization [156]: This method normalizes X by dividing

by a power of 10 such that the maximum absolute value of the normalized data
is less than 1. It is defined as:

X′ =
X

10j

where j is the smallest integer such that max(|X′|) < 1. Although simple to
implement, its effectiveness may be limited in the presence of extreme values.

6. Logarithmic transformation [160]: Used for strictly positive data, this method
applies to X a logarithmic transformation to compress a wide range of values
and reduce skewness in the distribution. The value c is a constant (often c = 1)
to ensure that the logarithm of zero is not computed. It is expressed as:

X′ = log(X + c)

Dimensionality Reduction

Dimensionality reduction decreases the number of features, simplifying data analy-
sis and visualization, while improving the efficiency of ML algorithms [161]. Sev-
eral techniques have been developed for this purpose, including Fisher’s Linear Dis-
criminant Analysis (LDA2), which maximize class separability by projecting data
into a lower-dimensional space where the distances between class means are max-
imized and the variance within each class is minimized [162], Isometric Mapping,
which preserves the distribution of the data in a lower-dimensional space [144], and
t-distributed Stochastic Neighbor Embedding (t-SNE), renowned for its ability to pre-
serve neighborhood relationships among data points in datasets that exhibit non-
linear structures [163]. Despite the variety of methods, PCA is the most popular due
to its computational efficiency and the clear interpretability of its principal compo-
nents [164].

PCA method condenses the information provided by multiple features (X1, . . . , Xp)
from a sample into fewer features, finding a number s of underlying factors that
approximately explain the same variance as the original features with s < p. Each
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of the new features (Z1, . . . , Zp) are called principal components, which are linear
combinations of the original features. Each Zi is defined as:

Zi = Φ1iX1 + Φ2iX2 + · · ·+ ΦpiXp

Each Φ represents the weight or importance that each feature Xi has in each Zi and
explains the information collected by each of the principal components [165]. It is
advisable to apply prior normalization to the data because this method is highly
sensitive to features with different scales. Moreover, PCA only works with numerical
data, so it is necessary to preprocess any categorical features in the input dataset
[166].

2.5.4 Model training and tuning

The model training and tuning step is the core of the ML pipeline [19]. In this step, we
train the model using the features collected and transformed in previous steps while
searching for the best hyperparameters of each ML algorithm. The hyperparameters
are the settings and values determined before the learning process that influence the
training behavior. Examples of hyperparameters include the learning rate and the
number of epochs in NNs, the number of leaves or the depth in random forests,
the number of kernels in SVMs, the number of nearest neighbors (K) in K-Nearest
Neighbors, the number of clusters (K) in K-Means clustering, and both the number
of mixture components and the covariance type (e.g., diagonal, full, tied, spherical)
in Gaussian Mixture Models.

Often, it is not feasible to determine in advance a single best algorithm. Instead,
multiple algorithms and their respective hyperparameters are evaluated to identify
the most optimal combination for the given dataset [2]. While the distribution of the
data can provide insights into which algorithms might perform well, it is advisable to
conduct comparative analyses across various algorithms to validate their effectiveness
and ensure consistent and reliable results under varying data conditions [167].

Ablation studies also allow researchers to assess the importance of various compo-
nents within a DL architecture by adding or removing NN layers and observing the
resulting impact on performance. This technique has become an important tool for
analysing the roles of different elements in ML systems [168]. In recent developments,
ablation studies have been applied to quantify the contributions of different model
components, as seen in methods such as permutation importance in Random Forests
[88] and Shapley values in Shapley Additive Explanations (SHAP) [169]. These anal-
yses provide a theoretical basis for understanding both the individual and collective
effects of model components on performance and optimisation [170].
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2.5.5 Model evaluation and visualization

The performance of a model is evaluated using various metrics adapted to the specific
ML algorithm employed [37]. There is no single metric to measure this performance;
instead, numerous performance metrics exist within the ML field [171]. Consequently,
the selection of an appropriate metric depends on the specific problem, its domain,
and real-world constraints [165].

Supervised learning metrics

Binary classification tasks use two classes: positive (belonging to one class) and neg-
ative (not belonging to that class) [172]. In this context, an ML algorithm’s ability
to classify positive and negative classes, is measured using the following counts: TP
(true positive), TN (true negative), FP (false positive), and FN (false negative). TP is
the number of examples correctly classified as positive. Conversely, TN is the num-
ber of examples correctly classified as negative. FP counts the number of negative
examples that were incorrectly classified as positive, and FN is the number of positive
examples incorrectly classified as negative.

Classification metrics [172, 173] utilize these counts to provide comprehensive perfor-
mance measures, as outlined below:

• Accuracy: The proportion of correctly classified examples, both positive and
negative.

Accuracy =
TP + TN

TP + TN + FP + FN
• Precision: The proportion of true positives among all predicted positives.

Precision =
TP

TP + FP

• Recall (Sensitivity): The proportion of true positives out of all actual positives.

Recall =
TP

TP + FN

• Specificity: The proportion of true negatives out of all actual negatives.

Specificity =
TN

TN + FP

• F1-Score: The harmonic mean of precision and recall, providing a balance be-
tween the two metrics.

F1-Score =
2TP

2TP + FP + FN

• Area Under the Curve (AUC): Evaluates the model’s ability to distinguish be-
tween classes. First, the ROC (Receiver Operating Characteristic) curve is gener-
ated by plotting sensitivity versus specificity at various threshold settings [173].
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Figure 7: ROC curve. Source mathworks2.

Then, AUC is computed as the area under this ROC curve, yielding a value be-
tween 0 and 1, where higher values indicate better model performance. Figure 7

shows a sample ROC curve alongside that of a random classifier, and it displays
the corresponding AUC value.

The metrics described above for binary classification extend to the multilabel case
[174, 175], where each instance may belong to multiple categories simultaneously. In
multilabel classification, one can calculate evaluation measures for each label indi-
vidually and then aggregate them using strategies such as micro-averaging, macro-
averaging, or the weighted strategy.

• Micro-averaging: This technique aggregates the counts of TP, FP, and FN
across all labels, then calculates the metrics from these totals. It emphasizes
labels with more instances, which proves useful when dealing with imbalanced
label frequencies.

• Macro-averaging: This approach computes the performance metrics for each
label separately and then averages them. It treats each label equally regardless
of frequency, offering a balanced evaluation across all labels.

• Weighted Strategy: This approach calculates the metrics for each class (label)
and then computes a weighted average based on the number of true instances
for each label. This strategy works best for unbalanced problems because it
assigns more importance to labels that occur more frequently.

Sometimes, instead of using a native multi-class classifier, it is useful to decompose
the multi-class problem into several binary problems, allowing the use of binary clas-
sifiers. Two widely used decomposition strategies are One-vs-Rest (OvR) and One-
vs-One (OvO) [175]:

2 https://www.mathworks.com/help/deeplearning/ug/compare-deep-learning-models-using-ROC-

curves.html
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Figure 8: 5-fold cross validation. Source scikit-learn3.

• OvR: Trains a distinct binary classifier for each label, treating that label as pos-
itive and all others as negative. This approach is easy to implement and works
well in many scenarios.

• OvO: Trains a separate classifier for each pair of labels. With K labels, one ends
up training K(K−1)

2 classifiers. Although it requires more models, this strategy
can sometimes improve results, especially when label interactions are impor-
tant.

To evaluate the generalization performance of a machine learning model by making
better use of the available data k-fold cross-validation is commonly employed [176].
It helps estimate how well the model will perform on unseen data while reducing
variability compared to a single train-test split. In this technique, the dataset is first
split into a training set (in most works 80% of the data) and a test set (the remaining
20%). The training set is then divided into k equally sized folds. During each of the
k iterations, one fold is held out for validation while the remaining (k − 1) folds are
used to train the model. This ensures that every fold is used once as the validation set.
The final performance is usually determined by averaging the chosen metric (such as
accuracy) over all k iterations. Figure 8, shows an example of 5-fold cross-validation:
after the initial training/test split, the training set is divided into five subsets, and the
model is trained and evaluated five times, each time using a different subset as the
validation set and the remaining four as the training set.

3 https://scikit-learn.org/stable/modules/cross_validation.html
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Unsupervised learning metrics

Clustering is difficult to evaluate, as we do not know the ground-true, i.e. we do
not have labeled data, to evaluate whether the clustering algorithm has grouped each
individual in the right cluster. However, there are some metrics that could give some
insight into how good the clustering is based on the distances between groups or the
balance between groups, or the density of individuals in each group. The three most
popular internal evaluation metrics in the literature [177] are silhouette coefficient,
calinski-harabasz score, and davies-bouldin index. All of these metrics are based on
distances between data points and are commonly used to evaluate the effectiveness
of any clustering algorithm, working especially well in algorithms that work with
distances, such as those included in the hierarchical, partitional, or spectral categories.

• Silhouette Coefficient (SC): measures the similarity, based on distances, of an
individual to its own cluster compared to other clusters [178]. The coefficient
value ranges between [−1, 1], where 1 represents a good clustering division and
a value close to −1 represents a poor division.

The silhouette coefficient of one data point i ∈ Ci is:

s(i) =
b(i)− a(i)

max{a(i), b(i)} i f |Ci| > 1, s(i) = 0 i f |Ci| = 1

Where Ci represents the cluster to which the data point i belongs, and |Ci| is the
cluster size, i.e. the total number of points contained in Ci.

a(i) =
1

|Ci| − 1 ∑
j∈Ci,i ̸=j

||j − i||, b(i) = min
k ̸=i

1
|Ck| ∑

j∈Ck

||j − i||

Where a(i) is the average distance between a data point i and all other data
points in the same cluster Ci, and b(i) is the average distance between a data
point i and all data points in the nearest cluster other than Ci.

For n the total number of data points, the global silhouette coefficient is defined
as:

SC =
1
n

n

∑
i=1

s(i)

• Calinski-Harabasz Score (CH): like the silhouette coefficient, measures how
similar an individual is to its group relative to other groups [179]. A higher
value minimizes the intracluster covariance of individuals and maximizes the in-
tercluster covariance. In cluster analysis, the within-group variance and between-
group variance can be calculated by sum-of-squares within a cluster (SSW) and
sum-of-squares between clusters (SSB) respectively.
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Sum of Squared Within (SSW): minimizes the distance between individuals in the
same cluster (cohesion).

SSW =
k

∑
i=1

∑
i∈Ci

||i − mi||2

where k is the number of clusters, i is a point of cluster Ci and m is the centroid
of a cluster Ci.

Sum of Squared Between (SSB): maximizes the distance between individuals from
different clusters (separation).

SSB =
k

∑
j=1

|Cj|||mj − x̄||2

where k is the number of clusters, |Cj| is the number of elements in a cluster j,
mj is the centroid of the cluster j and x̄ is the mean of the dataset.

The CH score is the division between both variances:

CH =
SSB(n − k)
SSW(k − 1)

where k is the number of clusters and n is the sample size.
• Davies-Bouldin Index (DBI): Small values indicate compact clusters with well-

differentiated centers that are far apart from each other [180].

DBI =
1
k

k

∑
i=1,i ̸=j

max(
σi + σj

||Cj − Ci||
)

where k is the number of clusters, σp is the average distance between each point
in a cluster p and the centroid of its cluster (with p ∈ {i, j}) and ||Cj − Ci|| is
the distance between the centroids of the two clusters.

These distance-based metrics may not be suitable for algorithms relying on the Expec-
tation Maximization (EM) method, such as the Gaussian Mixture algorithm, because
EM models data using probability distributions rather than distances among data
points. Consequently, we might see inaccuracies when comparing the performance
of such algorithms if we employ these metrics. Instead of distance-based metrics,
distribution-based algorithms typically use statistical criteria to decide the optimal
number of clusters or components that best fit the data [181].

• Information Criterion (IC): IC measures how well a statistical model fits the
data distribution while penalizing overfitting [182].

IC(k) = −2 · L(θ̂k) + cN · k
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where θk is the estimator of the parameter vector for the mixture model of order
k, L is the log-likelihood function, N is the number of observations, and cN is
an increasing function of N. The optimal number of clusters is the one that
minimizes the IC.

Below are two of the most well-known variations of IC used in the literature [183]:

• Akaike information criterion (AIC): AIC is a specific instance of the general
information criterion (IC), where cN = 2. This criterion is known for overesti-
mating the model order.

AIC(k) = −2 · L(θ̂k) + 2 · k

• Bayesian information criterion (BIC): Attempts to mitigate AIC’s tendency to
overestimate. The penalty term depends on the sample size N, so as N → ∞,
the penalty grows larger and avoids overestimating the mixture order as much
as AIC does [184].

BIC(k) = −2 · L(θ̂k) + log N · k

Data visualization

Data visualization is important in ML pipelines, as it helps to explore data statistics
and study the distribution of the data at any step of the pipeline [185, 37]. However,
this process is not limited to the steps of data acquisition and preparation [19]; it can
also be applied in the model evaluation step to make decisions about hyperparam-
eter settings, algorithms, and normalization used in ML pipeline. These graphical
visualizations facilitate the interpretation of the results and increase the explainabil-
ity of the models [186]. For example, the elbow method is used to visually determine
the optimal number of clusters by identifying the inflection point in the evaluation
curve [187]. Figure 9, shows an example of an elbow method graph in which the
optimal cluster number (in this example, four) achieved by a K-Means algorithm is
evaluated based on the distance between clusters. Similarly, the use of scatter and box
plots helps to show the clusters performed by clustering methods based on chosen
features. Histograms and radar plots in ablation studies clearly illustrate the changes
in performance when modifying or removing features [149, 188]. Combining these
visual techniques with metric evaluations allows researchers to optimize the configu-
ration and performance of the model [189].

2.5.6 Model deployment

After developing a ML model, it can be deployed into production using various tech-
niques:

• Containerization: This involves packaging the model and all its dependencies
into isolated environments, ensuring consistency across platforms [190].
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Figure 9: Elbow method for K-Means example. Source [32].

• Microservices Architecture: The application is divided into small, independent
services that are developed, deployed, and scaled separately, which enhances
flexibility and fault tolerance [191].

• Serverless Computing: This approach abstracts the underlying infrastructure
by dynamically allocating resources as needed, simplifying scalability and re-
ducing management overhead [192].

• Edge Computing: This technique deploys the model closer to the data source,
reducing latency and improving responsiveness in real-time applications [193].

These deployment techniques, although widely applied, fall outside the scope of this
thesis.
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3
O B J E C T I V E S

The objective of this thesis is to develop ML tools and methodologies to optimize ML
pipelines, with a specific focus on tourism data management in smart villages. To
this end, we set the following objectives:

1. Adapt smart city data collection to villages, adjusting it to the data and re-
source constrained environments. Evaluating how to deploy sensors in areas
with limited infrastructure, while ensuring that the data collected reflect travel
patterns and visitor behaviors of smaller communities.

2. Combine sensor data with contextual information to enrich data analysis. Ex-
ploring how data sources such as holiday calendars, vehicle provenance or socio-
economic factors can improve the analysis of tourism patterns.

3. Explore normalization methods and their influence on the performance of ML
algorithms according to data distribution. Evaluating statistical techniques
(such as min-max, z-score, MAD or ℓ2) in data preprocessing step and their
influence in different clustering models using visualization tools.

4. Identify the most important datasets sources through ablation studies. Ex-
panding the feature selection task in the data validation step, balancing algo-
rithms’ performance and data collection costs, while enhancing the explainabil-
ity of ML models.

5. Develop DL architectures that integrate attention mechanisms and work with
limited datasets. Designing NNs with self-attention and other layers to speed
up convergence, add nonlinearity to learning and avoid overfitting, directly ad-
dressing data-limited training problems.

6. Validate the ML algorithms and methodologies, designed on a case study
of rural tourism. Applying them to real problems or situations, testing the
proposed approaches in cases such as: identifying residents and tourists in
various groups according to their behavior, predicting the number of nights of
stay of vehicles entering a rural area, or classifying visitors who will revisit a
rural area from those who will not.
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4
M E T H O D O L O G Y

The development of this thesis follows a theoretical-practical methodology, combin-
ing the design of an IoT device infrastructure with the development of ML pipelines.
Therefore, we need a strategy that follows the guidelines of the traditional scientific
method, adapted to address the specific requirements of the study. The steps and
adaptations of the scientific method applied in this study are detailed below:

1. Review Literature: Conduct a systematic review of the most relevant publica-
tions on ML pipelines, data analysis, DL architectures, and smart villages.

2. Detect Research Gaps and identify Proposals: Identify specific areas that re-
quire further research based on the literature review. Identify proposals that
address these gaps.

3. Formulate Hypotheses: Define hypotheses that focus on applying ML pipelines
to integrate heterogeneous data sources and address challenges.

4. Refine Hypotheses Through Scientific Publications: Present hypotheses and
proposals at conferences, workshops, and forums, to gather feedback, refine
initial hypotheses.

5. Demonstrate Contributions via ML Pipelines:

• Develop ML Pipelines: Design and implement ML pipelines that integrate
collected data, including ablation studies, data preprocessing, model train-
ing, and validation steps.

• Assess Performance Metrics: Use key evaluation metrics such as accuracy,
precision, recall, F1-score, and AUC to measure the effectiveness of the
developed pipelines and individual models.

• Compare Benchmarks: Evaluate performance by comparing different mod-
els within the pipeline to highlight the strengths and weaknesses of each
approach.

• Validate in Real Environments with Sensor Data: Analyze collected data
through the ML pipeline to confirm the applicability of the proposed solu-
tions in real-world scenarios.
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Case study setup for validation

We determined the locations for installing LPR cameras by analyzing viewing angles,
lighting, and vehicular flow to maximize data capture and minimize costs. The vehi-
cle tracking infrastructure consists of four Hikvision LPR IP devices equipped with
vehicle detection sensors. These 2MP devices feature automatic number-plate recog-
nition (ANPR) with deep learning, a 2.8-12 mm varifocal lens, and a 50 m IR range.
We developed this infrastructure across three villages in the Barranco de Poqueira re-
gion (Pampaneira, Bubión, and Capileira) in Sierra Nevada, Granada, Spain. To cover
the entrances and exits of each village, we strategically positioned the four cameras,
as shown in Figure 10. The locations include (i) the entrance to Pampaneira from the
western part of the Alpujarra, (ii) the entrance to Pampaneira from the eastern part of
the Alpujarra, (iii) the entrance to Bubión via a single road, and (iv) the entrance to
Capileira via a single road. By leveraging the road structure, we monitor the mobility
of all vehicles circulating in the Poqueira area using only four LPRs. As Capileira
has no exit at the top, its entrance camera also monitors the exits from the munici-
pality. As there is only one road linking the municipalities of Capileira and Bubión,
the Capileira camera also functions as an exit camera for Bubión. This configuration
covers all the entrances and exits of every village, and consequently the vehicle move-
ments within each village, eliminating the need for six LPRs. After installation, we
continuously monitored and adjusted the cameras to ensure optimal performance.

Figure 10: Setup of the 4 LPR that obtain the data from the license plates of the vehicles.

We design a questionnaire consisting of 17-questions, and we conducted it in Pam-
paneira village. We collected 522 questionnaires by interviewing drivers in the park-
ing area, gathering demographic and behavioral data related to vehicle usage and
visitor patterns. The surveyor visually confirms the license plate numbers to ensure
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that the vehicle corresponds to the respondent. This information allows us to merge
the data from the questionnaires with the information collected by the LPRs. The
questionnaires took place in January, March, and July 2023, targeting a visitor pop-
ulation that excluded local residents. In order to maintain a proportion of visitors
surveyed equivalent to the existing percentage in the LPRs data, a prior analysis of
the origin of vehicles to the area was carried out based on the geographical location
and the Gross Domestic Product (GDP). The areas were defined as follows: Area 1

(Areas nearby with low GDP), Area 2 (Intermediate areas with low to medium GDP),
Area 3 (Intermediate areas with high GDP), Area 4 (Distant areas with high GDP),
and Area 5 (Distant areas with low GDP). The questions collected cover the following
points:

• One of the questions included was the intention to visit the area (in number of
visits) in the next 12 months.

• Six questions related to LPR information (entry time, estimated exit time, num-
ber of visits in the past year, overnight stays, license plate number, and residen-
tial postcode) functioned as control variables to validate the data against LPR
camera records.

• Eight questions which contains personal information such as age, gender, an-
nual income, education level, number of passengers, and employment status.

• Two tax-related questions: one about how much money visitors would be will-
ing to pay if a parking toll is installed in the area, and another about whether
they intend to visit under those circumstances.
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5
R E S U LT S

The results of this thesis are presented through several case studies, each of which
uniquely contributes to understanding and addressing the challenges of data collec-
tion and integration, assessing the explainability of features, or developing models
with limited datasets.

5.1 clustering pipeline for vehicle behavior in smart villages

This study focuses on developing a clustering process to analyze vehicle mobility in
a rural tourism region by integrating LPR sensor data with various heterogeneous
contextual data sources. The data processing pipeline comprises eight steps: data
collection, cleaning, fusion, normalization, dimensionality reduction, clustering, eval-
uation, and visualization. Although the previously presented ML pipeline consisted
of seven steps. In our proposal, we have discarded the model deployment step, as it
is outside the scope of the thesis. In addition, we have subdivided other steps, such
as normalization, dimensionality reduction (present in the preprocessing step) or vi-
sualization (separate from the evaluation step). These divisions allow us to analyze
more precisely the techniques present in each step within our pipeline. The valida-
tion step for example, we have subdivided it in two to address some challenges such
as the fusion of heterogeneous sources or data cleaning, which are important in our
case study.

Over a nine-month period, we gather data using four strategically placed LPR sensors,
resulting in more than 50,000 unique vehicle records enriched with contextual infor-
mation such as vehicle mobility during public holidays1 based on national and local
calendars, vehicle provenance information from the Spanish General Directorate of
Traffic (DGT)2, and socio-economic factors of vehicle origin obtained from the Span-
ish National Statistics Institute (INE)3. This publication details the design of the IoT
infrastructure for data collection, and defines the features we utilize in constructing
the study’s primary database, that we expand in the following works.

1 https://python-holidays.readthedocs.io/en/latest/
2 https://sede.dgt.gob.es/
3 https://www.ine.es/dynt3/inebase/es/index.htm?padre=7132&capsel=5693
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The integration of heterogeneous datasets, introduces a challenge that requires devel-
oping data engineering methods and cleaning process. Normalization serves as an
important component of the pipeline. We compare normalization techniques such
as min-max normalization, Z-score standardization, and MAD. For each normaliza-
tion method, we analyzed the cumulative variance for each component of the PCA.
ℓ2 obtained the highest cumulative variance, indicating that it retained the most in-
formation in only two components, followed by the min-max method. Z-score stan-
dardization and MAD obtained a higher value for a larger number of components,
which makes it difficult to visualize and explain the model, and will be eliminated
from further study. We evaluate various clustering algorithms, including K-Means,
Agglomerative clustering, DBSCAN, and Gaussian Mixture Models. Based on the ge-
ometry of data distribution and preliminary experiments, we select Gaussian Mixture
Models as the main model. We use the BIC and AIC metrics, along with the elbow
method, to determine the optimal number of clusters. Under min-max normalization,
the optimal model is achieved with seven components (BIC: –87,585, AIC nearly iden-
tical), while ℓ2 normalization reaches its best configuration with four components
(BIC: –269,828, with a corresponding AIC value). We found that min-max normal-
ization was the most effective for precisely segmenting individuals and analyzing
their visiting behavior in the area. It also excelled at identifying atypical behavior in
individuals who are not registered residents but behave like residents. Additionally,
ℓ2 normalization can be useful in specific cases where distinguishing the region of
origin is necessary. The results show that the choice of the normalization method
significantly affects clustering outcomes.

The experiments successfully identifies distinct behavioral patterns, such as short-
term tourists and long-term residents, and demonstrates the explainability of features
like visit frequency, total nights or distance traveled for these clusters. This analysis
could assist area managers in crafting tailored strategies to keep certain tourists, con-
sidering their income and origin, and promoting overnight stays. Additionally, these
patterns could inform policies to engage non-registered residents in the community,
such as tax breaks or social programs.

5.2 predicting overnights in smart villages : the importance of con-
text information

This publication extends prior work by employing other ML pipelines while tran-
sitioning from an unsupervised to a supervised learning paradigm for a classifica-
tion problem. The study explore the integration of contextual information with LPR
data to predict vehicle stay durations in rural tourist areas, measured by the num-
ber of overnights. The analysis is based on data collected over a 17-month period,
significantly extending the time-frame of the previous study. The 35 features that
composed the new dataset come from five different data sources: one base dataset
(extracted from the LPR database), one visit-specific calculated metrics dataset, and
three context datasets (holiday, socio-economic, and spatio-temporal vehicle entry).
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The study employed ML models such as decision trees, naive bayes, SVM, gradient
boosting models, and tabular transformers to build the predictive model. We carried
out hyperparameter optimization to select the most efficient models adapted to the
dataset’s features. Additionally, we applied various ensemble methods like stacking,
bagging, and voting to enhance model performance. Among the evaluated classifiers,
NN models such as MLP and TabNet and gradient boosting algorithms such as Light-
GBM, XGBoost, and CatBoost produced the best results. LightGBM delivered the best
performance, achieving an AUC of approximately 0.8012 and an F1 score of around
0.7273 on the test validation set. Gradient boosting algorithms also achieved faster
processing times in average compared to MLP and TabNet executions. Using differ-
ent ensemble strategies, we combined LightGBM, XGBoost, and CatBoost getting an
improvement in AUC, reaching up to 0.8025. Bagging experiments also showed that
using 200 estimators for XGBoost provided a result of 0.8024 AUC score, although at
a significant increase in processing time.

We incorporated an ablation study step into the pipeline for each designed dataset.
Unlike conventional ablation studies, which focus on assessing the contribution of
NN layers, our approach analyses the impact of datasets composed of different fea-
tures from a common information source. Our experiments show that removing less
relevant datasets reduced processing time by 22.2% and decreased model complex-
ity by 80%, with only a minimal impact on predictive performance (AUC decreased
by 0.01). Furthermore, this publication introduced a systematic methodology for
evaluating the contributions of features at the dataset level rather than individually,
thereby addressing a gap in traditional feature selection approaches. For instance,
socio-economic indicators such as gross income by vehicle provenance and entry con-
text features, such as the camera that detects the vehicle’s entry into the area or the
time of day when it occurs, significantly improved the model’s predictions. This re-
search is useful for scientists developing predictive models in the field of tourism.
By identifying the most important databases, our results guide them in strategically
allocating their resources to obtain and handle specific datasets. This becomes partic-
ularly advantageous when they encounter resource constraints concerning finances
and time allocation for a given project.

5.3 sasd : self-attention for small datasets – a case study in smart

villages

The third publication addresses the methodological challenge of working with small
datasets, a common limitation in rural tourism studies. This study introduces SASD
(Self-Attention for Small Dataset) architecture, a NN designed to leverage the lim-
ited data from visitor questionnaires. The model incorporates self-attention layers to
evaluate feature relevance, addressing challenges such as data sparsity and noise.

The architecture combines linear layers, batch normalization, dropout, and self-attention
mechanisms. From different ablation studies, we found that the best configuration
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of self-attention layers was at the beginning and at the end of the NN, optimising
the model’s ability to capture long-term dependencies and contextual relationships
between features. The study evaluated SASD by comparing its performance with
state-of-the-art algorithms, including widely used classification models such as ran-
dom forest, K-NN, and gradient boosting, as well as advanced DL models like RNN,
TabNet, and TabTransformer. Metrics such as precision, recall, F1-score, and training
time were used for benchmarking. To prove our proposal, we perform two additional
experiments. In the first experiment, we use a baseline multiclass NN without at-
tention. This architecture obtained the best F1-score, accuracy, precision and recall
results in 270 epochs, with a weighted average F1-score of 0.74. In the second ex-
periment, we added multi-headed attention layers in place of self-attention layers in
SASD, named Multihead-Attention Small Dataset (MASD), to introduce a paralleliza-
tion of the tasks. We used four heads of attention in the construction of MASD based
on experimentation with values between 2-64. This architecture obtained the best F1-
score, accuracy, precision and recall results in 210 epochs, with a weighted average
F1-score of 0.71. Algorithms such as RNN or LSTM, as well as TabTransformer or
TabNet, got worse results than the previously described architectures.

Specifically, SASD outperforms traditional classification algorithms by up to 3% on
the weighted average F1-score. Our configuration achieves a value of 0.75 for the
weighted F1 score metric. Additionally, this model has fewer epochs (converges only
in 120 epochs) and consequently a lower preprocessing time than the other NNs (up
to 32% faster than the baseline NN without attention version). The research also in-
cluded ablation studies to assess the impact of architectural components like ReLU
activation and dropout layers, demonstrating that their inclusion improved general-
ization and prevented overfitting. From a practical perspective, the SASD model was
applied to predict tourists’ intentionality to revisit within 12 months. The results
revealed patterns useful for marketing strategies and optimizing tourism infrastruc-
ture in smart villages. This study demonstrates the potential of integrating attention
mechanisms into NNs for small datasets, addressing a critical need in ML research
for rural contexts.
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6
C O N C L U S I O N S

This thesis presents a methodology aimed at developing ML pipelines to collect, an-
alyze and evaluate the behavior of vehicles in smart villages. The approach encom-
passes the entire workflow, from data acquisition and dataset construction using LPR
cameras integrated with various contextual data sources, to the creation of various
ML models with the merged data. The techniques presented in this methodology
address the challenges inherent in rural environments and effectively achieve each of
the objectives presented in the dissertation.

The first objective focused on extrapolating the sensor data collection design used in
smart cities to the context of smart villages. To this end, we designed an IoT infras-
tructure using a minimal number of LPR cameras. By leveraging the road layout, a
single camera can monitor both the entrance of one village and the exit of another,
thereby reducing the number of devices needed to four. After collecting the data,
we validated it and compiled it into a dataset that forms a strong foundation for fur-
ther analysis and model development. In addition, to adapt our solutions to rural
environments with limited infrastructure, we developed the SASD architecture. This
model performs well with limited data, significantly reducing the time and resources
required for tasks such as survey data collection. Finally, we conducted ablation stud-
ies to identify the most influential datasets, further minimizing the expenditure of
invested resources.

The second objective was to improve the quality and depth of the data by integrating
various heterogeneous sources of contextual data. This integration was intended to
complement the information collected by the LPR cameras with additional data that
would allow for a more comprehensive analysis of vehicle mobility patterns in the
area. Contextual datasets included national holidays, vehicle provenance information,
and socio-economic indicators. In addition, on-site questionnaires were conducted to
enrich the dataset, providing a deeper understanding of visitors mobility behaviors.
The resulting dataset has been used to solve different problems using ML models,
obtaining in all cases better results than those that would have been obtained only
using LPR data.
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The third objective focused on normalization. We first conducted an analysis of the
distribution of the data and its geometry. We explored various normalization algo-
rithms; including min-max, Z-score standardization, ℓ2, and MAD to assess their
impact on data distribution and model behavior. To achieve this, we applied the four
most common normalization techniques and conducted PCA analysis accounted for
most of the variance regardless of the method. An exploratory visual analysis of the
first two components revealed that min-max and ℓ2 normalization yielded notably dif-
ferent data clusters. Z-score and MAD required more than two components, compli-
cating model visualization and explanation, so they were excluded from subsequent
analysis. In particular, min-max normalization proved most effective for detailed seg-
mentation of individuals and for detecting atypical behaviors such as individuals not
registered as residents but exhibiting resident-like patterns while ℓ2 normalization
may be advantageous in scenarios where distinguishing the region of provenance is
important.

The fourth objective was identifying and analyzing the most influential features and
sources of data within the dataset. This was done by assessing the explainability of
features in unsupervised models using cluster analysis, which helped us assess the
impact of each feature on every cluster. In addition, ablation studies were performed
on each dataset of the data collected to assess their importance in different classifica-
tion models. This analysis allowed the identification of essential data sources, thus
eliminating data collection efforts that would entail excessive monetary and time costs
without providing substantial analytical value.

The fifth objective was to create deep learning models to improve predictions with
small datasets. We developed a transformer-based model for tabular data, called
SASD. The SASD model demonstrated superior performance to other popular classi-
fication algorithms when applied to the limited dataset composed in part of responses
obtained from questionnaires. The results highlight the potential of advanced deep
learning techniques and self-attention layer aggregation in data-limited scenarios.

The last objective focused on validating the developed ML pipelines in real rural
tourism flow scenarios. All ML pipelines in the paper were built and tested using
real data collected from sensors deployed in a real smart village environment. This
validation process not only employed different ML algorithms adapted to various
learning paradigms, but also ensured that each learning task addressed significant
issues relevant to policymakers managing rural areas.

other publications derived from the thesis

In addition to the published articles that support this thesis as a compendium, two
additional JCR-indexed works related to open source data and software, as well as
open datasets and conference papers1.

1 Displayed citation, download, and indicator counts reflect data up to April 22, 2025.
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Data publication

The first JCR publication presents a dataset for vehicle tracking in the Barranco de
Poqueira region using four LPR cameras. The dataset, covering February to October
2022 (now updated until August 2023), includes raw data, visit-level aggregation, and
vehicle-level aggregation enriched with contextual information, making it valuable
for mobility, urban planning, tourism, and socio-economic studies.

[i] Bolaños-Martinez, D., Bermudez-Edo, M., Garrido, J. L., & Delgado-Márquez, B.
L. (2024). Spatio-temporal dynamics of vehicles: Fusion of traffic data and context in-
formation. Data in Brief, 53, 110084. [JCR ESCI 2023 - JIF Q3; IF 1.0]. DOI: https:
//doi.org/10.1016/j.dib.2024.110084. Number of citations: 1 (Source, Google
Scholar).

In addition to this data paper, other open datasets have been published on Zenodo 2,
including raw datasets for questionnaires and LPRs, as well as an additional dataset
with the intersection of both.

[ii] Bolaños-Martinez, D., Bermudez-Edo, M., Garrido, J. L., Delgado Márquez, B. L.,
Urriza, J. I., & Aragon-Correa, J. A. (2023). Federation of Vehicular Data in Smart Vil-
lages with Socioeconomic Information. Federation of Vehicular Data in Smart Villages
with Socioeconomic Information. DOI: https://doi.org/10.5281/zenodo.14262136.
Number of downloads: 320. Number of citations: 1 (Source, Google Scholar)

[iii] Urriza, J. I., Bolaños-Martinez, D., Delgado Márquez, B. L., Garrido, J. L., Bermudez-
Edo, M., & Aragon-Correa, J. A. (2023). PorqueiraSurveys: A Dataset on Economic
Impact Surveys in the region of Barranco del Poqueira in the Alpujarra Granadina.
PorqueiraSurveys: A Dataset on Economic Impact Surveys in the region of Barranco
del Poqueira in the Alpujarra Granadina. DOI: https://doi.org/10.5281/zenodo.
8328348. Number of downloads: 13. Number of citations: 1 (Source, Google Scholar)

[iv] Bolaños-Martinez, D., Urriza, J. I., Delgado Márquez, B. L., Garrido, J. L., Bermudez-
Edo, M., & Aragon-Correa, J. A. (2023). PoqueiraVehicleLPR: A Dataset of Vehicle
Detection Sensors in the region of Barranco de Poqueira in the Alpujarra Granad-
ina. PoqueiraVehicleLPR: A Dataset of Vehicle Detection Sensors in the region of
Barranco de Poqueira in the Alpujarra Granadina. DOI: https://doi.org/10.5281/
zenodo.8356386. Number of downloads: 12. Number of citations: 0 (Source, Google
Scholar).

[v] Durán-López, A., Bolaños-Martinez, D., Bermudez-Edo, M., Delgado Márquez,
B. L., & Aragon-Correa, J. A. (2024). Smart Poqueira: Predicting Rural Parking Lot
Feasibility with Sensor-Questionnaire Integration. Smart Poqueira: Predicting Rural
Parking Lot Feasibility with Sensor-Questionnaire Integration. DOI: https://doi.
org/10.5281/zenodo.11112791. Number of downloads: 67. Number of citations: 0

(Source, Google Scholar).

2 https://zenodo.org/
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Software publication

The second JCR publication, where the author is listed as the second, introduces
RouteRecoverer, a tool to address LPR sensor limitations by reconstructing vehicle
routes and recovering missing license plate digits, improving data quality and filling
gaps in routes caused by incomplete detections.

[vi] Durán-López, A., Bolaños-Martinez, D., Delgado-Márquez, L., & Bermudez-Edo,
M. (2024). RouteRecoverer: A tool to create routes and recover noisy license plate
number data. Software Impacts, 20, 100636. [JCR ESCI 2023 - JIF Q3; IF 1.3]. DOI:
https://doi.org/10.1016/j.simpa.2024.100636. Number of citations: 0 (Source,
Google Scholar).

Conferences

Additionally, several research and dissemination works have been presented at na-
tional and international conferences during the development of the thesis.

One such work, presented at 14th International Conference on Ubiquitous Comput-
ing and Ambient Intelligence (UCAmI 2022). This preliminary study on traffic data,
which was later utilized in the first publication, involved initial data analysis using
clustering algorithms and the construction of a simplified version of the dataset that
was ultimately used for the main research.

[vii] Bolaños-Martinez, D., Bermudez-Edo, M., & Garrido, J. L. (2022, November).
Clustering study of vehicle behaviors using license plate recognition. In Interna-
tional Conference on Ubiquitous Computing and Ambient Intelligence (pp. 784-795). Cham:
Springer International Publishing. DOI: https://doi.org/10.1007/978-3-031-21333-
5_77. Number of citations: 4 (Source, Google Scholar).

Another work, presented at Jornadas sobre la Enseñanza Universitaria de la Infor-
mática (JENUI 2023) conference. Although the topic is related to education, specif-
ically a role-based active and collaborative learning methodology, it employed data
visualization tools (e.g., boxplots and radar plots) and statistical tests such as the
Kruskal-Wallis test to analyze the results.

[viii] Bolaños-Martinez, D., et al. “Un enfoque innovador para el aprendizaje activo
y colaborativo basado en juegos de rol”. En: Cruz Lemus, José Antonio; Medina
Medina, Nuria; Rodríguez Fórtiz, María José (eds.). Actas de las XXIX Jornadas
sobre la Enseñanza Universitaria de la Informática, Granada, 5-7 de julio de 2023.
Granada: Asociación de Enseñantes Universitarios de la Informática, 2023, pp. 335-
342. URI: http://hdl.handle.net/10045/137219. Number of citations: 1 (Source,
Google Scholar).
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7
F U T U R E W O R K

In the future, we plan to expand our work by refining NN proposed architectures,
experimenting with new visualization and explainability methods, integrating addi-
tional sensors in our designed infrastructure, and implementing federated learning
techniques.

We will test the SASD model on datasets beyond the tourism case. We plan to use
publicly available benchmark datasets recognized by the research community, repre-
senting various scenarios with and without data constraints. Furthermore, we will
evaluate alternative DL methods by comparing our model’s performance against both
classic algorithms and the state-of-the-art techniques available at the time.

We will enhance our techniques for visualizing dense data by developing tools that
reveal more complex relationships between data points. By combining clustering
algorithms with fuzzy logic, we aim to establish clear boundaries between groups
that follow distinct patterns, to improve classification models in tasks involving the
separation of data points with close features. Additionally, we will integrate explain-
ability tests such as SHAP, Local Interpretable Model-agnostic Explanations (LIME),
and other approaches to clarify how the model makes decisions.

We will expand our IoT infrastructure by integrating new types of sensors. For in-
stance, we plan to add sensors that count people, monitor weather conditions, control
air quality, or measure waste levels in the area. We will explore innovative methods
for fusing these heterogeneous data sources into a cohesive system that satisfies the
specific requirements of each sensor.

We plan to integrate federated learning into our model training process, enabling
distributed analysis of local data while preserving privacy. To this end, we intend
to collaborate with tourism experts and policymakers in other geographic areas to
incorporate their data and knowledge into our system. We will use their feedback to
refine our methods, and we will develop case studies that document the deployment
process and illustrate how our system adapts to real-world challenges to serve as an
example for the rest of the scientific community working in the field of smart villages.
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Abstract

Smart cities and villages present a plethora of opportunities for fusing and managing multi-source data. However, in
the analysis of mobility patterns, the use of only one data source (i.e., road sensors) without considering other contex-
tual data sources, limits the understanding of the process. To address this gap, we propose a pipeline that integrates
multiple data sources, providing valuable information for pattern extraction, mainly based on vehicle mobility behav-
ior and provenance. Our research also highlights the critical role of selecting the appropriate normalization algorithm
to scale input features from heterogeneous data sources, which has not received sufficient attention in the literature.
We conducted our analysis using data from four License Plate Recognition (LPR) cameras, spanning nine months, and
incorporating several databases that include provenance, gross income, and holiday information, resulting in a dataset
of over 50,000 vehicles. Using this data and our clustering pipeline, we identified various traffic patterns among
residents and visitors in a rural touristic area. Our findings assist data analysts in choosing algorithms for analyzing
heterogeneous datasets. Moreover, policymakers could use our results to adjust the resources, such as new parking
zones.

Keywords: Internet of Things (IoT), sensors, clustering, smart villages, explainability

1. Introduction

Currently, there are 13.4 billion Internet of Things
(IoT) devices. Statista predicted that this figure will in-
crease to 29.4 billion by 20301. These devices form an
interconnected network that produces extensive data in
numerous social domains. Access to a large volume of
data collected by various sensors makes it possible to su-
pervise and manage different aspects of society, including
evacuation systems, smart environments, and transporta-
tion [1, 2, 3, 4]. This trend boosted cities to deploy sen-

∗Corresponding author.
Email addresses: danibolanos@ugr.es (Daniel

Bolaños-Martinez), mbe@ugr.es (Maria Bermudez-Edo),
jgarrido@ugr.es (Jose Luis Garrido)

1https://www.statista.com/statistics/1183457/

iot-connected-devices-worldwide/

sor networks and IoT platforms, for example, to monitor
the flow of vehicles on their roads. The data obtained by
these sensors have led to numerous studies in several ar-
eas, such as traffic behavior [5, 6, 7, 8]. Extracting and
combining information from multiple sources, not only
sensor data, but also information stored on the Internet,
can lead to a better understanding of the problem to be
solved. For instance, traffic in cities is partially depen-
dent on local holidays. Some approaches have enhanced
the analysis of traffic data (from vehicle counter sensors)
with context information to understand the traffic condi-
tions on roads using events data, parking information, or
weather conditions [9, 10].

However, most solutions using License Plate Recogni-
tion (LPR) sensors [11, 12] did not use additional contex-
tual datasets. Only few works combine LPR with location
information [13, 14], but none of them include other con-
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textual information. They also did not explore calculated
variables that enhance the raw data, such as distance trav-
eled or visit frequency. Furthermore, in traffic analysis
works [15], and in ML pipelines, in general, [16, 17], the
normalization stage was understudied. They usually ap-
ply one normalization method without studying the suit-
ability of that method. Moreover, the smart city trend had
yet to reach villages, as the solutions found for large cities
did not always apply directly to small villages. For exam-
ple, solutions monitoring traffic behavior in large cities
with numerous streets and several traffic lines in some av-
enues do not extrapolate to villages with mostly pedes-
trian streets and just one road with a single lane in each
direction. Additionally, even if we try to add some ex-
planation to the behavioral cluster in smart villages, the
residency of vehicle owners is not straightforward. Re-
cent movements of people relocating from cities to vil-
lages or spending extended periods in second residences
have made actual residency information unclear in rural
areas.

The contribution of this article was twofold. First, we
explored the integration of LPR sensor data with contex-
tual information from multiple sources (such as holidays,
provenance, or demographic information). One of these
sources incorporated data on the origin of each vehicle,
which could enhance the results by adding the economic
status of the region of origin or the distance traveled to
reach the area. Second, we conducted an exploration of
different normalization algorithms. To achieve that, we
utilized various visualization tools to determine the opti-
mal algorithms based on empirical tests.

In particular, this paper proposes a clustering pipeline
based on vehicle behavior in small villages, with infor-
mation from license plate recognition (LPR) devices and
contextual information, such as owners’ residence loca-
tion. We applied the study directly to each individual (ve-
hicle) and defined their spatio-temporal behavior based on
their spatial frequencies of visitation. To that end, we
fused several datasets and calculated new valuable vari-
ables such as the time spent in the area; total distance
traveled there, etc. Our pipeline comprised eight steps:
data collection, cleaning, fusion, normalization, dimen-
sionality reduction, clustering, evaluation, and visualiza-
tion. We applied the proposed pipeline to a touristic rural
region, with the problems mentioned above of a single
small road and the lack of reliable residency information.

We paid special attention to optimizing the normalization
algorithms to our data. Furthermore, we analyzed the re-
sults with residential information and identified the vari-
ables that had the most influence on each cluster. With
this information, we explained the behavior patterns of
each cluster.

Our results are useful for policymakers to improve
tourism policy and bring benefits to the area. For exam-
ple, policymakers could tailor parking fees in the area by
identifying visitor clusters and their average stay duration.
They could also designate schoolyards or streets for park-
ing during peak tourist periods to reduce road congestion.
This work is also useful for developers and data scientists
to formalize and choose the clustering and normalization
algorithms for their analyses.

The remainder of the paper is organized as follows. In
Section 2 related work is summarized. Section 3 presents
the theoretical bases discussed throughout the paper, de-
scribing the main normalization and clustering algorithms
and metrics. Section 4 presents the unsupervised learning
pipeline, including a background of the use case, the sen-
sor setup, and the different sources of information used
for the construction of the dataset, and Sections 5 and 6
show the analysis and discussion of the results. Finally,
Section 7 concludes the paper.

2. Related Work

The concept of information fusion has been applied to
the specific problem of tourism flows and smart cities.
These approaches used data analysis techniques to com-
bine multiple sources of information, providing valu-
able insights for developing smart tourism applications
in cities and designing sustainable environments. Smart
city applications were built on top of data, and data fusion
provided a wide variety of techniques to improve the input
data for an application [18]. Examples of these techniques
included data association, state estimation, unsupervised
machine learning, or statistical inference. For example,
combining different tourist information was used to pre-
dict the tourist flow with graph neural networks [19]. The
data used in the solution were composed of tourist infras-
tructure information, such as camping and tourist hous-
ing from OpenStreetMap and the National Statistics In-
stitute (Spanish: Instituto Nacional de Estadistica, INE);
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reports released by the Spanish Ministry of Transporta-
tion (SMT); and human mobility data, including the num-
ber of movements between administrative areas per hour
extracted from geotagged Twitter data. Most of these ap-
plications were focused either on user recommendations
or tourist flow, but little attention was paid to studying the
individual behavior of the tourist inside an area (for a de-
tailed survey, see [20, 18]).

The increasing deployment of IoT platforms in smart
cities has boosted the proliferation of sensors, including
those that monitor traffic. These sensor data allow us to
analyze vehicle behavior. The most common works in this
area were to analyze mobility patterns in order to improve
traffic congestion [5, 7], and to aggregate vehicles to ob-
tain useful conclusions for urban management [21, 6].

To infer mobility patterns from raw data, unsuper-
vised ML has been widely adopted. Clustering analy-
sis was used to detect behavioral patterns in the field of
pedestrian-vehicle mobility, and in the field of indoor-
outdoor (IO) positioning systems [22]. Algorithms such
as GaussianMixture were used to perform segment anal-
ysis, where individuals were defined by their movement
routines, and the data was related to the frequency and
period of stay in different areas. From the movement in-
formation provided by smart cards, several papers applied
this algorithm to identify market segments based on tem-
poral travel patterns [23], defined tourist patterns based on
frequency and areas where transactions were made [24],
or identified changes in functional areas of cities over time
[25].

Some studies highlighted the importance of employ-
ing normalization techniques, such as in the context of
time series analysis [26, 27]. In the field of pattern ex-
traction, and specifically in other clustering frameworks,
some works use one normalization [15, 17, 16]. However,
to the best of our knowledge, no work has studied the in-
fluence of using different normalization algorithms.

Few works related to clustering analysis in mobility use
LPR cameras as the main source of information [28]. For
example, [28] analyzed commuting patterns by construct-
ing the spatio-temporal similarity matrix using the Dy-
namic Time Warping (DTW) algorithm and subsequently
analyzed the characteristics of commuting patterns with
the density-based spatial clustering of applications with
noise (DBSCAN) algorithm. Similarly, [12] analyzed the
change in traffic patterns during the pandemic using K-

Means. However, none of these works combined LPR
data with vehicle provenance nor studied the touristic be-
havior of the vehicle.

3. Fundamentals

In clustering pipelines, besides choosing the right al-
gorithm and evaluation metrics, sometimes other analy-
ses are needed. For example, to analyze attributes in dif-
ferent scales, such as nights ranging from 0 to 269 and
gross income per capita from 12,638 to 79,327, we had
to normalize them first. Sometimes, it is worth reducing
the dimensionality to simplify the data matrix and facil-
itate their understanding by the human mind [29]. The
most used dimensionality reduction algorithm is Princi-
pal Component Analysis (PCA), and it can be used with
at least five variables and five samples [30]. Data distribu-
tions come in various shapes (scattered, curved, flat), and
understanding this geometry can help choose appropriate
clustering algorithms.

3.1. Main clustering algorithms

Unsupervised machine learning automates the knowl-
edge discovery process without needing labeled or pre-
viously classified data [18]. Most taxonomies group the
algorithms into at least five categories [31], although we
have identified seven, as some of them did not fit in the 5
elements taxonomy:

• Partitional Clustering: decomposes a dataset into
distinct clusters through an iterative process of dis-
tance calculations between individuals.

• Hierarchical Clustering: constructs clusters in ei-
ther an agglomerative or divisive manner by adding
or removing individuals, respectively.

• Density-based Clustering: identifies dense regions
of objects in the data space separated by low-density
regions.

• Distribution-based Clustering: creates clusters
based on the probability that each individual belongs
to the same distribution.

• Grid-based Clustering: divides the space into a fi-
nite number of cells.
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• Message-Passing Clustering: creates clusters by
exchanging messages between different data points
until convergence.

• Spectral Clustering: uses the spectral radius of a
similarity matrix of the data in a multidimensional
problem.

Table 1 shows the main algorithms in each category de-
scribed in this section, and examples of applications for
each algorithm, in the field of mobility pattern analysis in
the last three years (2020-2023).

3.2. Clustering performance

The three most popular internal evaluation metrics
in the literature [44] are silhouette coefficient, calinski-
harabasz score, and davies-bouldin index. All of these
metrics are based on distances between data points and are
commonly used to evaluate the effectiveness of virtually
any clustering algorithm, working especially well in algo-
rithms that work with distances, such as those included in
the hierarchical, partitional, or spectral categories.

These distance-based metrics may not be suitable for
algorithms that use the Expectation Maximization (EM)
method, such as the GaussianMixture algorithm. This is
because the EM method models the data using probabil-
ity distributions rather than distances between data points.
Therefore, we might get some imprecision when compar-
ing the performance of algorithms of this type if we use
these metrics. Instead of using distance-based metrics,
distribution-based algorithms typically use statistical cri-
teria to determine the optimal number of clusters or com-
ponents that best fit the data [45]. One of these metrics is
the information criterion (IC), which measures how well a
statistical model fits the data distribution while penalizing
overfitting [46].

IC(k) = −2 · L(θ̂k) + cN · k (1)

where θ̂k is the estimator of the parameter vector relat-
ing to the mixture model with order k, L the log-likelihood
function, N the number of observations, and cN an in-
creasing function of N. The optimal number of clusters
is the one that minimizes the IC.

The following are two of the best-known variations of
information criteria used in the literature [47]:

• Akaike information criterion (AIC): AIC is a par-
ticular specification of the general information crite-
rion (IC), in which cN = 2. This criterion is known
to overestimate the order of the model.

AIC(k) = −2 · L(θ̂k) + 2 · k (2)

• Bayesian information criterion (BIC): Tries to
overcome the overestimate of AIC. The penalty term
depends on the sample size N, so as N → ∞ the
penalty is larger and does not overestimate the order
of the mixture as much as AIC does [48].

BIC(k) = −2 · L(θ̂k) + log N · k (3)

3.3. Principal Component Analysis

The Principal Component Analysis (PCA) method con-
denses the information provided by multiple variables
(X1, . . . , Xp) from a given sample into a smaller num-
ber of variables, finding a number s of underlying fac-
tors that explain approximately the same variance as the
original variables with s < p. Each of the new variables
(Z1, . . . ,Zp) are called principal components, which are
linear combinations of the original variables. We define
each Zi as:

Zi = Φ1iX1 + Φ2iX2 + . . . + ΦpiXp (4)

Each Φ represents the weight or importance that each
variable Xi has in each Zi and, explains the information
collected by each of the principal components [49]. It is
advisable to apply prior normalization to the data, since
this method is highly sensitive to variables of different
scales. Furthermore, the PCA only works with numeri-
cal data, so it is necessary to perform a previous prepro-
cessing on categorical variables that may exist in the input
dataset [50].

3.4. Normalization

Normalization compresses or expands the values of
each variable to fit them in the same range of values, nor-
mally [0,1], or [-1, 1], making them comparable in subse-
quent processes (PCA or ML algorithms). The choice of
the normalization algorithm usually depends on the spe-
cific application and the dataset used, as different methods
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Clustering Category Algorithms Application Related work

Partitional
K-Means, MiniBatchKMeans,
ISODATA

Target classes,
analyze patterns [12, 15, 32]

Hierarchical
Agglomerative clustering,
Divisive clustering, BIRCH

Behavioral patterns,
feature extraction [33, 34, 35]

Density-based
DBSCAN, OPTICS,
HDBSCAN, MeanShift

Complexity reduction,
anomaly detection [7, 36, 28, 37]

Distribution-based Gaussian Mixture
Density estimation,
outlier detection [23, 24, 25]

Grid-based
STING, WaveCluster,
CLIQUE

Spatial-based
segmentation Not found

Message passing-based
Affinity Propagation,
IWC-KAP, ScaleAP

Clustering indoor
location patterns [38, 39, 40]

Spectral Spectral Clustering, ASC
Graph partitioning,
image segmentation [41, 42, 43]

Table 1
Examples of works using clustering to infer mobility pattern in 2020-2023.

may yield different results and interpretations. For exam-
ple, in clustering analysis, normalization can be particu-
larly important for comparing similarities between char-
acteristics based on certain distance measures. Among
the most commonly used normalization methods are min-
max normalization and z-score standardization [51, 52].
We have also tested two other methods that are commonly
used in the literature [53, 54] and occasionally produce
better results than min-max or z-score.

1. Min-max normalization: Uses the minimum and
maximum in the attribute domain to normalize the
values to the interval, [0, 1] keeping the distances for
each data point X.

X′ =
X − Xmin

Xmax − Xmin
(5)

2. Z-score standardization: scales the values so that
the mean (µ) of the data domain is 0 and the standard
deviation (σ) is equal to 1.

X′ =
X − µ
σ

(6)

3. Median Absolute Deviation (MAD) normaliza-
tion: normalizes the data such that the median of
each attribute is 0 and the median absolute deviation
is equal to 1.

X′ =
X − median(X)

MAD(X)
(7)

Where median(X) is the median of the values in at-
tribute X, and MAD(X) is the median absolute devi-
ation of X.

4. ℓ2 normalization: normalizes the data by dividing it
by its Euclidean norm. This ensures that all feature
vectors have the same length and is commonly used
in machine learning and information retrieval. The
formula for ℓ2 normalization is shown below:

X′ =
X
||X||2 (8)

Where ||X||2 is the Euclidean norm of, X given by√∑n
i=1 X2

i .

3.5. Dataset geometry

In data analysis, we refer to flat and non-flat geome-
try as the measurement of distances between points by
Euclidean or non-Euclidean geometric methods, respec-
tively. In flat geometry, the distance is measured follow-
ing a straight line between two points, while in non-flat
geometry, the distance is measured following a curve. We
can detect whether our data follow flat or non-flat geom-
etry by representing the data in a scatter plot, where each
point represents an individual in the population. Visu-
ally we can only represent 3 dimensions, which normally
are the most representative variables of the cluster, or the
firsts principal components of a dimensional reduction al-
gorithm. If the resulting figure shows a roughly circular,
rectangular, or elliptical shape, the data are likely to fol-
low a flat geometry. However, if the figure has an irregu-
lar, twisted, or folded shape, the data are likely to follow
a non-flat geometry. From different studies [55], it has
been found that partitional or distribution category clus-
tering algorithms work best with data cases that follow a
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flat geometry, while density-based and message-passing
algorithms work best with non-flat geometries.2

4. Clustering Pipeline

We designed an information fusion pipeline to analyze
vehicle behavior that divides the analysis into different
stages. In general, the pipeline begins with extracting
and collecting data from heterogeneous sources and fi-
nally produces a grouping result from a clustering model
based on the decisions made along the pipeline (see in
Fig. 1). Table 2, describes the different stages proposed
in the pipeline and the experimental values considered in
each stage. The pipeline consists of the following stages:
data collection, data cleaning, data fusion, preprocessing,
dimension reduction, clustering, evaluation, and visual-
ization.

4.1. Background
Recent years have seen a growing trend of urban ex-

odus, with many people leaving the cities searching for
a quieter life. This trend has been boosted by COVID-
19 [56]. With the rise of telecommuting, this trend is
likely to continue in the future. These migratory flows
include both foreign immigrants and the arrival of res-
ident citizens from other parts of the country [57]. In
our use case, we take data from 3 small villages in the
Alpujarra, an area close to a national park, and attracting
tourists from diverse backgrounds [58]. It is especially
favored by local and foreign retirees and “neo-rurals”, in-
dividuals drawn by environmental concerns or a quieter
lifestyle, often becoming residents for extended periods
[59]. These groups, referred to as “false residents” [60]
or non-registered residents, maintain their vehicle regis-
trations from previous residences. Understanding the pat-
terns of the vehicles in the zone is the first step to generat-
ing suitable policies to preserve the area’s sustainability.

4.2. Data collection
The main source of information for our work was

the vehicle tracking system, particularly the license plate
recognition (LPR) cameras. The data were collected by

2https://scikit-learn.org/stable/modules/

clustering.html

four Hikvision LPR IP devices with Automatic number-
plate recognition (ANPR) based on Deep Learning. The
devices have a 2MP resolution, 2.8-12 mm varifocal op-
tics, and IR LEDs with a range of 50 m.

To cover the entrances and exits of each village in the
target area, we strategically positioned the four cameras,
as shown in Fig. 2. The locations were (i) entrance to
Pampaneira from the western part of the Alpujarra, (ii)
entrance to Pampaneira from the eastern part of the Alpu-
jarra, (iii) entrance to Bubión via a single road, and (iv)
entrance to Capileira via a single road. By taking advan-
tage of the road structure, we could monitor the mobility
of all vehicles in the area using only four LPRs, minimiz-
ing the cost and complexity of the system. The informa-
tion collected by the cameras was stored on a cloud plat-
form. The rest of the data were collected from different
datasets described in Section 4.4.

4.3. Data Cleaning
In the field of the IoT, the production of sensor data can

often be inaccurate and lead to the loss of some records.
In our case, we presented two cleaning steps for the main
dataset (LPR cameras). The first step, “license plate
matching”, aimed to reduce the error rate of incomplete or
wrongly detected license plates by the LPRs. About 2% of
the stored 1,050,760 records had missing values in the li-
cense plate number. For example, if we had a record with
a correct license plate 0000AAA, and another record with
the value 0#00AAA, missing the second digit, we could,
by probability, infer that both records belong to the same
plate number and assign the correct value, 0000AAA, to
both records. In our case, we assigned the same plate
number to all those records whose license plate matches
at least four characters out of seven in the same position.
The second step, “route recovery”, aimed to reduce the
percentage of vehicles not detected by any LPR device.
These errors occurred when the camera did not detect a
vehicle that passes through the road. This error was diffi-
cult to detect, but in our setup, if a vehicle moves on the
road from camera 1 to 3, and camera 2 (in the middle of
the unique road connecting cameras 1 and 3), did not de-
tect the car, we could infer that the car has passed through
camera 2. In our process, if the vehicle was detected in
less than 30 minutes in two non-consecutive cameras, our
system infers that the vehicle is still in the area and calcu-
lates its time of stay based on the new registered values.
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Fig. 1. Overview of the clustering pipeline.

Fig. 2. Setup of the 4 LPR that obtain the data from the license plates of the vehicles.
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Stage Configuration parameters Experimental values

Data Collection
Data collection

from different sources
Storage in own BD and
external IoT platform

Data Cleaning
Recovery and treatment

of lost data

1. License plate matching
2. Recover movement of vehicles not

detected by any camera in their total route

Data Fusion
Fusion of information data

and feature extraction Detailed process in Table 3

Preprocessing Normalization methods
Min-max normalization, z-score standarization,

MAD normalization, ℓ2 normalizacion

Dimension reduction
Dimension reduction

techniques Principal Component Analysis (PCA)

Clustering Clustering algorithms

K-Means, MiniBatchKMeans,
Agglomerative clustering, BIRCH,
DBSCAN, HDBSCAN, MeanShift,

Gausian Mixture, Spectral Clustering

Evaluation Evaluation metrics

Silhouette, Davies–Bouldin,
Calinski–Harabasz, number of clusters,

Bayesian Information Criterion,
Akaike Information Criterion

Visualization Visualization plots
box plot, scatter-plot,

elbow method, PCA variance plot

Table 2
Configuration of each stage of the pipeline with the values used in this study.

4.4. Data Fusion

Combining data from provenance, mobility in the area,
and the holiday calendar offered the opportunity to gain an
understanding of the region, its inhabitants, and visitors.
This section explains each source of information and the
feature extraction and construction process of each dataset
to allow the merging. We will detail the structure and
variables obtained for each data source, creating a joint
database. Table 3 schematically shows the information
fusion process we followed.

License Plate Recognition Data
The LPRs return information on four variables: the

vehicle license plate (license plate), the time stamp
(time stamp), and a variable (direction) indicated as “IN”
when a vehicle enters the village or “OUT” when it ex-
its. Each camera is uniquely identified by its (cam-
era id). The dataset contains information for nine months
(February to October 2022). In total, we have 1,050,760
records, of which 25.69% correspond to the camera PAM-
PANEIRA 1 (i), 29.25% to PAMPANEIRA 2 (ii), 19.16%
to BUBION (iii) and 25.9% to CAPILEIRA (iv) (see in
Fig. 2). We grouped the records based on the new ve-
hicle identifier (num plate ID), taking into account the
mobility behavior of each vehicle. For each vehicle, we
built a record per each time the vehicle visits the area,
containing the date of entry (entry time stamp) and exit

(exit time stamp) to the area and a list of all the cameras
(route) by which it has been registered during its stay,
this allows us to calculate the total distance traveled in
kilometers (total distance). This calculation is based on
the road distance between each installed device, which
we recorded in a small dataset. By summing up the dis-
tances between the cameras that a vehicle has passed by,
we could determine the distance covered within the area.
From the above records, we could also calculate the dura-
tion of stay (avg visit) expressed in days and the number
of nights spent there. In case of missing data, i.e., we
could not calculate the time of entry or exit of a vehicle in
the area, we removed the individual from the dataset.

After that, we performed a grouping at the license plate
level so that each row corresponded to a different indi-
vidual. In this way, we fused the information of all the
vehicle visits in the area. Finally, we obtained a dataset
with the total number of visits (total entries), the aver-
age time (avg visit) in days, the complete vehicle rout-
ing (route), the total accumulated distance traveled (to-
tal distance), the standard deviation of the average time
of each visit (std visit) in days, the total time spent (to-
tal time) in the area, and the total number of nights spent
there (nights). From the new record structure, we could
calculate the visits of each vehicle in different weeks (vis-
its dif weeks) and months (visits dif months) to study the
fidelity of the individual in the area. Finally, we obtained
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Phase Tasks Values
Calendar Data

Importing Data
Read the dataset with information on
public holidays at national level in Spain

270 days, 3 attributes
(date, day type, holiday period)

Set holiday
periods

Establish the important holiday
periods in Spain: Summer Holiday,
Christmas and Holy Week

Summer Holiday (from 1 aug. to 31 aug.)
Christmas (from 12 dec. to 6 jan.)
Holy Week (from 10 apr. to 17 apr.)

Encode variables Convert categorical holiday periods
into binary variables

270 days, 5 attributes
(date, day type, Summer, Christmas, Holy Week)

License Plate Recognition Data

Importing Data
Read the cleaned dataset produced
from the detection of vehicle license plates

1,050,760 rows, 4 attributes
(license plate, time stamp, direction, camera id)

Calculate
associate variables

Calculate variables combining the 4 cameras
+ LPR location

(license plate, entry time stamp, exit time stamp,
route, total distance)

Group information Group the information for each record by vehicle

50,901 rows, 10 attributes
(license plate, total entries, avg visit,
std visit, total time, nights, route,
total distance, visits dif weeks, visits dif months)

Vehicle information Data

Importing Data
Reads the dataset with vehicle
information and its origin

45,132 license plates, 4 attributes
(license plate, postcode, co2 emissions, num seats)

Demographic and Economic data

Importing Data
Reads demographic information about
the region of origin of the vehicle

11,752 regions, 4 attributes
(postcode, population, gross income, disposable income)

Merging Data Merge the two sources INE

Validate Data
Validate information
common to the two sources INE

Geographic data

Importing Data
Reads information regarding the
region of origin of the vehicle

11,752 regions, 7 attributes
(postcode, autonomous community, province,
county, district, town, km to dest)

Merging Data
Mix and validate information
from the two sources used geopy and pgeocode

Standardize values
Treatment of equivalences between names
of regions in different co-official languages

Elimination of accents, spaces and translation
to Spanish of all values related to region names

Validate Data Validate postcodes and geolocation geopy, pgeocode and INE
Fusion Dataset

Merging Data
Unification of header names and data formats,
Mix postcode and license plate fields,
Delete rows with some null fields

49,224 vehicles, 22 attributes
(license plate, total entries, avg visit, std visit,
total time, nights, route, total distance,
visits dif weeks, visits dif months, co2 emissions, num seats,
postcode, autonomous community, province, county,
district, town, km to dest, population,
gross income, disposable income)

Generate
new variables

Calculate variables related to the type
of dates in the calendar during the period
of stay of each vehicle

49,224 vehicles, 27 attributes
(license plate, total entries, avg visit, std visit,
total time, nights, route, total distance,
visits dif weeks, visits dif months, co2 emissions, num seats,
postcode, autonomous community, province, county,
district, town, km to dest, population, gross income,
disposable income, total holiday, total workday,
entry in holiday, total high season, total low season)

Exporting Data Obtaining the resultant dataset CLUSTERING VEHICLES BD

Table 3
Detailed schematic of the data fusion stage in the pipeline.

a dataset with 50,901 vehicle records and ten attributes.

Vehicle Information Data
The Spanish Directorate-General for Traffic (DGT)

provided us with data relating to vehicle information3

including details such as the vehicle’s CO2 emissions
(co2 emissions), the number of seats (num seats), and the
postcode of the vehicle’s address (postcode). Each vehi-
cle was associated with a fiscal address used to pay road

3https://sede.dgt.gob.es/es/vehiculos/

informe-de-vehiculo/

tax. This generally matched the driver’s place of origin,
although as described in Section 4.1, this was not entirely
true. This dataset helped us understand the distribution
of vehicle types and ownership in the different regions.
We had a dataset with 45,132 vehicles registered in Spain
and four attributes. Unfortunately, we did not have this
information for vehicles registered outside of Spain. The
percentage of foreigners in the data sample was less than
9.5%. Therefore, we determined these individuals exclu-
sively by their mobility behavior in the area. All infor-
mation related to vehicle information, demographic, eco-
nomic, and calendar holidays was restricted to Spanish-
registered vehicles.

80



Demographic and Economic data
We accessed data regarding population size (popula-

tion), average gross income (gross income), and aver-
age disposable income (disposable income) per person
for each region linked to a postcode (postcode). This
information came from the National Statistics Institute
(Spanish: Instituto Nacional de Estadı́stica, INE)4. The
data were available for regions with more than 1,000 in-
habitants and were updated until 2020. The informa-
tion collected in this database allowed us to understand
each region’s economic and demographic characteristics,
which was valuable for analyzing patterns in the data re-
lated to the drivers’ economic capacity and willingness
to travel. We obtained a database with 11,752 postcode
records from Spain and four attributes.

National calendar data
We obtained the holiday data using a holiday library,

which also allowed the creation of custom calendars for
local holidays, long weekends, and bank holidays. The
library was designed to quickly and efficiently generate
holiday sets specific to each country and subdivision (such
as state or province)5. It aimed to determine whether a
particular date was a public holiday and to set national
and regional holidays for multiple countries. As we men-
tioned before, due to the small percentage of foreign indi-
viduals in the sample and the complexity of dealing with
a different set of holidays for different vehicles, we re-
stricted the analysis of the holidays to Spain. However,
we included Saturdays and Sundays in the holidays, so
we also considered the idea of a weekly holiday for any
origin. For each day, represented by a date (date), we
specified with a binary variable whether it is a holiday or
working day (day type). In addition, holiday periods were
defined to establish high and low tourist seasons based on
the three most important national holidays in Spain: Sum-
mer, Christmas, and Holy Week6, which represented a bi-
nary variable, indicating whether the date belonged to that
holiday period (Summer, Christmas, Holy Week). We ob-
tained a database with 270 days and five attributes.

4https://www.ine.es/dynt3/inebase/es/index.htm?

padre=7132&capsel=5693
5https://python-holidays.readthedocs.io/en/latest/
6https://es.statista.com/temas/3585/

vacaciones-en-espana/#topicOverview

Geographic data
We obtained the geographic origin of the vehicles us-

ing the postcode and two libraries: pgeocode and geopy.
pgeocode7 allowed fast and efficient queries of GPS coor-
dinates, region name, and municipality name from post-
codes. geopy8 is a Python client that provided access
to several popular geocoding web services. We used
data from both sources to validate and complement each
other’s vehicle location information at different levels,
such as municipality, county, or suburb. Furthermore,
we also used data from the INE9 to verify the province
and autonomous community code of the vehicle, which
was directly related to the postcode. Hence, we cre-
ated a database that contained, for each postcode, in-
formation about (autonomous community), (province),
(county), (district), (town), and the distance in kilome-
ters between the origin of the vehicle and the destination
region (km to dest). We obtained a database with 11,752
postal code records and nine attributes.

Merge of all the processed datasets
Finally, we fused all constructed databases, crossing

the information from the license plate and postcode vari-
ables. After merging the tables, we eliminated records
with any of the aforementioned attributes null. The in-
formation from the national calendar allowed us to add to
the vehicle database information related to the stay and
its total number of holidays (total holiday), workdays (to-
tal workday), high season (total high season), low sea-
son (total high season) and a binary variable indicating
whether the vehicle enters the area on a holiday or a work-
day (entry in holiday). The resulting dataset contains in-
formation on the behavior in the area for 49,224 vehicles
and 27 attributes.

4.5. Preprocessing
Our dataset contains 27 attributes with different scales

and units. Hence, some variables may be more influ-
ential than others in our analysis. To solve this prob-
lem, we will apply normalization to the data. Nor-
malization must be applied to numerical data, so we

7https://pgeocode.readthedocs.io/en/latest/
8https://geopy.readthedocs.io/en/latest/
9https://www.ine.es/daco/daco42/codmun/cod_ccaa_

provincia.htm
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must first convert the categorical variables (in our use
case: route, postcode, autonomous community, province,
county, district, town) to numerical values. In particu-
lar, the numeric variable, total distance, kept the infor-
mation of the kilometers traveled in the variable route.
The rest of the categorical variables related to the prove-
nance: town, postal code, etc., and we converted them
into the variable km to dest. We removed the variables
co2 emissions and num seats, because they had a high
percentage of missing values (about 25%), which could
introduce noise. During this phase, we also excluded ve-
hicles with a total stay time (total time) of less than 1
hour. This subset comprised 16.98% (8360 vehicles) of
the entire dataset. Given their role as transient passers-by
in the area and their brief stays, which did not contribute
to any discernible benefits for the locality, we omitted
them from our analysis. We finally obtained a dataset with
40,864 vehicles and 17 numerical attributes: total entries,
avg visit, std visit, total time, nights, total distance,
visits dif weeks, visits dif months, km to dest, popu-
lation, gross income, disposable income, total holiday,
total workday, entry in holiday, total high season, to-
tal low season.

4.6. Dimensionality reduction

We reduced the dataset’s dimensionality to improve ef-
ficiency in clustering. This involved simplifying the fea-
ture matrix by removing low-variance features that would
not contribute much to our goal of clustering different ve-
hicle behaviors. We used PCA to reduce dimensionality.
We found that removing variables with very high corre-
lation substantially improved the results and the perfor-
mance of the clustering models for our data. Furthermore,
correlated variables increased the data’s variance, making
the visual interpretation of the PCA results difficult, as
the first principal components might not have accurately
reflected the underlying structure of the data.

4.7. Clustering and evaluation

Our study explored all the algorithms mentioned in
Section 3.1 to determine the optimal approach for pattern
recognition and evaluated whether they could find a real-
istic solution.

4.8. Visualization

Data visualization was essential in our work, as it
helped to determine and make decisions about parameter
settings, algorithms, and normalization methods. It also
made our machine learning results more understandable.
For instance, we used the elbow method to find the best
number of clusters for various algorithms. This method
plots the number of clusters and a given evaluation metric.
The number of clusters at the curve’s bend (“elbow”) bal-
ances the model’s complexity and accuracy. We used scat-
ter plots to visualize the first two principal components for
each normalization method, helping us grasp the data’s
structure and cluster distribution. Box plots were another
tool we used to show how features were distributed within
clusters. This allowed us to spot common patterns in each
cluster.

4.9. Data Privacy and Security

The LPR cameras sent the license plates to a secured
server on our provider’s premises. We only used the
anonymized dataset (see Section 4.4), which we openly
published10. The other datasets were public, except the
DGT dataset. The DGT shared with us sensitive data with
license plates and its associate owner’s postal code only
for research purposes. This information was stored en-
crypted and was accessible only to authorized researchers.
Furthermore, we used clustering, which means that we
did not evaluate the individual behavior of each person
but considered them part of a group. Hence, the privacy
of the activities of the individuals is not compromised.

5. Results

To model traffic behavior and distinguish between res-
idents and visitors. We labeled vehicles as 1 for those
registered in the area (resident) and 0 for others. We iden-
tified several variables with non-significant correlations
(correlation < 0.2): avg visit, std visit, and population,
and removed them. We showed the results relating to
these analyses in Appendix A (Fig. A.1 and Table A.1).

10https://zenodo.org/record/8356386
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5.1. Preprocessing and Dimension reduction results:
Normalization selection

We performed preprocessing and dimension re-
duction stages together because they are interde-
pendent. We found that removing highly corre-
lated variables before applying PCA improved the
variance explained and the scatter plots of PCA
components. Specifically, we removed variables
with a correlation coefficient > 0.9: total entries,
nights, visit dif weeks, visit dif months, km to POQ,
gross income, entry in holiday, total distance and to-
tal high season Appendix A (Fig. A.2).

After applying the four most common normalizations
to the data (see in Section 3), we applied PCA analysis.
Fig. 3 showed the variance carried by each PCA com-
ponent for each normalization. We could appreciate that
two components explained most of the variance in all nor-
malizations. Hence, we performed an exploratory visual
analysis by plotting the first two principal components to
study their underlying geometry. In Fig. 4, we overlaid
on the plots, in red, the points representing the vehicles of
the registered residents, in blue, non-registered residents.

The normalization method that obtained the highest cu-
mulative variance was ℓ2, indicating that it retained the
most information in only two components (see in Fig. 3
(d)). In addition, the variance of each dimension was
high compared to the other techniques analyzed, suggest-
ing that the data were well distributed in both dimensions.
The graph in Fig. 4 (d) shows a clear separation between
the two groups, and the registered residents (in red) were
well confined. The min-max normalization method ob-
tained the second-best cumulative variance and the high-
est variance for each dimension, preserving a reasonable
amount of information in only two components (see in
Fig. 3 (a)). The graph also shows a clear separation be-
tween the two groups, and the actual residents were de-
fined along a vertical line on the left cluster in Fig. 4 (a).
In contrast, the MAD normalization method had a lower
cumulative variance and variance for each dimension (see
in Fig. 3 (c)) than the ℓ2 and min-max normalization meth-
ods. The 2-dimensional scatter plot showed no apparent
clusters (see in Fig. 4 (c)), and the actual residents were
highly dispersed, which made it unusable for our analysis.
We had similar results in a scatter plot of three principal
components. Finally, the mean normalization, z-score,

method presented the lowest cumulative variance, indi-
cating that it lost more information during dimensionality
reduction than other techniques (see in Fig. 3 (b)). The
graph shows that the actual residents were grouped to-
gether, but for the 2-components, there were no apparent
significant clusters (see in Fig. 4 (c)). The trend of the
cumulative variance explained was rising, suggesting that
the current normalization method could be enhanced by
including more components. By adding more dimensions,
it may be possible to identify a dimension where the group
of registered residents conformed to a clearer distribution.
PCA typically worked better with z-score standardization
than with min-max normalization. However, normaliza-
tion techniques that better handled outliers (such as z-
score) may not always have been effective for all datasets
because they tried to distribute the individuals uniformly,
softening the outliers. For example, we observed that the
min-max normalization method performed better than the
z-score standardization, possibly due to the presence of
small clusters that z-score detected as outliers. In partic-
ular, the dataset have a low proportion of registered resi-
dents (less than 2% of the total sample), which could be
considered outliers (see in Table A.1). In these cases, the
min-max normalization method, which was more sensi-
tive to small clusters, may have given better results. With
all this information, we decided to apply the two best nor-
malizations for our data (ℓ2 and min-max) and compare
the results obtained in the clustering.

5.2. Exploration of Clustering Algorithm categories
From the scatter plots in Fig. 4, we observed that the

data points were spread relatively flat. This suggested that
the data points were concentrated in a lower-dimensional
space within the original feature space. In other words,
the data appeared to exist in a more compressed space
rather than being spread out across multiple dimensions.
Hence, partition and distribution-based clustering mod-
els were the most suitable for this geometry (see Sec-
tion 3.5). We tested various algorithms from other cat-
egories to verify this. However, we did not report the
results because none of the tested techniques identified
a cluster for the correctly registered residents. For ex-
ample, density and spectral-based algorithms performed
poorly, probably because of the non-flat geometry but also
because they worked best for detecting outliers. Hierar-
chical algorithms performed poorly, probably because of

83



(a) Min-max normalization. (b) Z-score standarization.

(c) MAD normalization. (d) ℓ2 normalization.

Fig. 3. Variance with 3 principal components.
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(a) Min-max normalization. (b) Z-score standarization.

(c) MAD normalization. (d) ℓ2 normalization.

Fig. 4. Scatter-plot of the first two principal components for the different normalizations.

85



the non-flat geometry, but they also had difficulties with
highly concentrated datasets, creating distinct groups only
when the separation was obvious. Consequently, we fo-
cused on the partitional and distribution-based algorithms,
which worked well with flat geometry data. In particular,
we tried Gaussian Mixture, K-Means, and MiniBatchK-
Means.

Gaussian Mixture models were more flexible and could
handle different cluster shapes and sizes, while K-Means
assumed a spherical shape of the clusters and a uniform
size. In addition, Gaussian Mixture models could esti-
mate the probability that a data point belonged to a clus-
ter, which could be useful in specific applications where
we needed to make decisions based on uncertain data or
when we wanted to assign a data point to multiple clus-
ters with different probabilities. In the tests carried out,
we discovered that K-Means and MiniBatchKMeans were
not able to find any cluster that contained the majority
of individuals of registered residents (see in Fig. 4 (a)
and (d)). This was because the distribution of these in-
dividuals followed an elliptical geometry, which was not
amenable to partition-based algorithms directly. Based on
these results, we used the Gaussian Mixture clustering al-
gorithm given the geometry of our data and the distribu-
tion followed by registered residents.

5.3. Evaluation results
After choosing the algorithm, we had to configure its

settings and hyperparameters. For the GaussianMixture
algorithm, a ’mixture’ meant a blend of multiple Gaus-
sian distributions, with each component representing one
of these distributions [61]. We could adjust the number
of mixture components, determining how many Gaussian
distributions to use for modeling the data. Another config-
urable aspect was the covariance type, which influenced
how variables in the data were correlated, impacting the
model’s accuracy and efficiency. The common types of
covariance were:

• Full: all components have their own covariance ma-
trix. This means that each component can have a
complex correlation structure between the different
variables.

• Tied: all components share the same overall covari-
ance matrix. This can be useful if different variables
are highly correlated.

• Diagonal: each component has its own diagonal in
the covariance matrix. This means that the correla-
tion structure between the different variables is lim-
ited to correlations between pairs of variables.

• Spherical: each mixture component has its own
unique variance. This means that the correlation
structure between the different variables is limited to
the variance of each variable individually.

To select the best hyperparameters, we calculated the
performance of the resulting model with the metrics pre-
sented in Section 3.2, which were appropriate for cluster-
ing algorithms based on distributions (BIC and AIC). In
the next subsections, we performed the evaluation for the
different types of covariance of the GaussianMixture al-
gorithm on the two normalizations chosen in the previous
subsection: min-max and ℓ2 normalization.

5.3.1. Evaluation results: Min-max normalization
Fig. 5 represents the values of the BIC and AIC met-

rics with respect to the number of components and type
of covariance used as parameters of the GaussianMix-
ture algorithm. We noted that the ’full’ covariance type
was the one that minimized both metrics in all cases, so
it was the one chosen for the subsequent analysis. This
value meant that each component had its own overall co-
variance matrix, which meant it could capture any cor-
relation between variables. We noted no significant dif-
ferences between the values obtained for AIC and BIC
scores. Therefore, we calculated the elbow method on the
BIC score to select the optimal number of mixture compo-
nents. In Fig. 6, we could detect two “elbow” points. One
occurred at seven components (-87,585 BIC), marking a
4591 unit difference from the preceding six components
(-82,994 BIC) and a 1632 unit difference from the fol-
lowing eight components (-89,217 BIC). The other point
was at four components (-76,798 BIC), with a 4407 unit
difference from the preceding three components (-72,391
BIC) and a 3098 unit difference from the subsequent five
components (-79,896 BIC). The change from seven com-
ponents to their previous value was more substantial than
the change from three to four, and the difference with the
following eight components was less pronounced, indi-
cating a more abrupt change in slope.
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(a) BIC score. (b) AIC score.

Fig. 5. Information criteria for the GaussianMixture on min-max normalization.

Fig. 6. Elbow method for BIC using min-max normalization.
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5.3.2. Evaluation results: ℓ2 normalization
Fig. 7 represents the values of the BIC and AIC met-

rics with respect to the number of components and type
of covariance, used as parameters of the GaussianMix-
ture algorithm for ℓ2 normalization. We observed that the
’tied’ covariance type was slightly superior for three com-
ponents, but the ’full’ covariance type was again the best
for more than three components. Similarly to the min-
max normalization, there was no significant difference be-
tween the AIC and BIC score values. Therefore, we cal-
culated the elbow method on the BIC score and the ’full’
covariance type. Fig. 7 shows a clear change in four com-
ponents, showing an increase of 36,977 units in the BIC
score (the highest in the graph), going from three compo-
nents (-232,851 BIC) to four components (-269,828 BIC).

5.4. Visualization results

Once we selected the clustering algorithm and the hy-
perparameters, we discussed the visualization of the gen-
erated clusters over the two chosen normalizations: min-
max normalization and ℓ2.

5.4.1. Visualization: Min-max normalization
Fig. 9 (a) shows a 2D scatter plot, where each axis rep-

resented 1st and 2nd principal components. Fig. 9 (b)
highlights registered residents in red. Fig. 9 (c) displays a
3D scatter plot with 3 principal components in each axis.
Table 4 shows vehicle percentages and registered resident
counts in 7 clusters. Cluster 3 correctly grouped over 96%
of individuals, and cluster 5 contained nearly 45% of the
total sample. Cluster 3, with the most registered residents,
represented around 14% of the total population.

Fig. 10 presents the box plots for the 7 clusters for
the nights (Fig. 10 (a)) and km to dest (Fig. 10 (b)) vari-
ables, which showed significant differences in explaining
the groups. Figs. 11 and 12 presents the box plots of the
most relevant variables for the 7 clusters obtained. Table 5
complements Figs. 11 and 12, indicating the exact number
of the mean of each variable in each cluster. To facilitate
visualization, we separated some of the box plots accord-
ing to the value of the variable nights, which seemed to
discriminate well between 2 groups of clusters: (0, 1, 2,
5) with lower values and (3, 4, 6) with higher values (see
in Fig. 10 (a)). Clusters 3,4,6 had a number of nights close
to the behavior of a resident in the area and represented

27.44% of the data (see Table 4). Clusters 0,1,2,5 had vis-
itor behavior because they spent fewer nights in the area
and represented 72.56% of the total sample.

For clusters 3, 4, and 6, a key factor was the distance
in kilometers from the vehicle’s registered address to the
area (see Fig. 11 (c)). Despite significant differences
in origin, these three clusters exhibited similar patterns
in terms of nights spent, indicating that they resided or
stayed in the area. Cluster 3, with an average distance
of 19.39 km (see Table 5), primarily consisted of vehi-
cles registered in the study area (registered residents) and
nearby villages. Cluster 6, with an average distance of
1747.30 km for the variable km to dest, comprised non-
registered residents from abroad, as defined in Section
4.1. Cluster 4, with an average distance of 318.36 km,
represented individuals from other regions of Spain who
were also non-registered residents, as discussed in the
same section. Additionally, the gross income variable was
significantly higher in cluster 4 compared to clusters 3 and
6 (almost 34% higher) (see Fig. 12 (c)). This suggests
that a majority of individuals in cluster 4 (non-registered
residents from other Spanish regions) came from regions
with above-average incomes. Residents living farther
away (clusters 4 and 6) had lower average values for to-
tal distance, total high season, and total entries (see Ta-
ble 5). This is because they tended to visit less often,
cover shorter distances in the area, and have fewer vis-
its during the high season compared to residents in closer
proximity (cluster 3) (see Fig. 11 (e) and Fig. 12 (a, e)).

Clusters 0, 1, 2, and 5 represented different visitor be-
haviors (see in Table 5). Cluster 0, with an average dis-
tance of 128.55 km, corresponded to visitors from the
province, typically staying 1.57 nights. They made an
average of 1.54 visits, mostly during weekends and holi-
days, and around 65% of these visits occurred in high sea-
son (see in Fig. 12 (b, f)). Cluster 1, averaging 1742.97
km, consisted of foreign visitors who stayed for only 0.26
nights. They tended to visit during low seasons, primar-
ily using the main road to reach the first village in the area
and not visiting the other villages. Cluster 2, with an aver-
age distance of 474.21 km, attracted visitors from outside
the province, spending around 1.55 nights. This cluster
had the highest average gross income (see in Fig. 12 (d))
and visits the area during high season, likely by tourists
from northern Spain. Cluster 5, averaging 253.70 km,
represented visitors from other nearby provinces. They
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(a) BIC score. (b) AIC score.

Fig. 7. Information criteria for the GaussianMixture on ℓ2 normalization.

Fig. 8. Elbow method for BIC using ℓ2 normalization.
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(a) Segmentation for 7 mixture components. (b) Highlighted registered residents.

(c) 3D plot with 3rd component.

Fig. 9. Scatter-plot of the first three components (PCA) using min-max normalization.
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Data points Nº cluster
0 1 2 3 4 5 6

Percentage of sample 14.13% 5.74% 8.06% 13.47% 10.30% 44.63% 3.67%
Real Residents 8 0 0 641 3 9 0

Rest of individuals 5766 2347 3293 4862 4205 18,230 1500
Table 4
Clusters based on registered resident labels using min-max normalization.

(a) Total nights of stay by cluster. (b) Distance in Km. to the area by cluster.

Fig. 10. box plots for min-max normalization (I).

rarely stayed overnight (0 nights on average) and predom-
inantly visited during the day, making up 44.63% of the
sample (see Table 4). Only 27% of their visits occurred
during high season (see Fig. 12 (f)), suggesting day trips
from neighboring provinces.

5.4.2. Visualization: ℓ2 normalization
Fig. 13 shows the data distribution using ℓ2 normaliza-

tion. Fig. 13 (a) depicts a 2D scatter plot of principal com-
ponents (1st and 2nd axes). In Fig. 13 (b), registered res-
idents are marked in red, and Fig. 13 (c) presents a 3D
scatter plot. Table 6 shows cluster details: Cluster 0 ac-
curately includes over 89% of registered residents, repre-
senting 10.30% of the total population. Cluster 3 contains
75.95% of the total sample.

Fig. 14 shows the box plots of the relevant variables for
the 4 clusters, and Table 7 displays the mean of each of
these variables in each cluster. We distinguished two clus-
ters that contained a high value of the variable “nights”
(cluster 0 and 2), while the rest of the clusters (clusters 1
and 3) had a low value. Although there were outliers (see

in Fig. 14 (a)) that increased the mean number of nights
for these clusters (clusters 1 and 3), 50% of the individu-
als had a number of nights lower than 2 for cluster 3 and
lower than 15 nights for cluster 1.

Cluster 0, which included over 89% of area residents,
had an average stay of 144.93 nights, covering an aver-
age distance of 25.54 km. Most non-registered residents
in this cluster were from the province (see Fig. 14 (b)).
Cluster 2 represented non-registered residents from out-
side Granada, making up only 5.25% of the total sample.
They stayed an average of 84.62 nights and came from
an average distance of 598.01 km. For both groups, to-
tal distance, total high season, and total entries (see Ta-
ble 7) were inversely proportional to km to dest, indicat-
ing that visitors from further away tended to visit dur-
ing the low season, move less within the area, and visit
fewer times a year (see Fig. 14 (c, d, f)). Cluster 1 com-
prised foreign visitors and some non-registered foreign
residents, covering an average distance of 1750.68 km.
They stayed an average of 22.81 nights, with only 17%
of stays in the high season. Cluster 3, the largest group
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(a) Nights of stay for clusters 3,4,6. (b) Nights of stay for clusters 0,1,2,5.

(c) Distance to the area for clusters 3,4,6. (d) Distance to the area for clusters 0,1,2,5.

(e) Total entries for clusters 3,4,6. (f) Total entries for clusters 0,1,2,5.

Fig. 11. Box plots for min-max normalization (II).
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(a) Distance run in area for clusters 3,4,6. (b) Distance run in area for clusters 0,1,2,5.

(c) Avg. gross income for clusters 3,4,6. (d) Avg. gross income for clusters 0,1,2,5.

(e) Total high season for clusters 3,4,6. (f) Total high season for clusters 0,1,2,5.

Fig. 12. Box plots for min-max normalization (III).
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(a) Segmentation for 4 mixture components. (b) Highlighted registered residents.

(c) 3D plot with 3rd component.

Fig. 13. Scatter-plot of the first three components (PCA) using ℓ2 normalization.
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Variables Nº cluster
0 1 2 3 4 5 6

nights 1.57 0.26 1.55 108.62 84.66 0.00 68.73
km to dest 128.55 1742.97 474.21 19.39 318.36 253.70 1747.30
total entries 1.54 1.12 1.58 10.34 4.36 1.12 2.71

total distance 11.64 4.90 10.67 70.24 30.77 4.86 14.42
gross income 23,085.36 19,482.10 35,547.66 20,972.17 26,902.26 25,151.75 19,179.54

total high season 1.01 0.31 1.14 18.85 15.10 0.31 11.24

Table 5
Mean of variables for each cluster performed using min-max normalization.

Data points Nº cluster
0 1 2 3

Percentage of sample 10.30% 8.50% 5.25% 75.95%
Real Residents 589 0 0 62

Rest of individuals 3620 3473 2146 30,974
Table 6
Clusters based on actual resident labels using ℓ2 normalization.

(75.95% of the sample), had an average stay of 4.82 nights
(although most did not stay overnight). They covered an
average distance of 240.01 km and rarely visited in the
high season (28% of the total stay) (see Fig. 14 (f)). It also
had the highest income, with an average of 26,158.32.

6. Discussion

Table 8 shows the equivalence by clusters and percent-
age of the total set for the two normalizations analyzed.
Additionally, it briefly describes the general profile of
individuals in each cluster. For the group of registered
residents, we could see that both normalization methods
grouped them into a single cluster (cluster 3 in min-max
and 0 in ℓ2). However, there was a 3.17% difference
in the size of these clusters, with the ℓ2 cluster size be-
ing smaller. The min-max normalization distinguished
between foreign visitors and foreign non-registered res-
idents (clusters 1 and 6, respectively), while the ℓ2 nor-
malization grouped all foreign individuals into a single
cluster (cluster 1). The clusters of national non-registered
residents were also similar in both normalization methods
(cluster 4 in min-max and 2 in ℓ2). Still, there was a 5.05%
difference in the size of these clusters, with the size of the
ℓ2 cluster also being smaller. Finally, the ℓ2 normalization
grouped all national visitors into a single cluster (cluster
3), while the min-max normalization divided these into
three distinct clusters (clusters 0, 2, and 5). It should be

noted that in the ℓ2 normalization, cluster 3 is larger than
the sum of clusters 0, 2, and 5, because it contained in-
dividuals with resident behaviors that were not included
in the other clusters. This explained the significant differ-
ences in the sample sizes of clusters 0 and 2 compared to
their equivalents in the min-max normalization.

Fig. 15 shows a hierarchical graph comparing the
equivalences presented in Table 8 between the two nor-
malizations. We could quickly discern the descriptions
that corresponded to each normalization for each cluster
type. The min-max normalization seemed more efficient
since it allowed a more detailed segmentation of individ-
uals than ℓ2, and ℓ2 showed more outliers in the box plots
for all the variables. While min-max seemed to distin-
guish the residents from the visitors, with the variable
representing the number of nights spent in the area, ℓ2

seemed to have a clear segmentation based on the distance
to their home. Hence, for our purposes, min-max offered
better segmentations. In addition, min-max detected atyp-
ical behaviors of individuals not officially registered as
residents of the area, but that behaved as residents. In con-
trast, the ℓ2 normalization could be useful for excluding
foreigners from the analysis and focusing only on compar-
ing registered and non-registered residents at the national
level, grouping visitors in a single cluster. Our work, as
many in machine learning in real environments, has some
limitations related to uncontrolled variables. In particu-
lar, we acknowledge that there could be some rented cars
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(a) Total nights of stay by cluster. (b) Distance in Km. to the area by cluster.

(c) Total entries to the area by cluster. (d) Distance run in area by cluster.

(e) Average gross income by cluster. (f) Total high season by cluster.

Fig. 14. Box plots for ℓ2 normalization.
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Variables Nº cluster
0 1 2 3

nights 144.93 22.81 84.62 4.82
km to dest 25.54 1750.68 598.01 240.01
total entries 13.18 1.52 3.53 1.49

total distance 95.43 6.89 26.43 8.01
gross income 20,268.41 19,018.55 22,886.88 26,158.32

total high season 24.83 3.87 14.47 1.36
Table 7
Mean of variables for each cluster performed using ℓ2 normalization.

Normalization

Min-max

Nº cluster 3 1 6 4 0 2 5
% sample 11.17% 6.11% 3.05% 8.55% 15.04% 8.58% 47.50%

Description
Registered
residents

International
visitors

Non-registered
international

residents

Non-registered
national
residents

Visitors from
Granada
who stay

for 1-2 nights

National
visitors

Visitors from
Granada

who do not
stay night

Additional
characteristics

Long stays
and travel
frequently
in the area

No overnight
and visits mostly

in low season

Long stays and
above-average

distance
of provenance

Long stays
and above-average
income and visits

Overnights mostly
in high season
and weekends

Overnights mostly
in high season and

above-average income

No overnight
and visits mostly

in low season

ℓ2

Nº cluster 0 1 2 3
% sample 8.55% 8.76% 4.36% 78.33%

Description
Registered
residents

International
visitors

Non-registered
national
residents

National
visitors

Additional
characteristics

Long stays
and travel
frequently
in the area

Medium-short stays
and visits mostly

in low season

Long stays
and above-average
income and visits

Short stays
and visits mostly

in low season

Table 8
Equivalence of the clusters made for each normalization.

with a national plate number that does not match the oc-
cupants’ provenance; unfortunately, we could not access
any rented car database. Likewise, we could not find any
good local event calendars, which could affect the traffic.

In summary, our methodology comprises eight steps
(see Figure 1). Initially, we gathered data from vari-
ous sources, cleaned it, and merged it based on vehicle
licenses. In this merge step, we also calculated addi-
tional variables from the existing ones (e.g., route and
total distance in the area). Next, we followed a system-
atic sequence involving preprocessing, reducing dimen-
sions, and clustering. Ultimately, we evaluate outcomes
through visualization techniques. This approach enriches
LPR data with contextual information, uncovering novel
patterns within the data. Additionally, it facilitates the
comparison of algorithm performance, such as compar-
ing different normalization algorithms in the performance
of vehicle-behavior clustering. In smart villages, it is im-
portant to select suitable LPR locations to cover the towns
entries and exits, and it is also important to consider that
the official residence could only be partially reliable.

7. Conclusions

The paper presented an effective pipeline for clustering
analysis, using data from different sensors and sources to
detect registered and non-registered residents and visitors
and their behavior in a given area. We selected an op-
timal clustering algorithm based on the data distribution
and two potential normalization algorithms. We found
that the min-max normalization was the most effective for
detailed segmentation of individuals and their visiting be-
havior in the area and detection of atypical behavior of in-
dividuals not registered as residents of the area but show-
ing resident behavior. The ℓ2 normalization could be use-
ful in specific situations requiring a distinction from the
region of origin. This analysis could assist area managers
in crafting tailored strategies to keep certain tourists, con-
sidering their income and origin, and promoting overnight
stays. This could boost the local economy and reduce traf-
fic. Additionally, these patterns could inform policies to
engage non-registered residents in the community, such as
tax breaks or social programs. In Spain, this data is cru-
cial for tasks like licensing pharmacies, investing in pub-
lic health, and scheduling security forces based on sea-
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Fig. 15. Hierarchical graph of the two clusters made for each normalization.

sonal fluctuations. Our pipeline and analysis could also
assist data analysts in improving their solutions and mak-
ing informed decisions. In the future, we aim to con-
duct an independent clustering analysis on the dataset of
passing vehicles in the area. The objective is to identify
movement patterns and promote longer stays within the
vicinity. Likewise, we will try to find useful datasets that
could enhance the results, such as vacation accommoda-
tion occupancy or local events, although in small villages,
it could be a challenge to find good datasets.
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touristic flow prediction with graph neural networks
and heterogeneous open data, Information Fusion 91
(2023) 582–597.

[20] Z. Doborjeh, N. Hemmington, M. Doborjeh,
N. Kasabov, Artificial intelligence: a systematic
review of methods and applications in hospitality
and tourism, International Journal of Contemporary
Hospitality Management 34 (3) (2022) 1154–1176.

[21] D. Bolaños-Martinez, M. Bermudez-Edo, J. L. Gar-
rido, Clustering study of vehicle behaviors using li-
cense plate recognition, in: Proceedings of the In-
ternational Conference on Ubiquitous Computing
& Ambient Intelligence (UCAmI 2022), Springer,
2022, pp. 784–795.

[22] M. Mallik, A. K. Panja, C. Chowdhury, Paving the
way with machine learning for seamless indoor-
outdoor positioning: A survey, Information Fusion
(2023).

[23] O. Cats, F. Ferranti, Unravelling individual mobil-
ity temporal patterns using longitudinal smart card
data, Research in Transportation Business & Man-
agement 43 (2022) 100816.

[24] A. Gutiérrez, A. Domènech, B. Zaragozı́, D. Mi-
ravet, Profiling tourists’ use of public transport
through smart travel card data, Journal of Transport
Geography 88 (2020) 102820.

[25] Z. Wang, H. Liu, Y. Zhu, Y. Zhang, A. Basiri,
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Appendix A. Supplementary Correlation and Variable Statistics

Fig. A.1. Correlation between the registered resident label and the rest of the variables.

nights total distance total entries entry in holiday
Residents Others Residents Others Residents Others Residents Others

mean 158.47 19.99 205.82 13.60 19.46 2.35 4.26 0.72
std 72.37 48.07 238.52 47.78 23.57 6.58 5.49 1.70

gross income km to dest visits dif weeks total high season
Residents Others Residents Others Residents Others Residents Others

mean 16,084 25,007.07 1.02 374.73 4.57 1.48 27.53 3.84
std 0.00 7671.19 0.59 486.97 4.03 1.97 14.75 9.00

total holiday avg visit std visit population
Residents Others Residents Others Residents Others Residents Others

mean 52.54 6.83 23.60 10.54 20.26 4.15 406.66 19,8175.90
std 23.71 15.06 34.85 31.87 23.35 16.05 121.16 56,7183.30

Table A.1
Mean and std. deviation for registered residents and rest of individuals in dataset.
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Fig. A.2. Correlation matrix for all variables in the proposed dataset.
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Abstract

The tourism industry increasingly employs sensors and machine learning for tasks such as demand prediction and
mobility forecasting. However, some challenges in data collection remain, especially with information privacy and
resource management. We propose a vehicle classification model based on License Plate Recognition (LPR) sensor
data, incorporating contextual datasets not explored in the existing literature to predict the number of nights a vehicle
will stay in a mountain tourist area. We also study the importance of each dataset in the results. Our analysis utilizes
data from four LPR cameras spanning 17 months. We compare different classification models optimized through
ensemble techniques. Additionally, an ablation study assesses the impact of each dataset, with variables categorized
by expert knowledge into seasonal, socio-economic or visit-related. Optimal dataset selection demonstrates a 22.2%
reduction in processing time and an 80% decrease in the number of variables, with only a slight decrease of 0.01 in the
Area Under the Curve (AUC) compared to using all available variables. This research provides information to develop
tourism prediction models, guiding which datasets and calculated variables are the most important while balancing
the processing time and AUC.

Keywords: Tourism forecasting, Sensors, Internet of Things, Machine learning

1. Introduction

In recent years, the use of machine learning has gained
prominence in the tourism industry, especially in areas
such as forecasting tourist demand, predicting mobility
flows, and tourist segmentation [1, 2, 3]. The growing de-
ployment of Internet of Things (IoT) platforms in smart
cities has driven the proliferation of sensors to monitor,
for example, the traffic on the roads [4, 5]. These sensors
can include Global Positioning System (GPS) or License
Plate Recognition (LPR) devices and other smart devices
[6, 7, 8]. The data collected from these sources provide
valuable information on the mobility patterns of visitors

∗Corresponding author.
Email addresses: danibolanos@ugr.es (Daniel

Bolaños-Martinez), jgarrido@ugr.es (Jose Luis Garrido),
mbe@ugr.es (Maria Bermudez-Edo)

and traffic behavior [9, 10].This information can aid stake-
holders in the creation of new actions, processes and ser-
vices [11]. For example, LPRs streamline toll collection
on roads, automatically deducting fees from drivers’ ac-
counts1. They are also used to control parking, perform-
ing the control of vehicles entering and leaving by avoid-
ing the conventional paper ticket2.

In particular, most cities have integrated LPRs to mon-
itor vehicles within their jurisdictions, primarily for law
enforcement purposes related to traffic restrictions, but
also for traffic monitoring and tourist enhancement. How-
ever, most researches using LPR sensors overlook the in-

1https://www.rac.co.uk/drive/advice/legal/

the-dartford-crossing-charge/
2https://www.hubparking.com/features/

license-plate-recognition-lpr/
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clusion of additional contextual datasets [12, 13, 14, 15].
Only a few investigations integrate LPR with location in-
formation [16, 7], and none of them consider other con-
textual data. Furthermore, some works investigate feature
selection and assessment of the relevance of each vari-
able in prediction models [17, 18, 19]. These analyses fo-
cus on examining the impact and weight of each variable
[20, 21], usually using methods such as chi-square or data
frequency [22, 23]. However, none of them consider the
importance of looking at complete datasets instead of just
single variables. The importance of the whole dataset is
relevant, as accessing specific datasets presents significant
challenges. For instance, these challenges may include
the associated data costs and privacy concerns regarding
the data [24, 25, 26, 27].

This paper proposes an ablation test to study the im-
portance of different datasets related to LPRs and con-
textual information in the field of tourism, as well as the
use of calculated variables not used in the previous lit-
erature. In particular, we have created a vehicle classi-
fication on the number of nights spent in a rural tourist
region in high mountains. The model uses anonymized
variables from LPR devices and is enriched with contex-
tual information, such as the owners’ residence location,
and calculated variables, such as the kilometers traveled
in the area. Using the collected data, we leverage his-
torical information on vehicle visits to the area to predict
the behavior of their current visit in terms of number of
nights they will spend in the area. We compared different
classification models commonly used in the literature and
optimized the best ones using ensemble techniques. Vari-
ables are divided into different datasets based on context
and data source, including seasonal, socio-economic, and
geographic factors. Using the created datasets, an abla-
tion study highlights which datasets influence the model
most. Finally, we present the datasets and variables that
minimize processing time while maintaining a high value
for the model evaluation metric.

Hence, the contribution of this article is twofold. First,
we present a predictive model of the number of nights a
vehicle stays in the area, taking advantage of contextual
variables not considered in the existing literature. Sec-
ond, we propose an ablation study focusing on datasets
from various expert knowledge domains and data sources
to assess the most valuable variables for our model.

The remainder of the paper is organized as follows.

Section 2 describes the related work. Section 3 presents
the methodology discussed throughout the paper. Sec-
tion 4 explains the experiments realized, including a back-
ground of the use case, and Section 5 shows the analysis
and discussion of the results. Finally, Section 6 concludes
the paper.

2. Related work

Over the past few years, the utilization of digital tools
within the tourism industry, particularly in promoting and
managing services, has notably risen. These approaches
use data analysis techniques, combining information to
create smart tourism applications that enhance the vis-
itors’ experience. These applications use various tech-
niques such as machine learning models and feature se-
lection to improve the applications [28]. It is popular to
estimate tourist flows when the main source of informa-
tion is historical data, even mixing other sources such as
search engines or social media [29, 1, 30]. However, with
the emergence of the Smart Cities paradigm, significant
progress has been made in merging sensor data installed
in cities and external data sources that notably improve
the performance of the models [31]. The fusion of sensor
data with other data sources, such as geotagged social-
networks data, holiday information, or weather informa-
tion [2, 32, 20], allows building more robust and efficient
machine learning models.

In particular, most of the deployments in Smart Cities
incorporate LPRs sensors with or without contextual in-
formation, which makes it possible to analyze how vehi-
cles move. Research with LPRs focuses mainly on clus-
tering vehicles to obtain useful information for city man-
agement [8, 33, 4]. Some studies center on prediction
models with these sensors, and they mainly focus on traf-
fic predictions at intersections in networks [12, 13, 25].
While a few studies have built variables based on the
frequency and duration of visits using raw sensor data,
there is a scarcity of studies utilizing additional contextual
datasets [12, 13, 14, 15]. Few works combine LPR with
other contextual information, such as the location flows in
the area, extracted from GPS trajectory or Cellphone Lo-
cation (CL) [7, 16]. Moreover, the related literature omits
calculated variables that could improve the raw data, such
as the distance traveled or the number of nights spent in a
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tourist area. The scarcity of research on tourism forecast-
ing may be attributed to data collection, modeling, and
storage challenges, such as data privacy and the complex-
ity of federating data [26]. When using sensor data, issues
become more pronounced, making it difficult to manage
data collections or design the installation system [27]. In
the case of LPR, which includes license plate numbers,
privacy becomes a significant concern, leading to limited
availability of such information [25].

Regarding the importance of the variables or the set
of variables, the problem of feature selection is a cru-
cial aspect in enhancing the performance of classifica-
tion models. Existing literature explores this issue in var-
ious domains, such as sentiment analysis [34, 22] and
even in tourism [23]. However, these studies predomi-
nantly rely on algorithmic approaches such as chi-square,
data frequency, or information gain to identify influen-
tial features and eliminate those with negligible effects.
Another method for assessing variable importance in ma-
chine learning models is the ablation study [18, 21]. Re-
search employing ablation studies examines the impact of
models or optimization algorithms on different phases of
learning by removing some of the steps in the pipeline
[35], as well as the inclusion and exclusion of attribute
information vectors [36]. None of these studies have ap-
plied ablation tests at the data level to complete datasets.
We address the gaps in the literature in two ways. First,
we create a predictive model using LPRs, calculated data,
and contextual information not used in previous studies,
such as time spent in the area or gross income. Second,
we perform an ablation test at the dataset level.

3. Methodology

The methodology proposed to detect the relevance of
each dataset in developing a forecasting model of visitor
flows starts with a basic dataset, which is the raw infor-
mation coming from LPR sensors; constructs the machine
learning model; and calculates the model’s performance.
Then, it adds different datasets one by one and calculates
the improvement of each dataset in the performance of
the model. Fig. 1 illustrates the methodology in six steps.
These steps follow a machine learning pipeline, with com-
monly used steps, such as steps 2-5: learning method-
ology selection, cleaning, normalization, algorithm, and

metric selection. The emphasis of this methodology re-
sides in steps 1 and 6. In step 1, we create a dataset calcu-
lating new variables from the raw LPR data not previously
used in the literature, and we merge this dataset with con-
text datasets. In step 6, we perform an ablation test based
on the datasets. In particular, the methodology starts in
the first round, selecting all the datasets in step 1, follows
steps 2 to 5, calculates the results in step 6, and saves
them. Then, we select in each of the following rounds
a dataset together with the base dataset in step 1, perform
steps 3 and 4, calculate the results with the algorithms and
metrics selected in steps 2 and 5 of the first round, and
save the results in step 6. We can repeat the steps with
any combination of datasets in step 1, normally combin-
ing the datasets with best results. Finally, we compared all
the results of each round and analyzed which datasets had
better results. Optionally, we can perform a feature selec-
tion over the best datasets to reduce the processing time.
In the following subsections, we explain the six steps.

3.1. Dataset construction

The first step is to retrieve and create the different
datasets. The main source of information is the different
LPRs that cover the touristic area. The LPR raw data con-
sists of the license plate number and timestamp at which
the corresponding LPR detects the vehicle. Adding the
LPR identifier, we have the LPRs raw dataset. It is impor-
tant to anonymize the license plate with a unique value
representing each vehicle. As the main advantage of the
LPRs is the identification of the vehicles, all the datasets
will be centered on the vehicle. That is, each row will
represent a vehicle. We can create three types of datasets:

• Base dataset: only uses LPR data and contains cal-
culated variables from the raw sensor data that could
be considered basic for the study. This dataset aggre-
gates the vehicles’ information to center the dataset
on the vehicle. For tourism studies, it is important
to separate the information into visits, considering
each visit as the time a vehicle spends between en-
tering and leaving the touristic area, which normally
includes several LPRs. We can aggregate the data by
averaging the values or by accumulating the values.
For example, the number of visits will be created by
accumulating the values of each visit. The average
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Fig. 1. Structure diagram that outlines the methodology used.
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time spent on each visit will be calculated as the av-
erage of the individual times. This dataset represents
the behavior of each vehicle in the touristic area.

• Visit dataset: extends the base dataset with calcu-
lated variables from the raw data that complement
the basic information about vehicle visits in the area.
These variables include detailed information on the
behavior of a vehicle in the tourist area. Still, it is
complementary information that we believe is im-
portant but not as important as the base dataset, such
as the nights spent in the area.

• Context datasets: are external information that
could enhance the results. For example, if a vehi-
cle is detected during a public holiday or a working
day. This information is dependent on the datasets
that the researchers or analysts could access.

3.2. Learning technique selection

This step chooses the appropriate learning method to
address the problem under study. For example, decide
whether the problem is a regression or a classification
problem and which variables and datasets could be rele-
vant to that problem. For example, regression is adequate
for continuous variables, while classification is adequate
for categorical variables. Additionally, regression tends to
have problems with large data variability, providing pre-
dictions with a large margin of error [37].

3.3. Cleaning

As the LPRs have an inherent percentage of detection
error, these errors add noise to the data. Hence, it is nec-
essary to perform an anomaly elimination prior to model
training, eliminating vehicles with strange behavior. This
step identifies and eliminates samples with atypical be-
haviors (anomalies that introduce noise), keeping only
the most relevant and representative data for the analy-
sis. Eliminating these anomalies improves the quality and
metrics values of the machine-learning models.

There are several anomaly detection techniques; one of
the most used is the dimensionality reduction with Prin-
cipal Component Analysis (PCA) [38] with the use of an
algorithm on these two components to detect and elim-
inate possible anomalies in the data [39]. For example,
Isolation Forest is an anomaly detection algorithm based

on the concept of isolating observations that are rare and
different from the rest of the data. This algorithm builds
multiple random decision trees to partition the data, and
anomalies generally end up isolated in smaller regions
of the feature space, easily detected. There are other
anomaly detection algorithms that could be used. Fur-
thermore, we could, using expert information, eliminate
data that is above or below a threshold in one variable.
For example, for vehicles that spend only 5 minutes in the
area, we can consider them as pass-by vehicles and not
tourists in the area, so we can eliminate them. These pass-
by vehicles do not generate any revenue or consume any
resources or infrastructures other than the road, so they
are not relevant for tourism managers.

3.4. Normalization

When working with different sources of information,
the existence of attributes at different scales erroneously
increases the influence of some variables over others in
the grouping process. Normalization compresses or ex-
pands the values of each variable to adjust them to the
same range of values of the other variables, making them
comparable. The choice of normalization algorithm usu-
ally depends on the specific application and the data dis-
tribution, as different methods may yield different results
and interpretations. In the literature, several normaliza-
tion methods have been used, among which min-max nor-
malization and Z-score normalization [40, 41] stand out.
Additionally, other applicable methods, such as MAD,
logarithmic, or l2 transformations, have been explored
[42, 43].

3.5. Algorithms and metrics selection

Choosing the algorithms that build the model and defin-
ing the appropriate evaluation metrics is essential. In this
process, different options and families of machine learn-
ing algorithms could be explored in order to identify the
most suitable for a specific problem. To do so, it is advis-
able to perform comparative tests between different types
of algorithms, balancing their performance and process-
ing time. It is also advisable to use algorithms from differ-
ent families, from traditional [44, 45, 19] to deep learning
[46, 47], and paying special attention to the algorithms
used in the field of tourism. We have identified the fol-
lowing families recently used in tourism studies:
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• Decision Trees: The main representative algorithms
of this family are Decision Tree and Random Forest
[48]. These algorithms, although simple in their rule-
based implementation, are still used in the field of
predicting tourist flow behavior due to their speed
and interpretability of results [49, 50, 51].

• Nearest Neighbors: K-Nearest Neighbors [52] al-
lows optimization and improvement by adjusting the
parameter K, which indicates the number of nearest
neighbors for distance calculation. It has recently
been used in tourism decision and recommendation
systems [53, 54].

• Logistic Regression: Logistic Regression [55] pre-
dicts categorical outcomes based on predictor vari-
ables, aiding decision-making. It is currently used in
tourism planning and development [56, 57].

• Gradient Boosting: One of the most representative
algorithms of this family is Light GBM [58], based
on gradient boosting, iteratively improves model per-
formance by combining several decision trees. It
is widely used in various fields with problems of
large datasets and complex feature interactions in-
cluding tourism [59]. XGBoost Classifier [60] uses
sparse data algorithms, weighted quantile sketching,
and optimization techniques to enhance classifica-
tion outcomes. In recent years, XGBoost has been
used in predicting tourism trends based on sentiment
analysis [61, 62], and improve the performance of
other combined algorithms [63]. CatBoost Classifier
[64] employs ordered reinforcement and symmetric
or forgetting trees to handle categorical variables ef-
ficiently. It has been recently used for hotel bookings
studies [65, 66].

• Neural Networks: One of the most used neural
networks in tourism, when there is a large amount
of data is the MLP Classifier [67], based on mul-
tiple perceptron layers [46, 47]. The recent algo-
rithm TabNet [68] employs transformers in neural
networks including an attention mechanism in fea-
ture selection, making it especially effective for tasks
with high-dimensional structured data and time se-
ries. It has been used for example for customer pur-
chases [69].

• Bayesian Probabilistic Models: For example,
Gaussian Naive Bayes [55] is a probabilistic classifi-
cation algorithm based on Bayes’ theorem. It is used
in recommendation systems [70] and as a compari-
son with other algorithms [49].

• Support Vector Machines: For instance, Linear
SVM [71] is used primarily for classification and re-
gression. It has been used for forecasting tourist [72],
and it is often used as a benchmark algorithm to com-
pare it with other algorithms [45, 73].

Each family of algorithms has its own characteristics
and advantages [74]. Still, we can combine them us-
ing Bagging, Voting, and Stacking ensemble strategies
to test whether some algorithms work better with each
other to improve the overall performance of the model
[75, 76]. These combination techniques allow us to lever-
age the strengths of each algorithm and mitigate their
weaknesses, which could increase the evaluation metrics
values and generalization of the prediction model [77].

The common validation of the resulting models is the
fold cross-validation technique, which divides the dataset
into different subsets. For example, 5-cross validation di-
vides the dataset into 5 subsets. The model undergoes
training and testing five times, each iteration using a dis-
tinct subset as the test set and the remaining four as the
training set. It is advisable to select several metrics to
compare the algorithms and test their performance be-
cause some are general metrics, such as F1-score or Area
Under the Curve (AUC), providing a measure of over-
all performance, taking into account the balance between
the ratios of false positives and true positives [78]. The
balance between these two ratios allows us to assess the
model’s ability to distinguish between right and wrong
classifications fairly. Other metrics provide nuanced re-
sults in terms of detecting the positives better than the
negatives, etc., and together they provide an overview that
can serve to study the robustness of the results. The com-
mon metrics are Accuracy, Precision, Recall, Specificity,
F1-score, and AUC score.

3.6. Ablation study

The core of this methodology is to perform an ablation
test at the level of the dataset. In particular, the proposal
is to select the relevant datasets that enhance the results.
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Ablation studies help in the selection of these datasets.
The ablation study evaluates the model’s performance af-
ter eliminating a variable or set of variables in each run.
By comparing the results obtained with and without a spe-
cific set of variables, we can determine its relative impor-
tance and contribution to the model. This ablation could
be performed in two steps:

• Individual evaluation of each dataset: First, evaluate
the model’s performance using each dataset individ-
ually. In this way, we can analyze each dataset’s im-
pact on the prediction model. The variables defined
in the base dataset are included in all evaluations,
as they are considered to be the minimum informa-
tion needed from the cameras to create a predic-
tion model. The other datasets are additional and do
not have the capability to build a robust model with
the necessary information to obtain a good value for
the chosen evaluation metric. This analysis identi-
fies which dataset or combination of datasets has the
most significant influence on the final model.

• Correlation analysis and variable selection: Subse-
quently, select the datasets that have proven most in-
fluential in the previous phase and perform a corre-
lation study among its variables to determine which
provides the most relevant information to the study.
The aim is to achieve a model performance as close
as possible to that obtained by using all the variables
in the model. We can optimize the model and re-
duce its complexity by identifying the most signifi-
cant variables.

4. Experiment

We center our use case in a rural tourist area, facing
problems of over-tourism and protection of a nearby na-
tional park. In particular, we cover three rural villages
near the Sierra Nevada National Park in Granada, Spain.
These municipalities, known for their scenic appeal, face
challenges of over-tourism, leading to traffic congestion.
We have deployed an LPR camera system to monitor the
traffic. The system, consisting of four Hikvision LPR IP
cameras with Deep Learning-based ANPR, monitors ve-
hicle movement at key entry and exit points (see in Fig.
2). Due to the road structure, four cameras can cover

all the entrances and exits to the three villages. This ap-
proach optimizes costs and system complexity while pro-
viding comprehensive data on mobility in the area. The
road ends in the town of Capileira, and there is a fork in
the road in the map’s southern area, allowing entry into
the area through two towns, Pampaneira and Bubion. The
data spans from February 2022 to June 2023 (17 months).
We apply the methodology described in Section 3 to build
the model for forecasting the number of nights a vehicle
entering the area will stay there.

4.1. Datasets definition
The structure of our 35 variables can be found in Table

1, and are divided into 5 datasets, one base dataset, one
visit dataset, and three context datasets (holiday, socio-
economic, and entry) as follows:

• Base dataset: consists of two variables that contain
the minimum information needed to represent the
spatio-temporal frequency of a vehicle in the area:
total entries (number of visits), and average time of
visit.

• Visit dataset: These variables, not found in LPR lit-
erature, provide information on the spatio-temporal
behavior of the vehicles and nights in the area.

• Holiday dataset: contains different variables related
to vacations and working days based on external in-
formation from national calendars. High season days
include the most important holiday periods in Spain:
Summer Holiday, Christmas, and Holy Week3. The
national calendar data are from the Python library
“holidays”4.

• Socio-Economic dataset: contains variables related
to the vehicle’s provenance based on external in-
formation from a private dataset provided by the
Spanish Directorate-General for Traffic (DGT)5. We
obtained the distance to the area from their prove-
nance information and two libraries: pgeocode6 and

3https://es.statista.com/temas/3585/

vacaciones-en-espana/#topicOverview
4https://python-holidays.readthedocs.io/en/latest/
5https://sede.dgt.gob.es/es/vehiculos/

informe-de-vehiculo/
6https://pgeocode.readthedocs.io/en/latest/
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Fig. 2. Setup of the 4 LPR that obtains the vehicle data.
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geopy7. The population and gross income are ob-
tained from the website of the National Statistics In-
stitute (Spanish: Instituto Nacional de Estadistica,
INE)8.

• Entry dataset: obtains information from the spatio-
temporal information of the current visit of the ve-
hicle. This information corresponds only to data ob-
tained from LPR cameras at the time of vehicle en-
try and is unrelated to its behavior within the area.
For the variable “current entry east”, we choose be-
tween the two east entrances to the area (LPR Pam-
paneira 2 or LPR Bubion). This decision is based
on the fact that these two cameras cover the only ac-
cess points from the eastern region to the area, given
that there is a single road connecting the villages. If
the vehicle does not enter through either, it enters
from LPR Pampaneira 1 on the west side of the road.
Entering from the east or west is important because,
normally, vehicles access the mountain region from
the west. If a vehicle comes from the east, it suggests
it comes from nearby mountain villages.

4.2. Learning methodology selection

We aim to predict the number of nights a vehicle
will spend in the zone (variable current entry nights).
Hence, we use the last visit of each vehicle to label the
dataset with the dependent variable current entry nights.
To train the model, we use historical information about
the vehicle (stored in visit and holiday datasets), socio-
economic data, and information about the current context
at the time of entry to the area: collected in the entry
context dataset and two holiday dataset variables (cur-
rent entry in holiday and current entry in high season
variables). However, in cases where vehicles only visit
the area once, the variables associated with their previous
stays do not exist. In this case, the variables recorded in
visit and holiday datasets have a value of zero. Despite
appearing to lack information, this may help the model
consider the behaviors of vehicles visiting the area for the
first time.

7https://geopy.readthedocs.io/en/latest/
8https://www.ine.es/dynt3/inebase/es/index.htm?

padre=7132&capsel=5693

Our problem falls under supervised learning and could
fit into regression or classification. We chose the classifi-
cation because we have large data variability. In addition,
for our problem, predicting exact details such as length of
stay in hours is unnecessary; hence, applying regression
would not be appropriate. Since our output variable is nu-
merical, we must categorize or discretize it into intervals
to apply classification algorithms. We define three differ-
ent intervals to obtain classification labels (day, short, and
long visits) so that the model prediction provides relevant
information to policymakers.

4.3. Cleaning

To detect anomalies, we apply PCA to the two most
relevant components and use the Isolation Forest algo-
rithm. Furthermore, we have opted to exclude vehicles
that spend less than 3.5 hours within the area. This exclu-
sion significantly enhances the models’ evaluation met-
rics. It is crucial to note that our model does not incor-
porate this information during training, resulting in a 3.5-
hour forecast delay. Vehicles departing before this time
are treated as passing through.

4.4. Normalization

All timedelta variables have been converted to numeri-
cal values (in units of hours) to prepare them for the appli-
cation of normalization methods and subsequent machine
learning algorithms. We use the five normalization meth-
ods most used in the literature (min-max, Z-score, MAD,
logarithmic, and l2) to check which one is the most suit-
able for our data and analysis.

4.5. Algorithms and metrics selection

We employ various classification algorithms to con-
struct the prediction model and evaluate which one yields
the best results for our specific dataset and problem. In
particular, we use the most commonly used in tourism,
as described in subsection 3.5: Decision Tree, Ran-
dom Forest, K-Nearest Neighbors, Logistic Regression,
Light GBM, CatBoost, XGBoost, MLP Classifier, Tab-
Net, Gaussian Naive Bayes, and Linear SVM. Addition-
ally, we employ Bagging, Voting, and Stacking ensemble
strategies. Our approach incorporates a five-fold cross-
validation technique. We utilize the most common eval-
uation metrics: Accuracy, Precision, Recall, Specificity,
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Name Variable Type Description Data source

Base total entries Integer Total number of entries. LPR camerasavg visit Timedelta Average visit time.

Visit

visit time Timedelta Total time of stay.

LPR cameras

std visit Timedelta
Standard deviation of the

average visit time.

distance Float
Total distance traveled in

kilometers within the area.
nights Integer Number of nights.

avg nights Float Average number of nights.

std nights Float
Standard deviation of the
average number of nights.

fidelity Float
Relative number of visits after

maintaining fidelity of at least five days.
visits dif weeks Integer Number of different weeks with at least one visit.
visits dif months Integer Number of different months with at least one visit.

Holiday
Context

num holiday Integer Number of holidays spent.

National
calendar

avg holiday Float Average number of holidays spent.

std holiday Float
Standard deviation of the average

number holidays spent.
num workday Integer Number of workdays spent.
avg workday Float Average number of workdays spent.

std workday Float
Standard deviation of the average

number workdays spent.
num high season Integer Number of high season days spent.
avg high season Float Average number of days of high season spent.

std high season Float
Standard deviation of the average number

of days of high season spent.
num low season Integer Number of low season days spent.
avg low season Float Average number of days of low season spent.

std low season Float
Standard deviation of the average number

of days of low season spent.
entry in holiday Integer Number of entries on holiday.

entry in high season Integer Number of entries in high season.

current entry in holiday Boolean
Binary value indication if the current

entry is on a holiday.

current entry in high season Boolean
Binary value indication if the current entry

is on a high season day.

Socio-Economic
Context

km to dest Float
Distance in kilometers between the origin of

the vehicle and the destination region. Geographic data (DGT)

population Integer Population size of the city/town of the provenance of the vehicle. Demographic and
Economic data (INE)avg gross income Float Average gross income of the area of origin of the vehicle.

Entry
Context

current entry east Boolean
Binary value indicating if the current entry is from

LPR Pampaneira 2 (ii) or LPR Bubion (iii) of Fig 2.

LPR camerascurrent entry hour morning Boolean
Binary value indicating if the current entry is

during the time interval from 6 a.m. to 12 p.m.

current entry hour afternoon Boolean
Binary value indicating if the current entry is

during the time interval from 12 p.m. to 6 p.m.

current entry hour night Boolean
Binary value indicating if the current entry is

during the time interval from 6 p.m. to 12 a.m.

current entry hour dawn Boolean
Binary value indicating if the current entry is

during the time interval from 12 a.m. to 6 a.m.

Table 1
Definition of the variables from different datasets.

F1-score, and AUC score, with a primary focus on the
AUC metric for discussions. Furthermore, we conduct
validation on the training set to compare with the test set,
determining potential overfitting, and calculate process-
ing time to select the best algorithm.

4.6. Ablation study

Finally, we employ the ablation study method to eval-
uate the impact of the different datasets presented in Sec-
tion 4.1 on our selected model. And then perform a corre-
lation analysis to select the most relevant variables within
the best datasets.

5. Results and discussion

We develop all the experiments using a computer sys-
tem equipped with 40 Intel(R) Xeon(R) Silver 4210 CPUs
operating at 2.20GHz, and a total memory capacity of
93GB RAM. For the GPU-accelerated computations, we
use one of the server NVIDIA GeForce RTX 3090 graph-
ics cards with 24GB memory, with CUDA 8.6 support.
The programming environment is Anaconda with Python
3.9.12. We use the Python library scikit-learn9 to imple-
ment the algorithms: Decision Tree, Random Forest, K-

9https://scikit-learn.org/stable/
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Nearest Neighbors, Logistic Regression, MLP Classifier,
Gaussian Naive Bayes and Linear SVM. We use lightgbm
library10 to implement Light GBM, catboost library11 for
CatBoost Classifier, xgboost library12 for XGBoost Clas-
sifier and pytorch tabnet library13 for TabNet Classifier.

The cleaning step in the experiments consists first on
removing the passing-by vehicles. Then, we apply the
outliers’ detection technique, detecting 6% of the sample
(3,424 vehicles) as outliers. In Fig. 3, the first two PCA
components of the dataset are visualized, with the outliers
detected by the Isolation Forest algorithm in red. The fi-
nal sample is 26,490 vehicles. Then, we discretize the
classification variable into three classes because they split
the data into three explainable visitor groups. Thus, we
have one class with 7,532 vehicles that spend 0 nights
in the area (day visits), 11,915 vehicles that spend be-
tween 1 and 5 nights (short visits), and 7,043 vehicles
with more than 5 nights of stay (extended visits). We also
tried different normalization techniques proposed in Sec-
tion 4.4 and found that the min-max normalization yielded
the best results for all algorithms. Hence, we use it for
the rest of the analysis. To calculate the different met-
rics of the multiclass problem, we use the weighted strat-
egy, that calculates the metrics for each label and finds
their weighted average according to the number of true
instances for each label. This strategy is good when we
work with unbalanced problems [79]. In this case, the
weighted recall is equal to the accuracy, so we only show
one of them (accuracy) in results.

Table 2 and Table 3 show the evaluation metrics and
processing time of the eleven algorithms on the entire
dataset of the train and test sets, respectively. Regarding
the general metrics, AUC and F1-score, we can see that
F1-score consistently performs worse than AUC in all the
algorithms. This is due to the fact that, unlike AUC, F1-
score diminishes its value with unbalanced data [80]. In
our data, one of the classes is higher than the other two,
hence we have unbalanced data. F1-score is around 0.06
and 0.1 points below AUC in all the algorithms, except in

10https://lightgbm.readthedocs.io/en/latest/

Python-API.html
11https://catboost.ai/en/docs/
12https://xgboost.readthedocs.io/en/stable/
13https://dreamquark-ai.github.io/tabnet/

Decision Tree, that the difference is lower and Gaussian
Naive Bayes, that the difference is higher. However, both
of them yield worst results than the rest of the classifiers.
Hence, for our imbalanced data, focusing on the AUC,
we can observe that the best algorithms are the ones of
the family Neural Networks: MLP and TabNet, and those
of the Gradient Boosting family: Light GBM, XGBoost,
CatBoost, achieving AUC values close to or equal to 0.80
for the test set. Light GBM algorithm outperforms MLP,
TabNet, XGBoost and CatBoost Classifiers in terms of
AUC, and MLP, TabNet and CatBoost in terms of pro-
cessing time. This information can be seen graphically
in Fig. 5, which shows the Receiver Operating Charac-
teristic (ROC) curve of the different algorithms. Fig. 4,
shows a radar plot displaying the comparative AUC score
of the different algorithms in training and test. The deci-
sion tree-based algorithms show higher overfitting, unlike
the rest of the algorithm families, which present similar
values in both test and training data. This suggests that the
algorithms of the other families can generalize correctly.

Although the AUC and F1-score are complete metrics
that consider the model’s general performance, other met-
rics can provide nuances of the models. We can see also
that all the metrics in Table 3 follow the same tendency in
all the algorithms, being the highest metric the specificity
and the lowest the precision for all the classifiers. Hence,
there is no distinction between classifiers, but in general
we can say that for our data the probability of correctly
classifying into a class (recall/accuracy) is lower than de-
tecting that the vehicle does not belong to a class (speci-
ficity). Gaussian Naive Bayes performs poorly in all the
metrics, so this algorithm is unsuitable for our problem.

As we observe that Light GBM, XGBoost, CatBoost
and MLP perform better than the others and do not over-
fit, we attempt to further improve the results by employ-
ing ensemble algorithms. We discard TabNet from these
analyses since its processing time is much higher than the
others, 322% higher to the slowest one (MPL), and pro-
duces worst AUC values (0.001 lower than the worst clas-
sifier -MPL-). Table 4 shows different tests for stacking
and voting ensemble strategies. Different algorithms us-
ing the stacking strategy fail to overcome the AUC value
of the Light GBM algorithm alone. Although stacking
has the advantage of combining the strengths of multi-
ple models, possibly due to the complexity of the inter-
action between the different models, it failed in this case.
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Fig. 3. Outliers detected by the Isolation Forest algorithm

Fig. 4. Analysis of the AUC score for the training and test sets of each model used
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Model Train
Accuracy Precision Specificity F1-score AUC score Time (sec.)

Decision Tree 0.958333 0.959635 0.922121 0.958984 0.974974 3.267257
K-Nearest Neighbors 0.716940 0.709744 0.776718 0.713324 0.797081 74.509236
Logistic Regression 0.670055 0.630828 0.714945 0.649850 0.748468 9.158642

Light GBM 0.762174 0.759875 0.805486 0.761023 0.834851 31.024371
XGBoost Classifier 0.778482 0.775499 0.811930 0.776988 0.846249 11.245760
CatBoost Classifier 0.806087 0.803573 0.827197 0.804828 0.867066 30.655587

MLP Classifier 0.735344 0.729904 0.786039 0.732614 0.807940 216.282925
TabNet Classifier 0.726793 0.721770 0.779259 0.724273 0.799871 898.752648
Random Forest 0.958333 0.958341 0.918823 0.958337 0.968851 916.299046

Gaussian Naive Bayes 0.541402 0.466800 0.763862 0.501341 0.721748 2.285743
Linear SVM 0.670045 0.625760 0.712187 0.647146 0.753376 1,816.589914

Table 2
Results of evaluation metrics for train validation set for the main analyzed algorithms

Model Test
Accuracy Precision Specificity F1-score AUC score Time (sec.)

Decision Tree 0.650057 0.649379 0.752672 0.649718 0.667007 3.154011
K-Nearest Neighbors 0.693054 0.685357 0.762559 0.689184 0.763476 22.021935
Logistic Regression 0.668063 0.628419 0.714020 0.647635 0.747285 9.448737

Light GBM 0.728803 0.725935 0.787206 0.727366 0.801207 29.222903
XGBoost Classifier 0.726652 0.722683 0.783490 0.724665 0.800391 11.009313
CatBoost Classifier 0.726463 0.723133 0.784656 0.724794 0.798610 31.696878

MLP Classifier 0.721933 0.715672 0.778150 0.718789 0.793184 212.845502
TabNet Classifier 0.721819 0.716757 0.771291 0.719279 0.792242 898.881885
Random Forest 0.693620 0.692453 0.772221 0.693036 0.755623 775.686355

Gaussian Naive Bayes 0.541072 0.466456 0.763785 0.501001 0.721246 2.387914
Linear SVM 0.667950 0.613512 0.710953 0.644822 0.751633 1,746.591185

Table 3
Results of evaluation metrics for test validation set for the main analyzed algorithms

The voting strategy using the three gradient boosting algo-
rithms has achieved better results than Light GBM alone.
However, it only improves AUC by 0.001, while the pro-
cessing time increased by 126%.

Tables 5 and 6 show a detailed AUC performance
and processing time for the validation set using a bag-
ging ensemble strategy with different estimators for
MLP/CatBoost, and Light GBM/XGBoost Classifiers, re-
spectively. Fig. 6 and 7 show the comparison of the AUC
score and processing time, respectively, between the top
4 algorithms for different estimator values. We notice that
the MLP processing time increases exponentially when
the number of estimators increases, while the AUC value
hardly improves. Hence, we stopped the experiments at
500 bagging estimators. The CatBoost Classifier achieves
better AUC score and processing time performance than
MLP, but it is still worse compared to Light GBM and
XGBoost. The processing time for Light GBM and XG-
Boost Classifiers demonstrates a gradual increase. Al-
though XGBoost is superior to Light GBM, by a value
of 0.0002 AUC score. Light GBM has a better process-
ing time on average, whose difference becomes more pro-

nounced as we increase the number of estimators. In Fig.
8, the AUC score values are depicted across a range of 1
to 500 estimators for ease of viewing. The graph reveals
an inflection point, or an “elbow,” at around 200 estima-
tors for both, Light GBM and XGBoost. The process-
ing time of XGBoost at that point, although it doubles
the processing time of Light GBM it is negligible (less
than 894 seconds). Hence, we use Bagging XGBoost with
200 estimators as the optimal choice for our model. For
use cases with higher constrains in processing time, Light
GBM could be a better choice.

Then, we proceed to perform the ablation study on the
different datasets we defined in Section 4.1 with XGBoost
with 200 estimators. Fig. 9, shows the value of the AUC
score for the five datasets, along with a comparison with
the dataset containing all the 35 variables defined in Ta-
ble 1, which we will refer to as “full dataset”. Fig. 10,
shows the corresponding ROC curves, and Table 7 shows
the detailed results. We can observe that the Entry con-
text + Base dataset (in purple) with a value of 0.752177
provides the most information to the problem in terms of
AUC performance. It is followed by the Socio-Economic

120



Fig. 5. ROC curve for the eleven machine learning algorithms used

Fig. 6. AUC score comparison: Light GBM, MLP, XGBoost and CatBoost Classifiers. We run MLP Classifier only from 1 to 500 estimators
because the improvement in AUC when augmenting the estimators was negligible, while the processing time increase exponentially
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Fig. 7. Time comparison: Light GBM, MLP, XGBoost and CatBoost Classifiers. We run MLP Classifier only from 1 to 500 estimators because
the improvement in AUC when augmenting the estimators was negligible, while the processing time increase exponentially

Fig. 8. Elbow Point for Light GBM and XGBoost models in 200 bagging estimators
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Models Ensemble
Strategy Weights Meta

Classifier Test

AUC score Time (sec.)
Light GBM +MLP Classifier Voting (50,50) - 0.800563 251.985319
Light GBM +MLP Classifier Voting (70,30) - 0.801654 251.753127
Light GBM +MLP Classifier Voting (30,70) - 0.798382 252.117382

Light GBM + XGBoost Classifier Voting (50,50) - 0.801786 38.766567
Light GBM + XGBoost Classifier Voting (70,30) - 0.801819 38.615071
Light GBM + CatBoost Classifier Voting (50,50) - 0.801958 57.349756
Light GBM + CatBoost Classifier Voting (70,30) - 0.802192 57.267933

XGBoost Classifier + CatBoost Classifier Voting (50,50) - 0.801727 39.244806
XGBoost Classifier + CatBoost Classifier Voting (70,30) - 0.801775 38.833770
XGBoost Classifier + CatBoost Classifier Voting (30,70) - 0.800954 39.590995

Light GBM +MLP Classifier + KNN Voting (33,33,33) - 0.795801 267.582535
Light GBM +MLP Classifier + KNN Voting (60,30,10) - 0.800964 267.642321
Light GBM + XGBoost + CatBoost Voting (33,33,33) - 0.800966 67.303823
Light GBM + XGBoost + CatBoost Voting (40,30,30) - 0.802460 66.017960
Light GBM + XGBoost + CatBoost Voting (40,20,40) - 0.802397 68.945931
Light GBM + XGBoost + CatBoost Voting (50,30,20) - 0.802422 67.708285
Light GBM + XGBoost + CatBoost Voting (60,30,10) - 0.802217 67.008461

Light GBM +MLP Classifier Stacking - RandomForest 0.752192 2,209.391480
Light GBM +MLP Classifier Stacking - Light GBM 0.777118 2,212.529160

Light GBM + XGBoost + CatBoost Stacking - Light GBM 0.780084 693.482353
Light GBM + XGBoost + CatBoost Stacking - XGBoost 0.778326 697.756069
Light GBM + XGBoost + CatBoost Stacking - CatBoost 0.769178 714.536195

Light GBM +MLP Classifier + KNN Stacking - Light GBM 0.776217 2,814.143213
Light GBM +MLP Classifier
+ KNN + RandomForest Stacking - Light GBM 0.776080 6,647.374783

Table 4
Other ensemble strategies analysis for algorithms with the best results

context + Base dataset with a value of 0.707177.
In order to approach the maximum AUC score value

achieved by the XGBoost algorithm when using all vari-
ables (0.802409), we combined both datasets. We also
performed a correlation analysis to identify the most rele-
vant variables of both datasets contributing the most in-
formation. Fig. 11, displays the variables present in
the Entry Context and Socio-Economic datasets, along
with their correlation with the dependent variable. Af-
ter analyzing this figure, we decided to eliminate vari-
ables with correlations falling within the range of [-0.09,
0.09], meaning with less than 10% correlation. Conse-
quently, we have removed the variables: population, cur-
rent entry hour afternoon, and current entry hour dawn.

In Fig. 12 we present a bar chart, again with the
AUC values, for the two datasets that achieved the best
results: Entry and Socio-Economic context (+ Base).
Additionally, we introduce a combined dataset (Entry
Context + Socio-Economic + Base) containing all 10
variables from the original datasets. Furthermore, we
have created a simplified (reduction) combined dataset
based on the correlation analysis, which includes the
following 7 variables from the Entry Context, Socio-

Economic and Base datasets: total entries, avg visit,
km to dest, avg gross income, current entry east, cur-
rent entry hour morning, and current entry hour night.
We present the ROC curve for these improved datasets
in Fig. 13.

Finally, Table 7 compares the AUC score values, num-
ber of variables, and processing time of each dataset. It
can be observed that the combination of context datasets
formed by Entry Context, Socio-Economic, and Base with
10 variables reaches a close value (a difference of 0.01) to
the use of the full dataset. Furthermore, if we use the
reduced version, denoted “Socio-Economic + Entry Con-
text + Base (reduction)”, we observe a 22.2% reduction
in processing time and a reduction of 80% in the number
of variables used (from 35 to 7) with respect to the full
dataset. This combination represents only a loss of 0.0121
in the maximum AUC score obtained with the model.

Our work has some limitations related to bias in train-
ing. As mentioned in Section 4.3, we have excluded vehi-
cles with a stay time of less than 3.5 hours. This causes the
model to be unable to make predictions at the precise mo-
ment of the vehicle’s entry into the area but with a delay of
at least 3.5 hours from its arrival. Adding these vehicles
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Fig. 9. Bar chart with the value of AUC obtained for each defined dataset using Bagging XGBoost with 200 estimators

Fig. 10. ROC curve for the defined datasets using Bagging XGBoost with 200 estimators
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Fig. 11. Correlation analysis for variables in the Entry Context and Socio-Economic datasets

Fig. 12. Bar chart with the AUC value obtained for the detailed correlation study using Bagging XGBoost with 200 estimators
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Model Bagging Estimators Test
AUC score Time (sec.)

MLP Classifier 1 0.793184 212.845502
Bagging MLP Classifier 30 0.796351 3,616.870512
Bagging MLP Classifier 50 0.796359 6,164.704876
Bagging MLP Classifier 80 0.796375 9,611.036603
Bagging MLP Classifier 100 0.796423 11,358.486290
Bagging MLP Classifier 250 0.796466 31,299.27071
Bagging MLP Classifier 500 0.796467 62,506.932641

CatBoost Classifier 1 0.798610 31.696878
Bagging CatBoost 30 0.798313 878.978161
Bagging CatBoost 50 0.798423 1,439.435556
Bagging CatBoost 80 0.798525 2,266.095045
Bagging CatBoost 100 0.798630 2,857.258595
Bagging CatBoost 150 0.798714 4,257.845871
Bagging CatBoost 200 0.798723 5,631.068212
Bagging CatBoost 250 0.798711 7,011.509500
Bagging CatBoost 300 0.798716 8,482.161146
Bagging CatBoost 350 0.798725 9,873.686051
Bagging CatBoost 400 0.798727 11,327.662459
Bagging CatBoost 450 0.798733 12,761.623385
Bagging CatBoost 500 0.798725 14,139.715798
Bagging CatBoost 1500 0.798745 42,504.386149
Bagging CatBoost 2000 0.798738 56,916.862839
Bagging CatBoost 2500 0.798727 72,213.213867
Bagging CatBoost 3000 0.798749 86,811.868792

Table 5
Ensemble bagging analysis for MLP and CatBoost Classifier.

resulted in a 0.05-point deterioration in the AUC score.
Nevertheless, the decision regarding the time threshold
was made, balancing the model’s performance and suffi-
cient time to enable policymakers to make quick decisions
on the ground. We believe that this 3.5-hour window al-
lows flexibility in making decisions.

6. Conclusion

This paper presents a machine learning model for
tourist prediction, focusing on a classification algorithm
designed to forecast the number of nights a vehicle stays
in a rural tourist region located in high mountain areas.
The LPR sensor data is enriched with contextual infor-
mation, such as the owners’ residence location. Defining
datasets and storing vehicle visit history enables predict-
ing the number of nights with a few hours of delay from
vehicle entry. Additionally, we conduct an ablation study,
exploring datasets derived from various data sources and
expert knowledge, analytically demonstrating the value

each dataset contributes to the model. The results reveal
a significant reduction of 22.2% in processing time and
an 80% decrease in the number of variables used, com-
pared to applying the model on all variables and render-
ing only a 0.01 loss of the AUC score. Our work is use-
ful for scientists developing predictive models in the field
of tourism. By identifying the most important databases,
our results guide them in strategically allocating their re-
sources to obtain and handle specific datasets. This be-
comes particularly advantageous when they encounter re-
source constraints concerning finances and time alloca-
tion for a given project. Our proposal could be extended
with additional information from other datasets.
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Fig. 13. ROC curve for the detailed datasets using Bagging XGBoost with 200 estimators
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Model Bagging Estimators Test
AUC score Time (sec.)

Light GBM 1 0.801207 29.222903
Bagging Light GBM 30 0.802045 126.960913
Bagging Light GBM 50 0.802076 220.738479
Bagging Light GBM 80 0.802114 332.957847
Bagging Light GBM 100 0.802150 464.916159
Bagging Light GBM 150 0.802185 694.649814
Bagging Light GBM 200 0.802199 921.147756
Bagging Light GBM 250 0.802184 1,152.046603
Bagging Light GBM 300 0.802188 1,382.276393
Bagging Light GBM 350 0.802206 1,612.056429
Bagging Light GBM 400 0.802209 1,841.251040
Bagging Light GBM 450 0.802207 2,060.768677
Bagging Light GBM 500 0.802210 2,354.839286
Bagging Light GBM 1500 0.802211 7,571.803962
Bagging Light GBM 2000 0.802214 9,682.179090
Bagging Light GBM 2500 0.802213 11,647.081261
Bagging Light GBM 3000 0.802212 13,480.760810
XGBoost Classifier 1 0.800391 11.009313
Bagging XGBoost 30 0.802134 269.519583
Bagging XGBoost 50 0.802165 438.245013
Bagging XGBoost 80 0.802241 698.889167
Bagging XGBoost 100 0.802285 865.735364
Bagging XGBoost 150 0.802346 1,302.160010
Bagging XGBoost 200 0.802409 1,814.137277
Bagging XGBoost 250 0.802390 2,178.676117
Bagging XGBoost 300 0.802368 2,607.685399
Bagging XGBoost 350 0.802381 3,037.155903
Bagging XGBoost 400 0.802384 3,477.172626
Bagging XGBoost 450 0.802382 3,936.966248
Bagging XGBoost 500 0.802383 4,365.816685
Bagging XGBoost 1500 0.802393 13,190.436564
Bagging XGBoost 2000 0.802382 17,518.338156
Bagging XGBoost 2500 0.802383 22,283.368221
Bagging XGBoost 3000 0.802381 26,753.253852

Table 6
Ensemble bagging analysis for Light GBM and XGBoost Classifier
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Dataset Name AUC score Num. Variables Time (sec.)
Basic Datasets

Full 0.802409 35 1,814.137277
Entry Context + Base 0.752177 7 1,187.963586

Socio-Economic + Base 0.707177 5 1,399.354359
Holidays + Base 0.663150 18 1,386.297427

Visit + Base 0.636980 11 1,396.513810
Base 0.626390 2 1,157.062184

Improved Datasets
Socio-Economic +

Entry Context + Base 0.791818 10 1,424.717826

Socio-Economic +
Entry Context + Base

(reduction)
0.790330 7 1,411.681485

Table 7
AUC score, number of variables and processing time for the different datasets using XGBoost model with bagging and 200 estimators
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touristic flow prediction with graph neural networks
and heterogeneous open data, Information Fusion 91
(2023) 582–597.

[3] Z. Zhai, P. Liu, L. Zhao, J. Qian, B. Cheng, An
efficiency-enhanced deep learning model for city-
wide crowd flows prediction, International Journal
of Machine Learning and Cybernetics 12 (2021)
1879–1891.

[4] M. Lin, X. Zhao, Application research of neural
network in vehicle target recognition and classifi-
cation, in: 2019 International Conference on Intel-
ligent Transportation, Big Data & Smart City (IC-
ITBS), IEEE, 2019, pp. 5–8.

[5] Z. Ning, J. Huang, X. Wang, Vehicular fog com-
puting: Enabling real-time traffic management for
smart cities, IEEE Wireless Communications 26 (1)
(2019) 87–93.

[6] W. Yao, C. Chen, H. Su, N. Chen, S. Jin, C. Bai,
Analysis of key commuting routes based on spa-
tiotemporal trip chain, Journal of Advanced Trans-
portation 2022 (2022).

[7] Z. Liu, Y. Liu, Q. Meng, Q. Cheng, A tailored
machine learning approach for urban transport net-
work flow estimation, Transportation Research Part
C: Emerging Technologies 108 (2019) 130–150.

[8] O. Cats, F. Ferranti, Unravelling individual mobil-
ity temporal patterns using longitudinal smart card
data, Research in Transportation Business & Man-
agement 43 (2022) 100816.

[9] M. A. Mondal, Z. Rehena, Identifying traffic con-
gestion pattern using k-means clustering technique,
in: 2019 4th International Conference on Internet
of Things: Smart Innovation and Usages (IoT-SIU),
IEEE, 2019, pp. 1–5.

[10] M. L. M. Peixoto, A. H. Maia, E. Mota, E. Rangel,
D. G. Costa, D. Turgut, L. A. Villas, A traffic
data clustering framework based on fog comput-
ing for vanets, Vehicular Communications 31 (2021)
100370.

[11] D. Buhalis, Technology in tourism-from information
communication technologies to etourism and smart
tourism towards ambient intelligence tourism: a per-
spective article, Tourism Review 75 (1) (2020) 267–
272.

[12] J. Tang, J. Zeng, Y. Wang, H. Yuan, F. Liu,
H. Huang, Traffic flow prediction on urban road net-
work based on license plate recognition data: com-
bining attention-lstm with genetic algorithm, Trans-
portmetrica A: Transport Science 17 (4) (2021)
1217–1243.

[13] J. Tang, J. Zeng, Spatiotemporal gated graph atten-
tion network for urban traffic flow prediction based
on license plate recognition data, Computer-Aided
Civil and Infrastructure Engineering 37 (1) (2022)
3–23.

[14] G. Yang, D. Coble, C. Vaughan, C. Peele, A. Mor-
sali, G. F. List, D. J. Findley, Waiting time estima-
tion at ferry terminals based on license plate recog-
nition, Journal of Transportation Engineering, Part
A: Systems 148 (9) (2022) 04022064.

[15] W. Yao, J. Yu, Y. Yang, N. Chen, S. Jin, Y. Hu,
C. Bai, Understanding travel behavior adjustment
under covid-19, Communications in Transportation
Research (2022) 100068.

[16] P. Wang, J. Lai, Z. Huang, Q. Tan, T. Lin, Estimating
traffic flow in large road networks based on multi-
source traffic data, IEEE Transactions on Intelligent
Transportation Systems 22 (9) (2020) 5672–5683.

[17] Q. Liu, J. Zhang, J. Liu, Z. Yang, Feature extraction
and classification algorithm, which one is more es-
sential? an experimental study on a specific task of
vibration signal diagnosis, International Journal of
Machine Learning and Cybernetics (2022) 1–12.

[18] R. Meyes, M. Lu, C. W. de Puiseau, T. Meisen,
Ablation studies in artificial neural networks, arXiv
preprint arXiv:1901.08644 (2019).

130
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Abstract

Understanding repeat visitation patterns in tourism is important for optimizing economic benefits, as loyal visitors
significantly contribute to the stability and growth of destinations. However, this area remains underexplored, espe-
cially in smart villages where data limitations challenge traditional machine learning (ML) approaches. Although
neural networks (NN) have proven effective in various research fields, they struggle with small datasets. We propose
a ML application for tracing repeat visitors using NN suitable for small datasets. Specifically, we designed SASD
(Self-Attention for Small Dataset), a deep learning architecture that incorporates self-attention layers to address data
limitations. We applied SASD to predict tourists’ visit intentionality in the next 12 months in a smart village re-
gion, using as training data, information from License Plate Recognition sensors, and questionnaires. We evaluated
its performance against various ML algorithms; Decision Trees, Random Forests, K-NN, Logistic Regression, Gra-
dient Boosting, Naive Bayes, SVM, MLP, RNN, and LSTM, TabNet and TabTransformer. Our results demonstrate
greater accuracy, recall, precision, and F1-score. Specifically, SASD outperforms other models by up to 3% on the
weighted average F1 score. Our results also confirm that in NN, the incorporation of self-attention layers accelerates
convergence and reduces processing time by 32%. The best results are achieved with two self-attention layers placed
at the beginning and end of the NN. Our results provide insights for policymakers, business managers, local com-
munities, and environmental organizations, enabling informed decisions and optimal resource allocation for tourism
development.

Keywords: Self-Attention, Deep Learning, Internet of Things, Tourism Development, Repeat Tourism, Sensors

1. Introduction

Tracing repeat tourism involves identifying tourists
who return to the same destination one or multiple times
[1]. Repeat tourists tend to show higher levels of sat-
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isfaction and loyalty, which translates into greater eco-
nomic benefits for destinations through consistent spend-
ing and positive word-of-mouth promotion [2, 3]. In addi-
tion, repeat visitors can contribute to more stable demand,
which assists policymakers in infrastructure planning and
resource allocation [4]. In parallel, the concept of smart
villages - rural communities that use digital technologies
to improve the lives of their people and the economy -
has gained attention [5]. By applying machine learning
(ML) techniques, researchers can predict the number of
individuals that revisit an area and thus improve resource
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management in future events [6, 7]. We propose a ML ap-
plication for tracing repeat visitors using neural networks
for small datasets by incorporating self-attention layers to
address data limitations.

Neural Networks (NN) have gained prominence in nu-
merous research fields, such as education [8, 9], health
[10, 11, 12] and tourism [13, 14, 15]. Although NNs were
originally applied to image-related tasks [16, 17], they
have since demonstrated effectiveness across a broader
range of applications, including object recognition, text
classification, and sound and video data processing [18,
19, 20]. Recent studies also show that, even with tabular
data, NNs outperform classical algorithms [21, 22].

Usually, NNs work best when trained with a large
amount of data. However, there are cases where the
amount of data is small, but we want to take advantage
of the performance of NN. Several tools can help NN to
acquire knowledge from limited datasets, such as weight
extraction [21] or attention mechanisms [23]. Attention-
based models on small datasets have been tested in the
field of image learning [24, 25]. While NN with attention
mechanisms have also been developed for tabular data,
such as numerical or alphanumeric data coming from sen-
sors or questionnaires [26, 27], these solutions are not
fully adapted to small datasets [28], which remains a lim-
itation in our specific problem. Specifically, we propose
Self-Attention for Small Dataset (SASD), a NN that pro-
vides a solution to a tabular sparse data problem in the
area of smart villages.

The rise in the installation of IoT sensors for building
smart cities has increased the volume of data, and hence
the analysis of such data, for example, in the field of vehi-
cle monitoring [29, 30] using Global Positioning System
(GPS) or License Plate Recognition (LPR) systems, and
other smart devices [31, 32]. This trend has also been
used recently in smart villages [5]. IoT derived data can
be combined with context data or questionnaires [33, 34].
However, questionnaires are difficult and costly to obtain
but remain necessary for predicting certain human behav-
iors [10, 35]. Their restriction lies in the cost of imple-
mentation (economic and temporal) because the sample
of respondents may not be sufficient, presenting various
challenges in constructing deep learning models on this
data [35, 36]. We design the architecture as a classifi-
cation model to predict the intentionality of returning in
the next 12 months of visitors in a rural tourist area. We

trained our model with a limited number of questionnaires
and data from LPR sensors providing the vehicle behav-
ior in the area. We use the information from the question-
naires to label the intentionality of future visits and use it
as a variable to predict. We compare the performance of
this model with several popular classification algorithms
in the literature, including two versions of Recurrent Neu-
ral Networks (RNN), and two tabular data transformers
(TabNet and TabTransformer). In addition, we apply spe-
cific optimization techniques on the SASD model, includ-
ing variations in the number and position of the attention
layers, and performing an ablation test on dropout and
ReLU layers. We also try an alternative version that re-
places the self-attention layers with multihead-attention
layers, the Multihead-Attention Small Dataset (MASD)
model.

Our results show that two self-attention layers, one
at the beginning of the NN and one at the end, pro-
vide the best results. Comparative results demonstrate
that SASD outperforms other popular classification al-
gorithms in terms of precision, accuracy and F1-score,
underscoring its value as an effective tool for anticipat-
ing tourists’ visit intentions with scarce data. The MASD
model performs worse than SASD model.

Over the last decade, tourism development strategies
have increasingly emphasized sustainable tourism devel-
opment, seeking to balance economic, environmental,
and social benefits [37, 38]. However, recent research
continues to stress the need for deeper exploration into
frameworks and mechanisms that can effectively achieve
this balance [39, 40]. Emerging solutions in sustainable
tourism development integrate sensor data and machine
learning to enhance visitor experiences, optimize resource
use, minimize environmental impacts, and predict traf-
fic flows and tourism demand [41, 42, 43]. Our interest
in predicting repeat visitors using small datasets within
a rural context aligns with this progressive shift toward
sustainable tourism. By employing precise forecasting
models to analyze tourist patterns, policymakers can opti-
mize the allocation of public resources to support tourism
growth while mitigating potential adverse impacts [44].
For business managers, accurate demand predictions fa-
cilitate efficient resource allocation [45], while local com-
munities and environmental organizations gain a clearer
understanding of the role that preserving cultural heritage
and natural ecosystems plays in attracting repeat visitors
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[46].
Traditional tourism development research has long un-

derscored the role of domestic economic, financial, and
political risks in shaping sustainable tourism. Political
stability, for instance, positively impacts tourism revenues
in less-developed countries, although the effect is less
pronounced in developed nations [47]. Similarly, reduc-
ing economic, financial, and political risks is critical to
attracting international tourists and fostering sustainable
tourism development [48]. Geopolitical risks and cur-
rency depreciation negatively affect tourism in the short
term, whereas favorable economic policies yield positive
long-term outcomes [49]. While these factors are unde-
niably significant in shaping tourism patterns, our model
controls their influence by focusing on a specific rural area
in a developed country, making predictions under the as-
sumption of relatively stable domestic conditions.

The remainder of the paper is organized as follows.
Section 2 describes the related work. Section 3 presents
the theoretical basis for each of the layers we use in our
NN classification model. Section 4 explains the use case,
including data collection methodology and the prepro-
cessing of the dataset. Section 5 defines the proposed NN
configuration and the experimental procedure. Section 6
shows the analysis and discussion of the results, and Sec-
tion 7 concludes the paper.

2. Related work

Machine learning, and especially deep learning models,
need a great amount of data, which is sometimes impossi-
ble to obtain. For small datasets, the depth of the network
matters less than how the knowledge transfer is executed
[23]. A few studies seek for solution in NN with limited
training data [24, 25]. However, most examples in this
area apply NN on image datasets. Some works opt to use
transformers or incorporate layers of attention to improve
knowledge transfer with images [50, 51]. A few works
use NN models with scarce tabular data, outperforming
other classical ML algorithms. For example, in [21], the
authors combine a classification NN with two auxiliary
networks in charge of producing the weights to be used
by the first layer of the model. However, they do not use
attention, which may be a more robust method for feature
extraction [52].

With the rise of deep learning, many authors have em-
ployed artificial NNs such as BackPropagation Neural
Network (BPNN), Long Short-Term Memory (LSTM), or
Neural Network Autoregressive (NNAR) to build predic-
tion models for tourist flows [53, 54, 55]. However, most
of these articles rely on historical tourist flow data ob-
tained from large public databases and do not consider
other contextual factors [56]. A few studies include data
obtained from LPR and/or GPS sensors in their NN mod-
els [57, 58], but do not incorporate contextual data. The
fusion of sensor data with other data sources, such as ge-
olocated social media data, information about holidays, or
meteorological data [59, 60, 61], allows for the construc-
tion of more robust and efficient ML models.

In the tourism domain, some studies have integrated
techniques to improve visitors’ forecasting, such as at-
tention mechanisms. [62] use Convolutional Neural Net-
work (CNN) with multihead-attention. [63] developed a
transformer-based model that utilizes an adaptive evolu-
tion algorithm to fine-tune the model’s parameters. [64]
introduce a transformer-based framework combining time
series decomposition, temporal fusion transformers, and
hyperparameter optimization. All these works focus on
forecasting tourist flow demand, meaning they do not ad-
dress the issue of whether individuals will repeat their
visit. Additionally, they rely on extensive historical
datasets, which means they do not encounter the chal-
lenges related to the limited data in our smart village use
case. Although there are solutions for tabular data such as
TabNet [26] and TabTransformer [27], they are prone to
overfitting on small datasets due to their architecture [28].

In the field of tracing repeaters in tourism, we find few
works of application to ML. [7] applies traditional clas-
sification algorithms to predict the visit intentionality of
hotel guests, but it still does not explore new architectures
such as transformers. [65] use transformer models tai-
lored for text analysis. They analyze sentences, specifi-
cally tweets from X (former Twitter), to predict if an in-
dividual will visit or not a destination. However, our data
is not textual, and in general, this methodology cannot be
applied to rural villages, where textual data (tweets) are
nearly nonexistent [66].

Our case study has a dataset limited in the number of
instances. So our architecture must address a gap found in
the literature: applying attention layers in NNs to improve
the performance of the models when trained with small
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tabular datasets. While these layers have been used in NN
for image classification, their use for classifying tabular
data remains unexplored.

3. SASD

The proposed multiclass classification model, depicted
in Fig. 1, utilizes common layers in NNs, using a hybrid
architecture that combines linear layers, batch normaliza-
tion, ReLU (Rectified Linear Unit) activations, dropout
and introduces self-attention layers. Attention mecha-
nisms dynamically evaluate the relevance of different seg-
ments within the input data, enhancing the model’s sensi-
tivity and ability to learn about the relationships and de-
pendencies in the sequence [67]. By evaluating the signif-
icance of each element in relation to its context and con-
nections to others, the attention mechanism enables the
model to focus on the most relevant parts of the input se-
quence, [68]. The decision to incorporate attention layers
is motivated by their adaptability and versatility, which
are important in handling noisy data, such as sensor data
or questionnaire data, that are generally subjective.

The common layers use in the literature are linear,
batch normalization, ReLU and dropout. A linear layer is
a component in NNs that transforms input data into output
features that can be used for further processing or mak-
ing predictions. The core functionality of a linear layer
lies in its ability to apply a linear transformation to the
input data it receives. After this linear layer, batch nor-
malization and ReLU activations take place. Firstly, batch
normalization is a technique that aims to stabilize and ac-
celerate the training process by normalizing the inputs of
each layer within a network. It works by adjusting and
scaling the activations of a previous layer, based on the
mean and variance of the current mini-batch of data [69].
Secondly, the ReLU adds non-linearity to our model, en-
abling it to learn and model complex relationships in the
data. In this way, it helps maintain the essential charac-
teristics of the data while minimizing the impact of noise
[70]. The use of batch normalization followed by ReLU
activations demonstrates that it solves the “Vanishing Gra-
dient Problem” since the input is normalized, and it main-
tains positive and constant gradients, accelerating learn-
ing in NN [69, 71], which in the case of having small
datasets is essential. Moreover, the combined use of batch

normalization with the dropout layer speeds the conver-
gence. It reduces overfitting, as the mutual information
and correlation coefficient between any pair of neurons
are reduced [72]. Specifically, dropout layers are particu-
larly beneficial in scenarios involving noisy data because
there is a risk that the NN learns the noise as if it were
a significant feature of the problem, leading to overfitting
and, consequently, poor generalization to new data [73].

Our model addresses the problem of optimizing the NN
architecture for multiclass classification tasks with scarce
training data through the exploration of integrating and
positioning attention layers within the network’s archi-
tecture. The attention mechanism captures complex de-
pendencies and performs contextual analysis of the input
data. Our work has focused on investigating how the in-
clusion of attention layers and the position in the model
affects the performance of the model. From a hybrid ar-
chitecture that combines linear layers, batch normaliza-
tion, ReLU activations and dropout, we have maintained
the core of the model while systematically varying the po-
sition of attention layers throughout the network: at the
beginning, in the middle, at the end, etc. Fig. 1 shows one
of the configurations, the one that reaches the best results,
with two self-attention layers, one at the beginning and
one at the end of the network. To adapt the model to our
small dataset, we apply batch normalization, ReLU acti-
vation, and sequential dropout. This combination acceler-
ates convergence [69], adds nonlinearity for better learn-
ing of variable relationships [70], and avoids overfitting
[73], directly solving the frequent problems of training
limited data [71]. We have also experimented with mod-
els that, instead of self-attention layers, have multihead-
attention layers.

Mathematical representation of self-attention and
multihead-attention

Self-attention is an attention mechanism where the in-
put sequence itself serves as the queries, keys, and val-
ues. This allows the model to weigh the importance of the
words in a sentence, capturing long-term dependencies
and enhancing the contextual representation of each word.
For an input sequence X = [x1, x2, · · · , xn], where xi is
a vector of features for the i-th word, the self-attention
mechanism (see Fig. 2) is calculated as follows:
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Fig. 1. SASD: proposed model with two self-attention layers, one at the beginning and one at the end of the network.

Attention(Q,K,V) = softmax
(

QKT

√
dk

)
V (1)

This Equation 1, is known as “Scaled Dot-Product At-
tention” and is characterized by:

• Linearly transform the input X to obtain the matri-
ces of queries (Q), keys (K), and values (V), respec-
tively:

Q = XWQ, K = XWK , V = XWV , (2)

where WQ, WK , and WV are weight matrices that fa-
cilitate the transformation of the input data X into
different representations for the purpose of comput-
ing attention scores.

• Compute the dot product QKT to obtain the attention
scores, which are then scaled by the inverse square
root of the dimension of the keys (dk), i.e., 1/

√
dk, to

prevent the scores from becoming too large.

• Finally, apply the softmax function to each row of
the scaled QKT matrix, normalizing the weights to
sum 1, and use these to weight the values (V) through
matrix multiplication.

The multihead-attention mechanism shortens the pro-
cessing time of the self-attention mechanism by process-
ing multiple attention tasks simultaneously. Initially, the
Q, K, and V vectors are projected into h separate sets,
named Qi, Ki, and Vi for each i = 1, . . . , h. Then, the
scaled dot-product attention Equation 1 is applied to each
projection set. Following this, the results are merged by
first concatenating them and then applying a linear pro-
jection. See Fig. 3 and Equation 3.

MultiHead(Q,K,V) = Concat(head1, . . . , headh)WO (3)

where each headi is calculated as:

headi = Attention(QWQ
i ,KWK

i ,VWV
i ) (4)

Here, WQ
i , WK

i , and WV
i represent the projection matri-

ces for transforming Q, K, and V in the i-th head, and WO
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Fig. 2. Self-attention layer

Fig. 3. Multihead-attention layer
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is the matrix used for the final projection.
In multihead-attention, each head focuses on different

parts of the input sequence. Hence, the model captures
a wider range of dependencies than a single instance of
self-attention.

4. Use case

The application of our model is focused on the visit in-
tentionality of different visitors to a tourist area in the next
12 months. This intentionality is gathered through ques-
tionnaires, which, due to the inherent cost of the ques-
tionnaires, led to a scarce dataset. To define the profile of
the respondents, we use visitor behavior data from previ-
ous visits, matching the license plate of the questionnaires
with the previous visits. Data from previous visits is ob-
tained from a sensor network installed in the area. The
system comprises four Hikvision LPR IP cameras with
Deep Learning-based Automatic Number Plate Recogni-
tion (ANPR). We focus on a rural tourist area, specifically
in three villages near the Sierra Nevada National Park in
Granada, Spain. These cameras record vehicle license
plates at each village’s entry and exit points, as depicted
in Fig. 4. Due to the road layout, deploying four cameras
strategically covers all access points to the villages, opti-
mizing costs and system complexity. The LPRs record the
license plate number of vehicles and the timestamp at the
moment they pass by. To anonymize this information, we
replace each license plate number with a unique integer
value. The dataset covers all the traffic in the area from
February 2022 to July 2023 (17 months).

Fig. 5 shows the data collection process, preprocessing
performed on the datasets to obtain clean data, and data
analysis. In the next subsections, we explain the four main
phases of Fig. 5, highlighted in yellow. In the first phase,
we collected and preprocessed data to obtain dataset vari-
ables. The overall sample size of the questionnaires lim-
its the size of the merged data from sensors and external
sources. Thus, data scarcity will significantly constrain
our predictive model. The anomaly detection phase aims
to identify and remove data points that could introduce
noise in the distribution. During the data transformation
phase, we apply various scaling changes to normalize the
data distance. Finally, we select an ML model and evalu-
ate it using different metrics.

4.1. Data collection and preprocessing

This process involves collecting data from sensors
and heterogeneous data sources, such as web pages or
datasets. In our case, we collected the data from the
LPR cameras and combined their information with other
contextual datasets, including vehicle information, de-
mographic and economic data, national holidays calen-
dar and geographic data. The information collected in-
cludes more than 85,000 vehicles. In addition, we col-
lected 522 questionnaires from one of the villages. We
surveyed different drivers in the parking area, collecting
demographic information and visiting details through var-
ious questions.

With the license plate variable we cross-referenced
LPRs data, contexts datasets and questionnaires, result-
ing in a dataset of 522 instances, limited by the num-
ber of questionnaires. Then, we select the most relevant
variables for our problem using a correlation study. Ad-
ditionally, we remove rows containing missing informa-
tion, resulting in 514 vehicles with complete data from all
sources. We only use one variable (pred label) from the
questionnaires, which contains the respondent’s intention
to visit the area in the next 12 months. The datasets are
designed from the vehicle’s perspective and contain the
average or accumulated information (depending on the
variable) of its behavior in all the visits to the area. We
consider a visit the time that a vehicle spends between en-
tering and leaving the area. We built five datasets with 30
variables, described in Table 1. These datasets are:

• Vehicle behavior: consists of variables that cap-
ture details for representing the spatio-temporal fre-
quency of a vehicle in the given area. These variables
are derived from raw LPR data. These variables in-
volve additional computations based on fundamental
camera variables (such as total entries, which count
the entries to the area in different visits. We separate
each visit as the action of going out of the area and
not coming back in at least 30 minutes. These vari-
ables offer insights into vehicle behavior within the
area. These unique variables, which are not usually
included in the LPR literature, provide information
on the spatio-temporal patterns of vehicles and ac-
tivities during the stay in the area.

• Holiday context: contains different variables related

144



Fig. 4. Configuration of the four-LPR system that gathers vehicle data.
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Fig. 5. Schematic of the data collection, preprocessing methodology used, and data analysis.
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to vacations and working days based on external in-
formation from national calendars. High season days
include the most important holiday periods: Sum-
mer Holiday, Christmas, and Holy Week1. The na-
tional calendar data are from the Python library “hol-
idays”2.

• Geographic data contains variables related to the
vehicle’s provenance based on external informa-
tion from a private dataset provided by the Spanish
Directorate-General for Traffic (DGT)3. We obtained
the distance to the area from their provenance in-
formation and two libraries: pgeocode4 and geopy5.
The variable ’area’ is a number from 1 to 5 that in-
dicates the assigned zone for a vehicle based on its
provenance region. This assignment considers both
the geographical location and the Gross Domestic
Product (GDP). The areas are defined as follows:
Area 1 (Areas nearby with low GDP), Area 2 (Ar-
eas a bit further away with low to medium GDP),
Area 3 (Intermediate areas with high GDP), Area 4
(Distant areas with high GDP), and Area 5 (Remote
areas with low GDP).

• Demographic and Economic data: contains further
variables related to the vehicle’s provenance. These
variables are the population and gross income. They
are obtained from the website of the National Statis-
tics Institute (Spanish: Instituto Nacional de Estadis-
tica, INE)6, the data are available for regions with
more than 1000 inhabitants and are updated until
2020.

• Questionnaires: conducted in January, March, and
July 2023 on a population excluding local residents
and maintaining the same proportion as the LPR
dataset among visitors from the five different areas
defined above. The questionnaires were taken in a

1https://es.statista.com/temas/3585/

vacaciones-en-espana/#topicOverview
2https://python-holidays.readthedocs.io/en/latest/
3https://sede.dgt.gob.es/es/vehiculos/

informe-de-vehiculo/
4https://pgeocode.readthedocs.io/en/latest/
5https://geopy.readthedocs.io/en/latest/
6https://www.ine.es/index.htm

parking lot and contained 15 questions, collecting a
variety of demographic and behavioral information
related to vehicle usage and visitor patterns. Addi-
tionally, the surveyor visually confirmed the vehicle
license plate number to ensure data accuracy. One
of the questions included was the intention to visit
the area (in number of visits) in the next 12 months,
which is the variable to predict in our problem. Six of
the remaining questions are related to LPR informa-
tion: time of entry into the zone, approximate time
of exit from the zone, number of visits to the zone
in the last year, overnight stays during their visit, li-
cense plate number, and residential postcode. These
were employed as control questions to verify and
validate the questionnaire data with the LPR camera
data. The other eight variables: age, gender, annual
income, education level, number of passengers, em-
ployment status, and two additional variables related
to tax payment requested by policymakers, were not
used in this work, as they were intended for munici-
pal reports and other applications.

4.2. Anomaly detection

Outliers are defined as data points that deviate signifi-
cantly from the majority due to errors or variations, and
can greatly influence the statistical results [74, 75]. In
the context of LPR data (visiting behavior) and question-
naires (intentionality to repeat), we refer to outliers as
people who give contradictory answers or show inconsis-
tent behavior, which may occur despite the application of
a screening phase. For example, a visitor who has indi-
cated that they will return several times in the future, but
their behavior in the area is similar to that of people who
have never repeated visits. This approach avoids biasing
the results and improves the robustness of the analysis by
addressing and resolving inconsistencies or outliers in the
data prior to the analysis [75]. For this task, we tested 3
popular outlier detection algorithms. The first one is the
Isolation Forest, which creates multiple random decision
trees to identify and eliminate potential anomalies in the
data [76]. This method is effective as anomalies tend to
be isolated in smaller regions of the feature space, making
them easier to detect. This algorithm allows the specifi-
cation of the contamination percentage of the dataset, so

147



Data type Variable Type Description

Vehicle behavior
(LPR cameras)

visit time Time Total time of stay.
distance Float Total distance traveled in kilometers within the area.
nights Integer Number of nights.

visits dif weeks Integer Number of different weeks with at least one visit.
visits dif months Integer Number of different months with at least one visit.

fidelity Float
Number of visits after maintaining

fidelity of at least five days.
total entries Integer Total number of entries.

avg visit Time Average visit time.
std visit Time Standard deviation of the average visit time.

avg nights Float Average number of nights.
std nights Float Standard deviation of the average number of nights.

Holiday context
(National calendar)

num holiday Integer Number of holidays spent.
avg holiday Float Average number of holidays spent.
std holiday Float Standard deviation of the average number holidays spent.

num workday Integer Number of workdays spent.
avg workday Float Average number of workdays spent.
std workday Float Standard deviation of the average number workdays spent.

num high season Integer Number of high season days spent.
avg high season Float Average number of days of high season spent.

std high season Float
Standard deviation of the average number

of days of high season spent.
num low season Integer Number of low season days spent.
avg low season Float Average number of days of low season spent.

std low season Float
Standard deviation of the average number

of days of low season spent.
entry in holiday Integer Number of entries on holiday.

entry in high season Integer Number of entries in high season.
Demographic and

Economic data
(INE)

population Integer Population size of the city/town of the provenance of the vehicle.

avg gross income Float Average gross income of the area of origin of the vehicle.

Geographic data
(DGT)

km to dest Float
Distance in kilometers between the origin of

the vehicle and the destination region.

area Integer
Label indicating the area of origin of the

vehicle among the 5 defined for the problem.

Questionnaires pred label Integer
Label of the predicted class that determines

the intentionality of a repeat visit to the area.
Table 1
Definition of the variables from different datasets.

it will adapt its parameters to eliminate the points neces-
sary to reach that sample percentage. We also consider the
interquartile range method (IQR). It identifies outliers be-
yond the range defined by [Q1−1.5 · IQR,Q3+1.5 · IQR],
where Q1 and Q3 are the first and third quartiles of the
data, respectively [77, 75]. Adjusting the value 1.5 allows
us to control the sensitivity to outliers. The last method
used is based on the z-scores of the observations given by
zi =

xi−x̄
s , where s is the standard deviation. The classi-

cal rule marks a point as an outlier if its Z-score exceeds
2.5. More precisely, the rule marks xi as peripheral if |zi|
exceeds 2.5 [77], but the threshold can be adapted to in-
crease or decrease the percentage of outliers.

4.3. Data transformation

Time variables have been converted into numerical val-
ues (expressed in hours) to facilitate the application of
feature scaling techniques and subsequent utilization in
ML algorithms. Various scaling methods have been em-
ployed in the literature, including the popular min-max
normalization and standardization [78, 79], and alterna-
tive methods based on IQR or considering the maximum
absolute value of each variable [80]. In our study, we eval-
uate these four methods to determine the most suitable
one for our data and analysis.

4.4. Model training and evaluation

In this use case, our goal is to predict tourist visit inten-
tionality over the next 12 months. We opted for a classifi-
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cation approach in supervised learning due to its effective-
ness in categorizing labeled data. Regression, which tends
to struggle with large data variability like ours, would
yield predictions with a significant margin of error [81].
For our problem, predicting exact details, such as the ex-
act number of intentional visits, is unnecessary; hence,
applying regression would not be appropriate. We dis-
cretized the variable pred label to create a classification
problem, dividing it into 3 separate classes: “Do not know
or will not repeat visit” (214 vehicles), “Will return 1 or 2
times” (202 vehicles), and “Will return 3 or more times”
(98 vehicles). We chose a three-class rather than a two-
class approach (return or not return) to capture detailed
visitor behaviors, which assists policymakers in making
decisions in the area.

To evaluate the model, we divide the data into three
sets: training, validation and test, with a ratio of 70-10-
20, respectively, as in the literature. We train the NN us-
ing the training set. We fit it with cross-validation using
the Cross-Entropy Loss function [82], which evaluates the
discrepancy between model predictions and actual labels.
We then evaluate the model with the test set, comparing
predictions with the actual labels to compute evaluation
metrics such as precision, recall, F1 score, and accuracy
[83]. We use the F1-score metric as a reference metric
since it is commonly used for evaluating unbalanced data
models [84]. We also use weighted average metrics for
model evaluation. First, we calculated the specific metric
for each class separately. Then, we consider the weights
to obtain the average, assigning more weight to classes
with a higher number of true instances for each label. This
approach provides a better interpretation for cases where
classes are unbalanced [85].

5. Experimental procedure

For training our model, we utilized the Adam optimizer
with a learning rate of 6e-5, we determined this value
by experimentation within a scale interval of e-3 to e-10,
knowing that smaller learning rates can improve conver-
gence stability, particularly for models trained on limited
or small datasets [86]. We employed a batch size of 1048,
which is supported by our NVIDIA GeForce RTX 3090
GPU environment with a total memory of 25.45 giga-
bytes, compatible with CUDA compute architecture 8.6.

For programming, we use an anaconda environment com-
patible with Python 3.9.18. Table 2 shows the complete
layer structure of our model. Alongside each layer, we
provide the value of internal parameters and hyperparam-
eters. The −1 value in the output shape column indicates a
dynamic dimension that adapts automatically to the batch
size of the data. The parameter p in dropout layers rep-
resents the probability of an element being zeroed, indi-
cating the likelihood of dropout occurring for each indi-
vidual element within the layer. The specified hyperpa-
rameter value for self-attention layers represents that the
number of output dimension for the query and key convo-
lution layers is one-fourth of the number of input dimen-
sion. We use the sigmoid activation function [87] in the
self-attention layers, since it is the option that obtained the
best results in all the cases evaluated.

We also use different algorithms popular in various
classification problems to create the model and com-
pare their performance with our proposed NN model.
These algorithms come from different families, each with
unique characteristics and advantages [88]. Recent re-
search highlights that, in certain scenarios, traditional al-
gorithms can outperform neural networks [89], in some
cases models such as MultiLayer Perceptron (MLP) out-
perform tabular data transformers [90]. It is therefore im-
portant to conduct a comprehensive review of a range of
traditional and deep learning approaches, including:

• Decision Trees: Decision Tree and Random Forest
[91].

• Nearest Neighbors: K-Nearest Neighbors [92].

• Logistic Regression: Logistic Regression [93].

• Gradient Boosting: Gradient Boosting Classifier
[94].

• Neural Networks: MLP Classifier [95], RNN [96],
and Long Short-Term Memory (LSTM) [97].

• Tabular Data Transformers: TabNet [26], and
TabTransformer [27].

• Bayesian Probabilistic Models: Gaussian Naive
Bayes [93].

• Support Vector Machines (SVM): Linear SVM
[98].
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Layer name Output shape Num. trainable params Hyperparameters
Linear-1 [-1,1024] 30,720 -

BatchNorm1d-2 [-1,1024] 2,048 -
ReLU-3 [-1,1024] 0 -

Dropout-4 [-1,1024] 0 p = 0.6

Self-Attention-5 [-1,1024] 1,574,400
out dim=in dim/4
activation=sigmoid

Linear-6 [-1, 512] 524,800 -
BatchNorm1d-7 [-1, 512] 1,024 -

ReLU-8 [-1, 512] 0 -
Dropout-9 [-1, 512] 0 p = 0.6
Linear-10 [-1, 256] 131,328 -

BatchNorm1d-11 [-1, 256] 512 -
ReLU-12 [-1, 256] 0 -

Dropout-13 [-1, 256] 0 p = 0.5
Linear-14 [-1, 128] 32,896 -

BatchNorm1d-15 [-1, 128] 256 -
ReLU-16 [-1, 128] 0 -

Dropout-17 [-1, 128] 0 p = 0.3
Linear-18 [-1, 64] 8,256 -

BatchNorm1d-19 [-1, 64] 128 -
ReLU-20 [-1, 64] 0 -

Dropout-21 [-1, 64] 0 p = 0.3

Self-Attention-22 [-1, 64] 6,240
out dim=in dim/4
activation=sigmoid

Linear-23 [-1, 3] 195 -
Table 2
Full configuration of the layers of the proposed self-attention model.

6. Results and discussion

Among the 3 outlier techniques tested (see Subsection
4.2), the one that yielded the best results was the applica-
tion of the Isolation Forest algorithm across all variables.
For this algorithm, we specify an outlier detection of 20%
for each class, which aligns with several studies [75, 99].
By removing the same percentage of outliers per class,
we preserve the class proportions of the original dataset
avoiding potential biases in the analysis. The final sample
consists of 410 vehicles, categorized as follows: “Do not
know or will not repeat visit” (171 vehicles), “Will return
1 or 2 times” (161 vehicles), and “Will return 3 or more
times” (78 vehicles). The resulting dataset has a ratio of
approximately 40%-40%-20% between the three classes,
our test dataset follows the same proportions. Next, we
perform a transformation of the data, where the best re-
sults for all metrics were obtained by min-max normal-
ization, followed by standardization, and finally scaling
using robust statistics.

To prove our proposal, we perform 3 experiments7. In
the first experiment, we use a baseline multiclass NN.
This architecture obtained the best F1 score, accuracy,
precision and recall results in 270 epochs, with a weighted
average F1 score of 0.74. In the second experiment, we
added self-attention layers (SASD) to the baseline NN. In
the last experiment, we added multi-headed attention lay-
ers (MASD) in place of self-attention layers in SASD to
introduce a parallelization of the tasks. We used 4 heads
of attention in the construction of MASD based on exper-
imentation with values between 2 and 64. This architec-
ture obtained the best F1 score, accuracy, precision and
recall results in 210 epochs, with a weighted average F1
score of 0.71. Baseline NN and MASD models’ results
for the precision, recall and accuracy metrics as well as
the F1 score values for the three classes can be seen in
Table 5.

7Models were run for 0–500 epochs, with final values based on met-
rics results convergence.
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Results for SASD

We analyzed SASD, the NN with self-attention, across
different epochs, analyzing how the number and place-
ment of self-attention layers affect the model’s efficiency.
The best results were achieved using two self-attention
layers: one at the beginning and one at the end of the net-
work. This configuration accelerates convergence, max-
imizes metrics, and captures global dependencies early,
enabling better contextualization in subsequent layers.

Hence, this first attention layer acts as a data ex-
ploration task, identifying the key characteristics in the
model early. Additionally, we have added a self-attention
layer before the last linear layer that acts as a refinement
mechanism, adjusting the model output to focus on the
aspects of the data that are more important in the final
classification problem. This can be seen as a final ex-
ploitation task, which focuses on the key characteristics
to make precise predictions. The comparative table of the
different ablation test results can be found in Appendix A
(see Table A.1).

Fig. 6 illustrates a comparison of training-validation
sets for accuracy (left) and loss (right) per epoch metrics
for the network with two self-attention layers at the initial
and final positions, which were the configuration with the
best results in the previous experiment. We can observe
that the highest accuracy on the validation set is achieved
between epochs 90 and 150. Regarding the loss graph, we
can see that the model starts to overfit from around epoch
160 (the difference between train and validation graphs
is high). From epoch 400 onwards, the validation line
remains constant, indicating that the model stops improv-
ing.

Table 3 presents the evaluation metrics and processing
time for epochs between 90 and 150. The best value is
achieved at 120 epochs, with a score of 0.75. The ex-
periment with self-attention layers achieves its maximum
accuracy value in a smaller number of epochs, almost half
of the experiment without attention layers. The process-
ing time is shorter, and the F1 score metric value improves
by 0.01 points.

As the results show that SASD outperforms MASD, we
will perform the ablation test and fine-tuning over SASD.
We conducted two ablation studies to analyze the influ-
ence of different model layers on our case study with
a small dataset. The first study explores the effects of

dropout layers and their probability values [24], and the
second study examines the impact of the ReLU layer be-
tween BatchNorm and Dropout [69]. Our experiments re-
veal that decreasing dropout enhance model performance
and that the ReLU layer improves the model’s ability to
generalize by introducing necessary nonlinearity. Further
details on the dropout layers results can be found in Ap-
pendix A (see Table A.2). The parameter settings and
final layer order obtained can be seen in Table 2.

Baseline classification algorithms
Table 4 presents the weighted metrics of precision, re-

call, and F1 score, accuracy, and processing time for the
different popular classification models that are still used
in the tourism literature [6, 7], the RNN and LSTM al-
gorithms, and TabNet and TabTransformer tabular data
models. We build the RNN model using a sequential RNN
layer, which processes the input step-by-step. Addition-
ally, we add a Dense layer with ReLU activation, follow
by another Dense layer with 3 units with softmax acti-
vation for classification. Similarly, we build the LSTM
model with the same structure but replaced the RNN layer
with an LSTM layer, which includes gates (input, forget,
and output) that regulate the flow of information, allowing
them to capture long-term dependencies more effectively
[100]. For traditional algorithms, we perform an 80/20
train-test split. SVM and logistic regression achieve sim-
ilar values for all the metrics and outperformed the rest of
these algorithms. RNNs and LSTMs achieve lower per-
formance metrics compared to SVM or logistic regression
because deep learning algorithms require larger amounts
of data to train effectively, which is not the case of this
dataset. Additionally, they are generally better suited for
time series data, given their ability to capture and model
the temporal dependencies inherent in such data [101].
The two tabular data models obtain higher values than the
average of the traditional algorithms, surpassing even the
RNNs. However, they fail to outperform MLP, Logistic
Regression and SVM, aligning our results with those ob-
tained in the work [90].

Discussion of the results
Table 5 summarises the results, comparing the results

of the three NNs, including our two proposed: SASD
and MASD, and the two best baseline classification al-
gorithms. The best model is SASD, achieving a value
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Fig. 6. Comparison of training-validation sets for accuracy (left) and loss (right) per epoch metrics for SASD.

F1 score per class weighted avg metrics

Epochs
Don’t know or

won’t repeat visit
(34)

Will return
1 or 2 times

(32)

Will return 3
or more times

(16)
precision recall F1 score accuracy time (sec.)

90 0.66 0.36 0.77 0.67 0.60 0.57 0.60 4.4260814
100 0.66 0.59 0.77 0.68 0.65 0.65 0.65 5.0372171
110 0.69 0.68 0.81 0.75 0.71 0.71 0.71 5.8176632
120 0.72 0.73 0.81 0.80 0.74 0.75 0.74 6.2430282
130 0.70 0.73 0.79 0.78 0.73 0.73 0.73 6.8389513
140 0.70 0.75 0.80 0.78 0.74 0.74 0.74 7.4455154
150 0.70 0.74 0.77 0.76 0.73 0.73 0.73 8.0596223

Table 3
Results of processing time and metrics for SASD.

of 0.75 for the weighted F1 score metric. Additionally,
this model has fewer epochs (converges more rapidly) and
consequently a lower preprocessing time than the other
NNs (up to 32% faster than the without attention version).
Although multi-attention is, in general, a better option, in
our case, when applied on a small dataset, multihead in-
creases the complexity of the model, worsening the per-
formance [24]. SASD is only surpassed by 0.01 points
in the F1 score for the classification of the second class
by the model without attention. The three neural net-
work models outperform the baseline algorithms. How-
ever, as previously mentioned, these algorithms have sig-
nificantly lower processing times, averaging around 450
times lower. Values of epochs higher than 120 might
seem excessive for a dataset of 400 samples. However, in
our case study, classification label is obtained from ques-
tionnaires that are considered a subjective variable, which
might introduce noise that could affect the late conver-
gence of the model [102, 103].

Our proposal pave the way for other researchers to ex-
plore the possibility of adding attention layers to other
NNs architectures (such as RNNs), and to take all the ad-
vantages of the NN even when the amount of data is not
enough to train a regular NN. Furthermore, this allows
stakeholders involved in tourism to make predictions on
small tabular datasets in order to take appropriate mea-
sures in the field of tourism development.

Practical implication for stakeholders

The findings of this paper hold significant policy im-
plications. By predicting repeat visitors using deep learn-
ing techniques, the results inform sustainable tourism de-
velopment strategies. Various stakeholders, including lo-
cal governments, tourism businesses, communities, and
environmental organizations, perceive these implications
differently, shaping their strategies and practices accord-
ingly.

First, local governments and tourism authorities play a
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Model weighted avg metrics
precision recall F1 score accuracy time (sec.)

Decision Tree 0.57 0.54 0.53 0.54 0.0030653
Random Forest 0.70 0.70 0.69 0.70 0.1659531

K-Nearest Neighbors 0.60 0.57 0.56 0.57 0.0006871
Logistic Regresion 0.78 0.72 0.72 0.72 0.0120337
Gradient Boosting 0.58 0.60 0.59 0.57 0.5109689

MLP Classifier 0.74 0.71 0.71 0.71 0.4370239
RNN 0.66 0.55 0.56 0.55 1.9156559

LSTM 0.67 0.60 0.57 0.60 2.1864752
TabNet 0.73 0.65 0.63 0.65 7.9505872

TabTransformer 0.71 0.70 0.70 0.70 12.2232128
Gaussian Naive Bayes 0.58 0.55 0.44 0.55 0.0010070

Linear SVM 0.79 0.72 0.72 0.72 0.0039882
Table 4
Results of processing time and metrics for the popular algorithms.

Model F1 score per class weighted avg metrics
Don’t know or

won’t repeat visit
(34)

Will return
1 or 2 times

(32)

Will return 3
or more times

(16)
precision recall F1 score accuracy time (sec.)

Baseline NN
270 epochs 0.72 0.74 0.79 0.79 0.74 0.74 0.74 9.1983194

SASD NN
120 epochs 0.72 0.73 0.81 0.80 0.74 0.75 0.74 6.2430282

MASD NN
210 epochs 0.71 0.67 0.81 0.74 0.71 0.71 0.71 11.7865441

TabTransformer 0.71 0.65 0.79 0.71 0.70 0.70 0.70 12.2232128
MLP Classifier 0.70 0.68 0.81 0.74 0.71 0.71 0.71 0.4370239

Logistic Regression 0.71 0.71 0.77 0.78 0.72 0.72 0.72 0.0120337
Linear SVM 0.70 0.72 0.77 0.79 0.72 0.72 0.72 0.0039882

Table 5
Results of processing time and metrics for 3 versions of our model and the best popular algorithms.

key role in guiding sustainable tourism development. By
utilizing predictive models, they can enhance destination
management strategies, optimize resource allocation, and
improve visitor experience. Accurate predictions on vis-
itor behavior also aid in effective urban planning and in-
frastructure development, ensuring sustainable growth in
tourism [104]. Many of the local governments’ decisions
regarding tourism have been biased by the decision mak-
ers’ expectations because data acquisition is expensive,
and its scope is often limited. Our findings are useful for
developing accurate data-driven decision-making and im-
proving tourism governance and policy formulation [44].

Second, local tourism businesses and operators, such
as hotels, often have difficulties getting enough data to
accurately forecast visitor demand and tailor service of-
ferings accordingly. Our findings are useful to optimize
capacity utilization, improve operational efficiency, and

enhance overall tourist satisfaction. Data-driven strate-
gies in tourism operations management are highlighted
for their importance, demonstrating how predictive mod-
els can lead to better service customization and resource
management [45].

Third, local communities and residents play a vital
role in the field of tourism by preserving cultural her-
itage and mitigating environmental impacts. The growing
tensions between the tourist industry and local residents
have shown the importance of community involvement in
tourism planning processes to ensure the balance between
economic and social sustainability of the tourism desti-
nations [46]. Our findings can be useful to assist com-
munities in understanding the tourist influx and providing
opportunities to ask for effective sustainable tourism prac-
tices that benefit residents and visitors alike goals [105].

Fourth, environmental and conservation organizations
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advocate for sustainable tourism practices to preserve nat-
ural ecosystems and cultural landscapes. The role of pre-
dictive analytics in guiding conservation efforts and min-
imizing ecological footprints associated with tourism ac-
tivities is emphasized [106]. Our model can support en-
vironmental organizations in understanding the most ef-
fective visitor management strategies to promote respon-
sible tourism practices and enhance the sustainability of
tourism destinations [107].

7. Conclusion

This paper introduces a NN model (SASD) designed
to address the challenge of tracing repeat visitors in the
tourism sector. By leveraging LPR sensor data and related
questionnaires, our proposal forecasts future visitation be-
haviors. We found that the best combination of attention
layers in SASD model is when we place two layers of
self-attention, the first one after the first normalization-
regularization block and the second one at the end. The
effectiveness of the proposed NN outperforms popular
models in all classification metrics analyzed, achieving an
increase of up to 0.03 in the weighted average F1 score.
For our case study, our model outperforms other popular
transformer models for tabular data found in the litera-
ture. Incorporating self-attention layers in the model im-
proves performance on almost all metrics. It accelerates
convergence, which is reflected in fewer epochs, and re-
duces processing time by 32% compared to the NN with-
out attention layers. In addition, the integration of pro-
gressively decreasing dropout layers yields noticeable im-
provements, raising F1 scores by 0.01 points compared to
the fixed probability dropout and by 0.08 points relative to
models without dropout layers. The results highlight the
potential of attention layers to optimize predictive mod-
els with small data, allowing data scientists and other re-
searchers to address the limitations of data collection. For
future research, we plan to expand our dataset. However,
collecting additional data requires significant resources
and careful logistical and budgetary planning. A larger
dataset could allow the model to capture broader patterns
and improve its accuracy. Although it might be necessary
to modify the current architecture which is tuned to small
datasets. In addition, we want to test the generalization of
our model on other datasets to evaluate the suitability for
other small datasets.
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Appendix A. Supplementary experiments

Model weighted avg metrics
Num. self-attention layers Epochs precision recall F1 score accuracy time (sec.)

0 (baseline NN) 270 0.79 0.74 0.74 0.74 9.1983194
1 (after the first linear layer) 40 0.78 0.71 0.71 0.71 1.9677348
1 (after the last linear layer) 115 0.79 0.72 0.72 0.72 5.1671507

2 (after first-last linear layers) 120 0.80 0.74 0.75 0.74 6.2430282
2 (after middle linear layers) 230 0.74 0.71 0.71 0.71 17.1272461

3 (after first-middle-last linear layers) 70 0.77 0.73 0.73 0.73 5.4467063
3 (after middle linear layers) 250 0.74 0.71 0.71 0.71 21.9595783

4 (after first-middle-last linear layers) 75 0.73 0.71 0.71 0.71 6.9297996
5 (after every linear layer) 55 0.72 0.68 0.69 0.68 6.2177124

Table A.1
Comparison of SASD metrics varying the number and position of attention layers.

Model weighted avg metrics
Dropout configuration precision recall F1 score accuracy time (sec.)

Decreasing dropout (0.6-0.3) 0.80 0.74 0.75 0.74 6.2430282
Equal dropout (0.6) 0.59 0.54 0.44 0.54 6.2656787
Equal dropout (0.5) 0.73 0.70 0.70 0.70 6.2142571
Equal dropout (0.4) 0.72 0.71 0.71 0.71 6.2526220
Equal dropout (0.3) 0.77 0.74 0.74 0.74 6.2565201
Equal dropout (0.2) 0.77 0.74 0.74 0.74 6.4881895
No dropout layers 0.67 0.67 0.67 0.67 5.9259279

Table A.2
Comparison of SASD metrics with different dropout configurations.
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