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Chapter 1 

Introduction 

In recent years, the rapid proliferation of sensor networks, IoT devices, and connected 

infrastructures has transformed urban environments into complex data-rich ecosystems. This 

exponential growth in data generation has laid the foundation for what is now commonly 

referred to as the smart city ― an interconnected, intelligent environment where physical 

infrastructure, digital technologies, and citizens interact continuously to improve quality of life, 

sustainability, and operational efficiency [1][2]. 

The concept of smart cities emerged as a response to the challenges posed by urbanization, 

resource constraints, and the need for sustainable development. Initially driven by advances in 

communication networks and embedded systems, smart cities have evolved into cyber-physical 

systems in which real-world phenomena are sensed, processed and acted upon in real time [3]. 

These cities integrate technologies such as IoT, edge computing, and 5G to support applications 

ranging from traffic optimization and environmental monitoring to energy management and 

public safety [4]. In particular, IoT has emerged as a key research area within Information and 

Communication Technologies, enabling the interconnection of smart devices and sensors 

through networks that support seamless data exchange via Wi-Fi, NFC, Bluetooth, and other 

protocols [5]. This connectivity generates large volumes of real-time data, especially in urban 

domains like transportation, where sensors monitor traffic flow and infrastructure conditions. 

The proliferation of connected devices within smart cities has led to unprecedented data 

availability, presenting new opportunities to enhance intelligent decision-making and optimize 

urban systems [6]. 

As cities become increasingly intelligent, the capacity to anticipate and proactively address real-

world challenges becomes essential. In this context, AI and ML play a transformative role [7]. 

Unlike traditional reactive systems, AI-based prediction models enable cities to shift toward a 

proactive management paradigm, by leveraging historical and real-time data to forecast system 

behaviors. Owing to their flexibility and scalability, AI-based models can be deployed across a 

wide range of urban domains, including predictive traffic management, pollution level 

prediction, fault detection in water network and efficient resource allocation in water networks 

[8]. 

The shift from static to predictive urban management is crucial for addressing the growing 

complexity of urban systems. AI models trained on heterogeneous urban data streams ― 

including sensor data, weather reports, human mobility traces, and social media inputs ― 

enable not only real-time reaction, but also proactive planning. For example, smart 

transportation systems can dynamically adjust traffic signals based on predicted congestion [9], 
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while environmental monitoring platforms can forecast air quality issues and notify vulnerable 

populations in advance [10].  

Despite these opportunities, implementing predictive intelligence in smart cities poses several 

challenges. Data collected from diverse sources often suffer from heterogeneity, sparsity, or 

privacy concerns [11]. Moreover, ensuring interoperability across various systems, platforms, 

and vendors remains a critical barrier [12]. In the same way that modern industries have 

adopted common approaches to better organize and connect their systems, smart cities also 

need shared methods and standards to bring together data from different sources, so that this 

information can be effectively used [13]. 

The aim of this research is to explore how machine learning-based predictive models can be 

effectively deployed across different domains of smart cities — including transportation, 

pollution monitoring, water management, and anomaly detection — to address everyday 

challenges faced by citizens.  

By focusing on the intersection of urban data, prediction algorithms, and system 

interoperability, this thesis seeks to contribute to the development of smart cities that are not 

only connected and data-driven, but also resilient, anticipatory, and human-centered. 

1.1 Motivations and Goals 

The goal of this thesis is to investigate how predictive ML models can be effectively developed, 

adapted, and deployed across various domains of smart cities to address critical challenges in 

smart city environments, supporting more efficient, anticipatory, and data-driven urban 

management. By applying ML in specific domains, this research demonstrates how intelligent 

models can generate actionable insights and enable proactive operations across various urban 

services. 

This work is motivated by the increasing availability of real-time data from interconnected 

urban infrastructures, including transportation systems, environmental monitoring platforms, 

and water networks. Despite the abundance of data, cities often lack the analytical tools 

necessary to translate this information into timely and effective decisions. Predictive ML 

provides a powerful means of bridging this gap, allowing urban systems to forecast conditions, 

detect anomalies, and better allocate resources. 
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Figure 1.1 Smart City key areas. 

Figure 1.1 illustrates the nine key domains that typically define the structure of a smart city: 

smart infrastructure, smart buildings, smart energy, smart transportation, smart health care, 

smart technology, smart education, smart governance and smart citizens [7].  

While smart cities may prioritize different areas based on their specific needs and resources, 

domains such as smart transportation and smart infrastructures are often considered 

strategic, as they have a direct influence on key urban challenges like environmental 

sustainability, public health, and overall quality of life.  

In alignment with this, the thesis focuses on four key use cases where predictive machine 

learning can offer concrete value: 

1. Traffic prediction, supporting the smart transportation domain by forecasting congestion 

and informing urban mobility decisions. 

2. Air quality prediction, contributing to both smart energy and smart health care through a 

unified transferable methodology for predicting pollution levels across similar but different 

urban environments and enabling targeted mitigation strategies― such as interventions for 

ZTLs or in high-risk zones. 

3. Anomaly detection in WDSs, aligned with smart infrastructure, aimed at identifying faults 

and inefficiencies like water leakages. 

4. Clustering water consumption data, serving both smart governance and smart citizens 

by classifying user types and detecting unusual demand profiles to support more adaptive 

water management policies. 

These four use cases were selected not only for their social relevance, but also for the 

methodological diversity they represent. The research involves a combination of supervised, 
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unsupervised, and time-series modelling technologies, applied to heterogeneous data collected 

from real-world urban contexts. Each predictive model is developed independently and 

evaluated with respect to its effectiveness in enabling anticipatory decision making and 

operational improvements. 

By grounding the study with multidimensional framework of smart city domains and applying 

ML to distinct yet interconnected challenges, this thesis aims to demonstrate the strategic role 

of predictive intelligence in shaping future urban environments. The outcomes contribute to a 

broader vision of smart cities that are not only connected and data-rich, but also sustainable, 

proactive and human-centered. 

1.2 Structure of the Thesis 

The structure of the thesis reflects a progressive exploration of ML methodologies applied to 

different facets of smart city management, moving from general foundations to specific case 

studies. Following the introductory chapter, which outlines the motivations and goals, Chapter 

2 provides an overview of the role of AI in smart cities, presenting the main categories of ML 

tasks and discussing their relevance and limitations in urban applications.  

Chapter 3 introduces the integrative methodological framework adopted throughout the work, 

covering data acquisition, preprocessing, exploratory analysis, feature engineering, and model 

configuration, before describing the training and evaluation strategies. This framework serves 

as the foundation upon which the subsequent application-driven chapters are built.  

Chapters 4 through 7 are devoted to four case studies that exemplify the challenges and 

opportunities of applying ML in urban systems: leak detection in water distribution networks, 

clustering of water demand patterns, urban traffic flow forecasting, and transferable air quality 

prediction. Each case study follows a common structure—state of the art, methodological 

adaptation, empirical results, and discussion—allowing for a systematic comparison across 

domains.  

Finally, the concluding chapter synthesizes the findings across the case studies, highlighting 

methodological contributions, reflecting critically on the limitations encountered, and outlining 

promising avenues for future research at the intersection of data science and sustainable urban 

development. 
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Chapter 2 

Overview of Machine Learning in Smart 

Cities 

The ongoing digital transformation of urban environments ― characterized by the proliferation 

of sensors, the deployment of IoT infrastructures, and the accumulation of vast and diverse data 

streams― has made data-driven intelligence a foundational requirement for managing the 

complexity of modern cities. As established in Chapter 1, the transition from reactive, static 

systems to anticipatory, adaptive urban management is no longer a theoretical ideal but a 

practical necessity. In this context, ML, a subfield of AI, emerges as a powerful paradigm for 

enabling cities to move from passive data collection to proactive decision-making [14]. 

ML enables the development of models that can learn from historical and real-time data to 

identify trends, detect anomalies, and make informed predictions without being explicitly 

programmed for each task. This is particularly valuable in smart cities, where the scale, 

heterogeneity, and dynamic nature of data far exceed the capacity of traditional techniques [15]. 

Urban domains like the afore-mentioned transportation, environmental monitoring, and water 

usage increasingly depend on predictive analytics to support operational efficiency, citizen well-

being, and sustainable development. Through ML it becomes possible not only to monitor 

system performance in real time, but also to forecast future states, anticipate risks, and guide 

adaptive responses across interconnected infrastructures [16]. 

Crucially, the versatility of ML allows it to be adapted to a wide range of data types and problem 

formulations, making it suitable for diverse urban applications. For example, time-series 

models can forecast traffic congestion or pollutant concentrations; clustering algorithms can 

reveal patterns in energy or water usage; and classification techniques can detect 

infrastructures anomalies or categorize urban behaviors. As outlined in the motivations of this 

thesis, the ability to apply predictive intelligence across underscores the cross-cutting value of 

ML in smart city ecosystems. 

However, the successful application of ML in urban contexts also requires a systematic 

understanding of the different types of learning tasks it involves, the algorithms best suited for 

each use case, and the challenges that arise when scaling these models to city-wide 

infrastructure [17]. ML in smart cities must contend with issues such as noisy and incomplete 

data, real-time processing constraints, the need for model interpretability, and ethical 

considerations around data privacy and algorithmic fairness [18]. As such, developing effective 

predictive solutions requires not only technical proficiency but also contextual awareness of 

urban systems and their social, environmental, and infrastructural dynamics. 
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This chapter provides a comprehensive overview of the role of ML in smart cities, laying the 

conceptual and methodological groundwork for the use cases explored in subsequent chapters. 

Section 2.1 introduces the importance of predictive analytics in urban governance and the types 

of real-time data that support it. Section 2.2 categorizes the primary ML tasks—regression, 

classification, clustering, and forecasting—as they apply to different urban domains. Section 2.3 

presents the most commonly used algorithms across these tasks, including both traditional and 

DL models. Finally, Section 2.4 discusses the technical and operational challenges of 

implementing ML in real-world smart city systems. Together, these sections offer a foundation 

for understanding how ML underpins the predictive intelligence required for next-generation 

cities. 

2.1 Role of Data and AI in Smart Cities 

The evolution of smart cities is fundamentally underpinned by the capacity to generate, process, 

and analyze vast and heterogeneous data streams collected from urban environments. As 

detailed in Chapter 1, the rapid integration of IoT devices, sensor networks, connected 

infrastructures, mobile technologies, and pervasive digital platforms has led to a new urban 

paradigm: cities as complex data-centric ecosystems. These systems constantly produce diverse 

data sources― traffic flows, energy use, environmental monitoring, social media, economic 

transactions, and behavioral traces of citizens ― which form the backbone of informed urban 

planning and real-time management. 

The importance of data in this context cannot be overstated. The concept of a “data-centric 

smart environment”, as highlighted by [19], places data as the primary enabler for responsive, 

adaptive, and predictive city systems. With the global population expected to reach 70% in 

urban areas by 2050, cities face increasing demands on transportation, healthcare, water, 

energy, and waste management systems. These demands produce an unprecedented scale of 

information that must be collected, organized, and analyzed to support efficient decision-

making. According to [20], the velocity, volume and variety of urban data have created new 

challenges that require advanced analytical frameworks far beyond traditional databases. Such 

frameworks integrate edge computing, cloud platforms, and distributed IoT infrastructures that 

allow millions of devices to operate collaboratively while streaming data in real time. 
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Figure 2.1 Data-driven smart city workflow. 

Figure 2.1 depicts the foundational workflow of a data-driven smart city. The figure highlights 

four main stages: (1) Data Sources, where information is collected from IoT devices, vehicles, 

sensors, smart cards, mobile phones, social media, and cloud platforms; (2) Data Acquisition 

and Integration, in which raw data are gathered, cleaned, aggregated, and stored using 

streaming, edge, and cloud technologies; (3) Modeling and Decision-Making, where AI and ML 

models analyze the integrated datasets to detect patterns, forecast conditions, and support 

data-driven decisions; and finally, (4) Smart City Services and Applications, where the insights 

generated are applied to practical services such as smart mobility, environmental monitoring, 

energy management, water distribution, waste management, and public safety. This cyclical 

process enables a continuous transformation of data into actionable insights that directly 

influence urban operations.  

As outlines so far, in this ecosystem, AI and specifically ML have become the central analytical 

engine of this data-rich ecosystem. ML models can automatously learn patterns, extract 

knowledge from noisy and high-dimensional data, and make accurate predictions that guide 

city planners and operators. This represents a fundamental shift from static, rule-based urban 

systems to adaptive, self-learning frameworks that can forecast future conditions and 

recommend optimal actions [17].  

The applications of AI in smart cities are vast and deeply interconnected. In [21], the authors 

introduce the concept of “urban AI” to describe how intelligent algorithms are embedded in the 

everyday fabric of city life. AI-driven systems now influence mobility decisions, urban logistics, 

and environmental planning on a daily basis. Urban AI also underpins “digital twins” of cities 

[22], where real-time data feeds continuously update virtual replicas of the physical city to 

support forecasting, simulations, and scenario planning. These systems can predict the impact 

of changes to traffic flows, new construction, or public policy on air quality, energy 

consumption, and resource use, allowing more informed decisions at multiple scales. 

IoT and ML are symbiotic in smart cities: IoT acts as the data collection infrastructure, while ML 

transforms this raw data into actionable insights. As described by [19], IoT devices installed 

across transport networks, utility grids, and environmental monitoring stations continuously 

gather data, which are then processed by ML models to guide automated decision-making. For 
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instance, in mobility management, ML models such as RNNs and LSTM networks predict traffic 

congestion and allow adaptive traffic signal control. In environmental domains, regression 

models, ensemble methods (e.g., Random Forest, XGBoost), and hybrid DL approaches predict 

concentrations of pollutants such as PM2.5 and NO2 hours or even days in advance, enabling early 

warning systems and mitigating health impacts. In water distribution systems, anomaly 

detection models—Isolation Forest, Autoencoders, and one-class SVMs—monitor the flow and 

pressure of water, automatically detecting leaks or bursts before significant losses occur [17]. 

Urban AI, however, does not operate in isolation. These technologies rely on the integration of 

cross-domain data sources to develop a holistic view of city dynamics― e.g., mobility data 

combined with air quality data can predict how traffic flows contribute to pollution peaks, while 

water usage data combined with climate models can forecast droughts conditions. As 

emphasized by [21] and [23], this convergence of data sources supports a systematic view of 

cities that recognizes the interdependence of different urban services. 

Yet, despite these advances, the deployment of AI in smart cities is not without challenges. The 

first set of obstacles relates to the complexity of the data itself: heterogeneity, sparsity, 

incompleteness, and noise complicate the training of robust and generalizable models.  

The second challenge involves the need for real-time responsiveness on a scale. As millions of 

devices stream data simultaneously, models must be optimized for efficiency, distributed 

computing, and low-latency inference to respond effectively to rapidly changing urban 

conditions [19][20]. 

Equally important are ethical and social challenges. In [18], the authors highlight that the 

increasing integration of AI into the operation of cities introduces significant concerns 

regarding privacy, transparency, interpretability, and fairness. Urban AI systems often process 

sensitive personal data, making privacy preserving methods―such as federated learning and 

encryption― essential. The interpretability of complex models, particularly deep neural 

networks, remains a crucial requirement in governance settings where trust, accountability, and 

explainability are non-negotiable [17]. In addition, there are issues of bias and fairness: AI 

systems trained on unbalanced data may perpetuate inequalities, exacerbating rather than 

alleviating urban disparities. 

Furthermore, the socio-technical complexity of AI deployments necessitates significant 

investment in computing infrastructures and skilled human capital. Without such investments, 

there is a risk that technologically advanced cities will accelerate ahead while others are left 

behind, increasing inequality between regions and countries [21].  

In summary, data and AI form the backbone of the smart city vision. IoT-generated data streams, 

when coupled with advanced AI and ML algorithms, transform static urban infrastructures into 

dynamic, predictive, and adaptive ecosystems. The ability to anticipate events and to respond 

proactively makes AI a fundamental driver of urban resilience and sustainability.  

Building on the concepts, this section has established the central role of data-driven intelligence 

as the foundation of smart city development.  
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In the following section, we move to a more structured view of the main ML tasks and 

approaches that enable these predictive capabilities. This transition from concepts to methods 

underscores how AI translates urban data into actionable insights that guide real-time decision-

making in modern cities. 

2.2 Categories of ML Tasks in Urban Applications 

ML models are widely applied across various urban domains in smart cities, offering scalable 

and adaptive tools for analyzing large-scale, real-time, and heterogeneous data. In smart city 

contexts, ML tasks typically fall into four core functional categories: classification, regression, 

clustering and forecasting. These tasks are implemented using three main types of learning 

paradigms: supervised learning, unsupervised learning and deep learning, each offering 

unique advantages for managing specific urban challenges. 

2.2.1 Supervised Learning 
Supervised learning is the most commonly employed ML approach in smart city systems 

because it formalizes the concept of learning a mapping between input data and corresponding 

outputs through a labeled dataset. Formally, given a dataset: 

𝐷 = {(𝑥𝑖; 𝑦𝑖)}Ni=1 

where xi ∈ ℝd are the feature vectors (e.g. traffic volume, meteorological variables, sensor 

readings) and yi are the corresponding labels, a supervised learning algorithm seeks to 

approximate a function 𝑓Ɵ : ℝd → y parametrized by Ɵ that minimizes a predefined loss function 

over the training set. Depending on the nature of y, this task is categorized as a regression, if y 

is continuous, or classification problem, if y is discrete. 

Regression tasks focus on estimating a continuous-valued output variable. The objective is to 

learn a mapping such that:  

ŷ = 𝑓Ɵ(x) 

with y ⊆ ℝ, where the parameters Ɵ are chosen to minimize a predefined loss function. 

In the context of smart cities, regression is extensively used to predict continuous quantities 

such as pollutant concentrations, traffic flows, or energy consumption. For instance, ensemble-

based models such as gradient boosting and random forests have been deployed to predict 

hourly PM2.5 and NO2 concentrations using traffic data, meteorological factors, and historical air 

quality observations [19]. Similarly, short- and medium-term electricity demand prediction at 

the neighborhood level has been addressed using regression techniques that incorporate socio-

economic indicators and weather conditions [24]. In water resource management, multiple LR 

and SVR models have been used to predict daily water demand patterns based on seasonal 

trends and smart meter readings [25]. 

Classification tasks, instead, involve learning a decision boundary that partitions the input 

space into discrete classes. In this case, the label space is categorical, y = {1,.…., K}, and the 

function 𝑓Ɵ(x) outputs either a discrete class prediction: 
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ŷ = arg maxkP(y = k | x; Ɵ) 

 

or a vector of posterior probabilities P (y = k | x; Ɵ). 

Classification in smart cities underpins applications where discrete decisions are required. 

Examples include the detection and categorization of traffic incidents (e.g. normal flow vs. 

congestion vs. accident) using spatio-temporal traffic patterns from inductive loop sensors and 

video analytics [17]. Classification models are also used for fault detection in water networks, 

where decision trees and SVM classifiers distinguish between leaks, bursts, and sensor 

anomalies by analyzing time-series patterns [23].  

Furthermore, classification is applied to categorize buildings or users into energy consumption 

profiles, allowing demand-side management strategies and incentives to be tailored 

accordingly. 

While supervised learning techniques are attractive due to their strong predictive capabilities 

and, in some models (e.g., linear models or decision trees), their interpretability, their 

applicability in real-world smart city environments is often limited by the availability of labeled 

data. Obtaining labeled data at scale in real urban settings is particularly challenging for several 

reasons. First, the labeling process often requires human experts (e.g., annotating traffic 

incidents from video streams or identifying the type of failure in a water network), which is 

costly and time-consuming [18]. Second, in many domains—such as rare fault detection, 

extreme weather events, or abnormal traffic conditions— the relevant labeled examples are 

sparse by nature. These rare but critical events (low frequency, high impact) create highly 

imbalanced datasets, making supervised learning models prone to bias toward the majority 

class [25]. Finally, the dynamic nature of urban environments introduces the problem of concept 

drift, where the relationship between inputs and outputs changes over time, making historical 

labels less useful as systems evolve [18]. For these reasons, although supervised learning 

remains a central paradigm, its success depends on continuous data collection pipelines and 

strategies to handle scarcity and imbalance, such as data augmentation, semi-supervised 

learning, federated transfer learning, and cross domain adaptation methods [26]-[28]. 

2.2.2 Unsupervised Learning 
In contrast to supervised learning, unsupervised learning operates in the absence of labeled 

datasets, where data consists solely of feature observations collected from urban sensors, IoT 

devices, or social data streams. The objective is to discover hidden patterns, structures, or 

statistical regularities in the data without predefined output variables. This paradigm is 

essential in urban analytics for several reasons: 

1. Scarcity of labeled data — as discussed in Section 2.2.1, many urban systems do not have 

large-scale annotated datasets due to the cost, time, and expertise required for labeling 

[25][27]. 

2. Exploratory knowledge discovery — urban planners often need to understand underlying 

behavioral patterns before designing interventions. 
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3. Adaptability to evolving systems — since cities are dynamic, unsupervised models can be 

retrained on new, unlabeled data to capture changes without requiring constant manual 

annotation. 

2.2.2.1 Clustering for Urban Pattern Discovery 

Clustering is one of the most widely adopted unsupervised learning techniques in smart city 

analytics due to its ability to reveal latent structures and groupings in large-scale, 

heterogeneous datasets without requiring prior labeling. In essence, clustering seeks to 

partition a dataset into a set of distinct, non-overlapping groups—referred to as clusters—such 

that observations within the same group share high intra-cluster similarity, while those in 

different groups exhibit significant inter-cluster dissimilarity. The similarity or dissimilarity 

between data points is typically measured using distance metrics (e.g., Euclidean, Manhattan, 

or cosine distance) or density-based criteria, depending on the specific algorithm employed 

[29]. In the smart city context, clustering is particularly valuable for behavioral segmentation, 

spatiotemporal pattern recognition, and infrastructure usage profiling, enabling more targeted 

policy interventions and resource allocation strategies. 

K-means clustering is one of the most widely applied algorithms due to its computational 

efficiency and simplicity. In energy analytics, it has been used extensively for electricity 

consumption profiling, where households or commercial buildings are categorized into distinct 

usage patterns based on their load curves [30]. Such segmentation allows utility providers to 

design demand-response programs that tailor energy conservation incentives to different user 

groups, thereby improving both grid stability and energy efficiency. In smart water grids, [31] 

demonstrated the use of K-means for grouping consumers according to their daily and seasonal 

water consumption profiles. This enabled water utilities to optimize distribution schedules, 

detect abnormal demand surges, and design conservation campaigns targeted to high-usage 

clusters. Similarly, in waste management, K-means has been applied to group neighborhoods 

according to waste generation patterns, supporting dynamic waste collection routing and 

resource planning [32]. 

While K-means assumes spherical clusters and equal cluster sizes, many urban datasets do not 

conform to these assumptions. DBSCAN overcomes this limitation by identifying clusters based 

on density connectivity, allowing the detection of arbitrarily shaped clusters and isolating noise 

points as outliers [33]. In urban mobility analysis, DBSCAN has been successfully used to detect 

high-density commuting routes from GPS trajectory data while identifying outlier trips that may 

correspond to special events, traffic anomalies, or emergency evacuations [34]. It has also been 

applied in bicycle-sharing systems to segment stations according to usage patterns, helping 

operators anticipate peak demand periods and redistribute bikes efficiently [35]. 

Another important approach is hierarchical clustering, which builds a tree-like structure 

(dendrogram) representing nested groupings of data at different levels of granularity. This is 

particularly suitable for urban zone segmentation, where clustering can be conducted 

iteratively to group city districts according to multi-dimensional attributes such as traffic 

density, air quality indices, noise pollution, socio-economic variables, and land-use data [17]. 

This multi-level segmentation enables city planners to analyze urban phenomena at varying 
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spatial resolutions, from fine-grained neighborhood clusters to broader metropolitan patterns, 

thereby supporting decisions on zoning, infrastructure investment, and environmental 

monitoring. 

Beyond these classical techniques, hybrid clustering frameworks combining K-means, DBSCAN, 

or hierarchical methods with dimensionality reduction techniques (e.g., PCA, t-SNE, UMAP) are 

increasingly used in smart city research to manage high-dimensional, noisy datasets from IoT 

infrastructures [28]. For instance, in transportation analytics, GPS trajectory data can be first 

reduced in dimensionality to capture essential mobility features, and then clustered to identify 

commuting communities or traffic flow bottlenecks. Such integration improves computational 

efficiency, enhances cluster separation, and facilitates visual interpretation of results. 

2.2.2.2 Dimensionality Reduction and Feature Learning 

Urban IoT ecosystems generate high-dimensional and heterogeneous datasets due to the 

variety of deployed sensing technologies, the diversity of measured variables, and the 

granularity of temporal and spatial resolutions. Examples include multi-sensor environmental 

monitoring stations recording pollutant concentrations, temperature, humidity, and 

meteorological parameters; GPS mobility traces enriched with road network features and speed 

profiles; or energy management systems tracking multi-phase voltage, current, and power 

quality indicators. Processing such high-dimensional data directly often leads to computational 

inefficiency, overfitting in predictive models, and difficulties in visualization and interpretation 

[37]. 

Dimensionality reduction addresses these challenges by transforming the original dataset into 

a lower-dimensional representation that preserves its most informative characteristics, thereby 

simplifying model training, reducing noise, and enabling more interpretable analyses. These 

techniques can be broadly categorized into linear and non-linear approaches. 

Principal Component Analysis (PCA) is the most widely used linear dimensionality reduction 

technique. By projecting data onto a set of orthogonal components that maximize variance, PCA 

effectively identifies the most significant patterns in the data while removing redundant and 

collinear variables. In air quality monitoring, PCA has been applied to identify dominant 

pollution sources and to reduce redundancy among measurements of multiple pollutants (e.g., 

PM2.5, PM10, NO₂, O₃), improving the computational efficiency of subsequent forecasting models 

[28]. Similarly, in traffic analytics, PCA has been used to compress high-dimensional GPS 

trajectory features into compact representations for clustering and route similarity analysis, 

reducing computational costs while maintaining discriminatory power [32]. 

Non-linear techniques such as t-SNE and UMAP have gained significant traction in smart city 

applications, particularly for multi-modal data visualization and exploratory analysis. In 

concerns: 

• t-SNE [37] is designed to preserve local neighborhood structures in the data when mapping 

high-dimensional points to a low-dimensional space (typically 2D or 3D). In urban contexts, 

t-SNE has been used to visualize clusters of citizen mobility behaviors, revealing how 

commuting patterns differ across neighborhoods and times of day [38]. 
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• UMAP [39] extends these capabilities by relying on manifold learning and topological data 

analysis principles to achieve both speed and scalability, making it more suitable for large-

scale IoT datasets. UMAP has been employed in urban data fusion pipelines to integrate 

mobility, pollution, and weather data streams into unified visual representations, enabling 

city planners to identify cross-domain correlations without direct supervision [40]. 

In addition to visualization, dimensionality reduction also serves as a feature learning stage, 

providing compact yet informative representations that can be fed into supervised or 

unsupervised predictive models. For example, environmental monitoring systems have used 

PCA-derived features as inputs to ML regression models for pollutant forecasting, while 

mobility analytics pipelines often use UMAP embeddings for clustering trajectories in large-

scale transportation networks [17]. 

Hybrid approaches combining autoencoders (DL-based non-linear dimensionality reduction) 

with classical techniques like PCA are increasingly common in smart infrastructure anomaly 

detection. These models first learn low-dimensional latent spaces capturing normal system 

behaviors, and then detect anomalies as deviations in this compressed representation [41]. 

Ultimately, dimensionality reduction in smart cities is not merely a preprocessing step—it is a 

core enabler of computational feasibility, interpretability, and cross-domain integration in the 

analysis of complex urban datasets. As urban data sources continue to expand in volume, 

variety, and velocity, the role of scalable, interpretable, and domain-adapted dimensionality 

reduction methods will become increasingly critical for delivering actionable intelligence. 

2.2.2.3 Anomaly Detection in Infrastructure Systems 

Anomaly detection in urban infrastructure systems is a critical component of predictive 

maintenance and operational resilience in smart cities.  

Anomalies—also referred to as outliers or novelties—are data points or patterns that deviate 

significantly from expected system behavior. In an urban context, such anomalies frequently 

correspond to critical failures or unusual events, including water leaks, power grid faults, 

structural damages, environmental hazards, or traffic incidents. Detecting these deviations 

early enables proactive interventions that can mitigate economic losses, minimize service 

disruptions, and enhance public safety [42]. 

A major challenge in urban anomaly detection is the rarity of failure events in well-maintained 

systems. This scarcity of labeled fault data makes supervised learning approaches less feasible, 

as they require large, balanced training datasets to generalize effectively. Moreover, anomalies 

often exhibit non-stationary characteristics, meaning their signatures can change over time due 

to seasonal trends, infrastructure upgrades, or evolving usage patterns. Consequently, 

unsupervised and semi-supervised approaches are often preferred, as they do not rely on large 

amounts of labeled data and instead model the normal operational state to identify deviations 

[43]. 

Autoencoders, a type of neural network designed for data compression and reconstruction, 

have become a prominent tool for anomaly detection in smart infrastructure. By learning a low-
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dimensional latent representation of normal operating data, autoencoders can reconstruct 

expected patterns with high accuracy. When new inputs produce large reconstruction errors, 

these deviations are flagged as potential anomalies [41]. For example, in electric power systems, 

autoencoders have been used to detect unusual voltage waveform patterns or harmonic 

distortions, enabling maintenance teams to address faults before they escalate into large-scale 

blackouts [23]. In traffic monitoring, autoencoders have been applied to identify sensor 

malfunctions by detecting unrealistic speed or density readings in traffic flow datasets [44]. 

Another widely used approach is the OC-SVM, which learns a decision boundary that 

encapsulates the distribution of normal operational data in feature space. Any points falling 

outside this learned boundary are considered anomalies. This method is especially valuable in 

applications such as industrial IoT monitoring, where only normal operation data are typically 

available during system commissioning. OC-SVMs have been applied to urban HVAC systems to 

detect deviations in temperature and energy consumption profiles indicative of faults or 

inefficiencies [45]. 

Isolation Forests [46] take a different approach by exploiting the principle that anomalies are 

easier to isolate in a decision tree structure due to their sparse and distinct feature values. This 

makes the method particularly effective for high-dimensional datasets common in smart cities. 

In water distribution networks, [31] successfully applied Isolation Forests to detect hidden 

leakages by modeling expected flow–pressure relationships, identifying irregularities that 

would not be captured by threshold-based monitoring. In electricity usage monitoring, Isolation 

Forests have been deployed to detect unusual consumption spikes that may indicate equipment 

malfunctions, energy theft, or sensor faults [17]. 

Recent research trends in anomaly detection for smart cities have focused on hybrid 

frameworks that combine DL feature extraction (e.g., via convolutional autoencoders or 

recurrent neural networks) with classical anomaly detection algorithms such as OC-SVM or 

Isolation Forests. This integration leverages the representational power of deep networks to 

capture complex temporal and spatial dependencies in urban infrastructure data, while 

maintaining the robustness and interpretability of established outlier detection methods [47]. 

As smart cities expand their sensing capabilities and data volumes grow, scalable anomaly 

detection systems capable of operating in real time and handling concept drift will become 

essential for resilient and adaptive urban infrastructure management. 

2.2.2.4 Limitations and Hybrid Approaches 

Although unsupervised learning methods are indispensable in smart city analytics—

particularly in exploratory data analysis, anomaly detection, and dimensionality reduction—

they are not without significant challenges. 

Interpretability remains one of the foremost limitations. Clusters, latent dimensions, or feature 

embeddings generated by unsupervised algorithms often lack direct semantic meaning, making 

it difficult for city planners or engineers to translate them into actionable interventions without 

extensive domain expertise [23]. For instance, a clustering algorithm might separate electricity 

usage patterns into distinct groups, but understanding whether these correspond to residential, 
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industrial, or commercial consumers often requires supplementary labeled data or expert 

annotation. This limitation is particularly problematic in multi-modal urban datasets, where 

patterns may be driven by hidden correlations between domains such as mobility, energy, and 

weather.  

Hyperparameter sensitivity is another critical drawback. Many unsupervised algorithms 

depend on carefully tuned parameters—such as the number of clusters (k) in K-means or the 

density threshold ε in DBSCAN—to produce meaningful outputs. Small variations in these 

parameters can lead to drastically different clustering results, thereby affecting reproducibility 

and consistency in urban policy decisions [48]. This sensitivity is further amplified in 

heterogeneous urban data, where feature scaling, noise, and missing values can bias the 

learning process. 

Scalability is an equally pressing concern. With the exponential growth of urban data from IoT 

devices, satellite imagery, and real-time sensor feeds, traditional unsupervised algorithms may 

become computationally prohibitive without distributed computing frameworks, incremental 

learning strategies, or streaming implementations. For example, processing petabyte-scale 

mobility data or fine-grained environmental monitoring data in real time requires specialized 

architectures that can handle high throughput and low latency [28]. 

To address these limitations, hybrid approaches have gained increasing traction in recent 

literature. These pipelines often employ unsupervised methods—such as autoencoders, 

clustering algorithms, or manifold learning—for representation learning or data segmentation, 

followed by supervised fine-tuning on a small set of labeled samples. This strategy allows 

models to benefit from large volumes of unlabeled urban data while leveraging limited ground 

truth to enhance predictive accuracy and semantic clarity. 

A related development is the rise of self-supervised learning in smart city contexts. In this 

paradigm, models generate pseudo-labels or pretext tasks directly from raw data streams, such 

as predicting missing sensor values, forecasting the next timestep in mobility trajectories, or 

reconstructing masked regions of satellite imagery. These pseudo-labels then serve as 

supervisory signals for downstream predictive tasks, effectively bridging the gap between 

unsupervised and supervised paradigms [40]. Self-supervised approaches have been 

successfully applied in traffic forecasting, pollution modeling, and urban scene understanding, 

where labeled datasets are scarce or expensive to obtain. 

Overall, the integration of hybrid and self-supervised learning strategies represents a promising 

path forward for urban AI systems, combining the pattern discovery strengths of unsupervised 

methods with the precision and interpretability of supervised learning, while addressing the 

data scarcity, scalability, and interpretability challenges that currently constrain purely 

unsupervised approaches. 

2.2.3 Deep Learning 

DL, a specialized subfield of ML grounded in multi-layered ANNs, has emerged as a 

transformative analytical paradigm in the context of smart cities. Its strength lies in its capacity 

to automatically extract multi-level hierarchical feature representations from large-scale, 
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heterogeneous, and often unstructured datasets, enabling the modeling of complex non-linear 

relationships beyond the reach of traditional statistical and shallow learning approaches 

[49][50]. Unlike conventional algorithms that rely heavily on domain-specific feature 

engineering, DL models learn task-relevant abstractions directly from raw input data—whether 

these are high-dimensional numerical sensor readings, georeferenced spatial grids, temporal 

sequences, or multimodal urban data streams. 

The versatility of DL is particularly suited to smart city ecosystems, where data are inherently 

multi-modal and spatio-temporally correlated. Sources include real-time traffic sensors and 

GPS trajectories [51], environmental monitoring stations measuring pollutants and 

meteorological variables [52], high-resolution geospatial imagery from satellites and UAVs [53], 

CCTV and surveillance video streams [23], and unstructured citizen-generated content from 

social media platforms [20]. The spatio-temporal nature of these datasets—where patterns 

often emerge from complex interactions between geographic proximity and temporal 

dynamics—makes the ability of DL to model both local and long-range dependencies especially 

advantageous. For example, in urban mobility analysis, traffic congestion at a single intersection 

may be influenced by conditions several kilometers away and hours earlier; similarly, pollutant 

dispersion patterns depend not only on local emissions but also on meteorological conditions 

over extended time horizons. 

Architectures such as CNNs excel at capturing spatial hierarchies and have been applied to 

represent urban sensor networks as structured grids or graphs for pollution mapping [54], 

land-use classification [53] and infrastructure condition monitoring [17]. Meanwhile, recurrent 

RNNs, particularly long short-term memory networks LSTMs and GRUs, are capable of 

modeling temporal dependencies in time-series data such as traffic flows [55], electricity 

demand [56] and water consumption [57]. In more complex settings, STL-GCNs combine CNN-

based spatial learning with RNN- or attention-based temporal modeling to capture interactions 

over irregular urban networks, such as road maps or utility grids [58]. 

One of the defining strengths of DL in the smart city domain is its ability to handle 

heterogeneous data fusion—a core requirement for integrated urban analytics. Multimodal DL 

frameworks enable the joint learning of representations from diverse sources, such as 

combining CCTV footage with IoT sensor readings for anomaly detection in public safety 

systems, or integrating satellite imagery with social media reports for disaster response 

coordination [59]. The use of attention mechanisms and transformer architectures further 

enhances this capability by allowing models to focus selectively on the most relevant features 

across modalities and time frames [60]. 

Additionally, TL has become increasingly important in DL-based smart city applications, 

especially where labeled data are scarce—a common challenge in urban AI deployment [61]. 

TL allows models pre-trained in data-rich contexts (e.g., traffic forecasting in megacities) to be 

fine-tuned for smaller cities with limited data availability, drastically reducing training time and 

computational costs while maintaining predictive performance. Recent studies have 

demonstrated that air quality prediction models trained in one region can be successfully 
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adapted to another with minimal retraining [62], and similar approaches have been used to 

transfer congestion prediction models across cities with different road topologies [63]. 

However, the deployment of DL in operational smart city systems is not without challenges. The 

computational demands of deep models—particularly for real-time, city-scale inference—often 

necessitate distributed computing frameworks, GPU acceleration, or deployment on cloud 

platforms, which may introduce latency and data privacy concerns [18]. Furthermore, the 

opacity of deep models, often described as the “black-box problem,” poses significant barriers 

to adoption in governance contexts, where explainability, accountability, and fairness are 

essential. Techniques from the explainable AI domain, including SHAP [64] and LIME [65], as 

well as inherently interpretable DL architectures, are increasingly being explored to address 

these concerns. Efforts are also underway to optimize DL for edge computing environments—

such as traffic cameras and environmental sensors—through model compression, quantization, 

and lightweight architectures like MobileNet and TinyML, enabling on-device intelligence 

without reliance on constant cloud connectivity. 

In summary, DL has established itself as a cornerstone of predictive intelligence in smart cities, 

uniquely capable of capturing complex spatio-temporal relationships, integrating 

heterogeneous data sources, and adapting knowledge across domains. Its ability to deliver high-

accuracy predictions and actionable insights positions it as a critical enabler of anticipatory, 

adaptive, and resilient urban governance. 

2.3 Conclusions 

In this chapter, the authors have reviewed the major categories of ML techniques—supervised 

learning, unsupervised learning, and deep learning—and discussed their relevance in the context 

of smart cities. We explored how supervised methods such as regression and classification excel 

in scenarios where labeled datasets are available and predictive accuracy is paramount, how 

unsupervised methods such as clustering and anomaly detection provide valuable insights in 

data-scarce or exploratory contexts, and how DL architectures enable the extraction of complex 

spatio-temporal patterns from high-dimensional, multimodal data streams. We also examined 

cross-cutting challenges including data heterogeneity, sparsity, scalability, interpretability, and 

the rarity of labeled data in real-world urban environments, highlighting emerging approaches 

such as transfer learning, self-supervised learning, and explainable AI as potential solutions. 

The remainder of this thesis operationalizes the theoretical and methodological concepts 

outlined in this chapter, applying them to distinct yet interconnected domains within the smart 

city ecosystem. In the following chapters of the thesis, the author will demonstrate that the 

choice of ML paradigm, whether supervised, unsupervised, or DL, was not arbitrary but 

carefully tailored to the specific characteristics of the available data and the operational needs 

of the target urban domain. 

In the field of urban water distribution, [66] presents an anomaly detection framework that 

integrates statistical pre-processing with ML-based predictive modeling to detect and 

anticipate leakages from smart meter pressure and flow data. Complementary to this, [67] and 

[68] employ clustering algorithms such as K-means and hierarchical clustering to segment 
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water consumers by daily and seasonal demand patterns, thereby enabling adaptive resource 

allocation and informed infrastructure planning. 

For environmental monitoring, [69] introduces a transfer learning strategy based on domain-

adversarial neural networks, allowing for the prediction of multiple pollutants in cities with 

scarce air quality data by adapting models trained in data-rich urban contexts. This approach 

reduces computational costs while maintaining predictive accuracy, offering a scalable solution 

for cross-city environmental forecasting. 

In the mobility domain, a set of works [70)-[73] explore supervised regression, DL, and data 

fusion techniques to combine traffic sensor data with third-party mobility datasets (e.g., 

TomTom) for road condition forecasting in Catania, under both sensor-rich and sensor-less 

scenarios. These contributions illustrate how different ML methods can be adapted to data 

availability constraints, achieving accurate forecasts in real operational contexts. 

Each of the subsequent chapters will then focus on one of these smart city domains, presenting 

the corresponding case study in detail and discussing the findings in relation to the existing 

literature. In particular, the next chapter will describe the common data analysis pipeline 

adopted across all these studies, including data acquisition, preprocessing, exploratory analysis, 

feature engineering, model selection, training, validation, and evaluation. These methodological 

steps form the backbone of the empirical work presented in the following domain-specific 

chapters, ensuring that each application is understood not as an isolated experiment but as part 

of a coherent, replicable, and well-justified analytical framework. 
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Chapter 3 

An Integrative Machine Learning 

Methodology for Smart City Applications 

The diversity of challenges faced by modern cities—ranging from traffic congestion and air 

pollution to water distribution management—requires a unified yet adaptable approach to data 

analysis and predictive modeling. As discussed in Chapter 2, ML techniques form the backbone 

of intelligent urban systems, enabling the transformation of raw, heterogeneous data into 

actionable insights. However, the success of these techniques does not rely solely on the choice 

of algorithms; it depends equally on a rigorous, well-structured methodological pipeline that 

ensures data quality, model robustness, and domain adaptability. 

This chapter presents the common methodological framework that underpins all the studies 

conducted by the author in the context of this thesis. Regardless of whether the target 

application is anomaly detection in water networks, clustering of water demand profiles, 

transfer learning for cross-city air quality prediction, or supervised forecasting of traffic flows, 

each investigation follows a consistent analytical workflow. This ensures methodological 

coherence while allowing for domain-specific adjustments in response to the nature of the data 

and the problem at hand. 

 

Figure 3.0 ML Methodology. 
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The logical progression followed by the proposed methodological framework, illustrated in 

Figure 3.0, outlines a structured sequence of data analysis steps. The process begins with Data 

Acquisition, which involves collecting and integrating heterogeneous datasets from IoT devices, 

sensor networks, mobility platforms, and open data repositories.  

This step is, then, followed by Data Preprocessing, where raw data are cleaned to address 

missing values, noise, inconsistencies, and outliers, ensuring that downstream analyses are 

built upon reliable inputs. 

Once the data are preprocessed, EDA is conducted to reveal underlying distributions, detect 

anomalies, and identify key patterns or correlations relevant to the urban domain under study. 

These insights inform the subsequent Feature Engineering phase, where new variables are 

derived, and Feature Selection, where the most relevant predictors are retained to reduce 

dimensionality, improve interpretability, and enhance computational efficiency. 

In the Model Configuration stage, appropriate ML algorithms are selected and tailored to the 

datasets characteristics, often experimenting with different hyperparameter configurations to 

optimize performance. The data are then split into Training and Testing subsets, enabling the 

model to learn from historical patterns before being evaluated on unseen samples to ensure 

generalizability. 

Finally, Performance Evaluation is carried out using metrics such as RMSE, MAE, accuracy, 

precision, recall, and F1-score, depending on the nature of the task (regression, classification, 

clustering, etc.). This step not only validates the predictive capabilities of the model but also 

guides iterative improvements. Together, these stages form an integrated workflow that can be 

consistently applied across diverse smart city applications, ensuring methodological coherence 

throughout the thesis. 

3.1 Data Acquisition and Integration 

In any data-driven smart city application, data acquisition and integration constitute the 

cornerstone of the entire analytical and predictive pipeline. The accuracy, robustness, and 

generalizability of ML models are fundamentally constrained by the quality, coverage, and 

interoperability of the input data. Given the inherently multi-domain and multi-modal nature of 

urban systems, the ability to collect, harmonize, and align heterogeneous data sources is not 

merely a preparatory step but a critical methodological component that shapes all subsequent 

stages of the framework. 

Smart cities produce data at an unprecedented velocity, variety, and volume—the so-called 3Vs 

of big data [74] —originating from physical infrastructure, environmental monitoring systems, 

mobility services, social platforms, and administrative records. This thesis adopts a multi-

source acquisition strategy, encompassing the following categories: 

• IoT-Based Urban Sensing and Smart Metering: fixed and mobile sensing infrastructures 

generate high-frequency, real-time measurements across multiple domains. In several 

studies, real-world IoT sensors were the primary source of data, providing high-frequency, 

domain-specific measurements. For urban mobility forecasting, as presented in [70]-[73], 
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data were collected from 21 MobilTraf300 microwave traffic counters deployed in the city 

of Catania, Italy. These devices operate at 24 GHz, detect vehicles using radar technology, 

and transmit aggregated measurements every 5 minutes. The dataset includes counts, travel 

direction, lane usage, and timestamps. For analysis, 12 operational counters covering 

different road types (single-lane, two-lane same direction, and two-lane opposite 

directions) were selected, providing a complete year (2022) of high-resolution traffic flow 

time-series data. 

For consumer profiling in water distribution systems (WDSs), the studies [67]-[68] used 

hourly consumption readings from smart meters installed in a central Italian WDS. Data was 

collected between September 2023 and May 2024 across six District Metered Areas (DMAs), 

with user counts ranging from 31 to 403. Each smart meter transmitted cumulative water 

usage (liters/second), enabling the segmentation of consumption behaviors through 

clustering methods. 

• Simulation-Based Synthetic Data Generation: when real-world data availability was 

limited, simulation tools were employed to create realistic synthetic datasets. This was the 

case in [66], where labeled leakage events were needed to train anomaly detection models. 

Due to the scarcity of recorded real losses—caused by incomplete maintenance logs and 

absence of digital asset monitoring systems—the WNTR [75] was used to simulate hydraulic 

operations of the Milan WDS. The system was simulated using daily and weekly demand 

variation coefficients extracted from SCADA data, aggregated to 30-minute intervals and 

perturbed with noise to mimic realistic demand fluctuations. Leakages of varying 

magnitudes were randomly introduced at network nodes, producing pressure time-series 

suitable for both supervised and unsupervised fault detection experiments. 

• Third-Party, Open Data, and Multi-City Integration: in addition to IoT and in-situ sensor 

networks, smart city research increasingly benefits from third-party mobility analytics 

platforms and crowd-sourced geographic data. Services such as TomTom, Google Maps, and 

HERE Technologies provide aggregated traffic speed, flow, and congestion metrics at high 

temporal resolution, enabling large-scale mobility pattern analysis. Crowd-sourced 

initiatives like OpenStreetMap contribute detailed and continuously updated geospatial 

infrastructure maps, while social media streams from platforms such as Twitter and 

Facebook—although unstructured—can be mined through NLP techniques to detect real-

time events, disruptions, and citizen-reported incidents [20].  

In the context of air quality prediction and TL, such heterogeneous third-party and open-

access data sources were integrated in the study [69]. In details, this work compiled and 

harmonized multi-city datasets from Paris, Madrid, Berlin, and Helsinki, combining hourly 

traffic counts, meteorological variables, road network attributes, and pollutant 

concentrations (NO₂, PM₂.₅, PM₁₀). To ensure spatial consistency, traffic sensors in each city 

were geographically linked to their nearest air quality monitoring stations, resulting in 

unified, multi-variable time-series datasets suitable for comparative and cross-domain 

modeling. The deployment density of these sensors varied considerably—from the 

extensive network in Paris, comprising 242 traffic counters and 6 pollution stations, to the 

sparser configuration in Helsinki, with 57 traffic counters and a single pollution station—

highlighting the need for robust domain adaptation strategies. This spatial and semantic 
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data fusion enabled consistent cross-city ML experiments, supporting the application of 

transfer learning and domain-adversarial techniques to generalize predictive models across 

urban contexts with differing sensor infrastructures. 

• Cross-Domain Data Fusion and Synchronization: across all domains, the integration of 

heterogeneous datasets required precise temporal and spatial alignment. Traffic and 

environmental data were matched by timestamp, and geospatial mapping techniques (e.g., 

nearest neighbor search using OSMnx in Python [76]) were used to link physical locations 

across data layers. This synchronization ensured that multimodal inputs—such as road 

conditions, meteorology, and pollution levels—were co-registered for model training. In the 

WDS studies, temporal alignment ensured that consumption patterns and operational 

events were matched to the correct DMA or network node, while in traffic forecasting tasks, 

the data from multiple sensors were aggregated or normalized to allow comparability 

between roads of different configurations. 

Across all domains, the overarching objective remained the same: to construct spatially and 

temporally coherent, semantically consistent, and analytically relevant datasets capable of 

supporting robust and transferable ML models for predictive smart city applications. 

3.2 Data Preprocessing and Quality Enhancement  

Data preprocessing and quality enhancement constitute a critical stage in the ML pipeline, 

acting as the bridge between raw data acquisition and effective model training. Regardless of 

the application domain―whether water distribution systems, traffic forecasting, or air quality 

prediction―the goal is to transform heterogeneous, and often imperfect, data sources into 

consistent, reliable, and analytically meaningful datasets. 

The general strategy adopted in this thesis can be summarized in the following sequential steps 

depicted in Figure 3.1, which were adapted and implemented differently depending on the 

characteristics of each dataset and task. 

 

Figure 3.1 Data Preprocessing Steps. 

― Step 1: Data Consolidation and Harmonization 

The first stage involved data consolidation and harmonization, where heterogeneous data 

formats (CSV, JSON, API streams), often originating from multiple acquisition systems, were 

merged into a unified analytical schema. This step required ensuring consistent timestamp 

formats, spatial references, and variable naming conventions across sources.  

In the anomaly detection study for water distribution networks, this process entailed merging 

WNTR simulation outputs, which included both pressure readings and leak history tables, while 

retaining only variables that reflected leakage events [66].  
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For the clustering analyses of water demand, multiple smart meter datasets from different 

DMAs were aggregated into a unified time series table per user [67][68]. 

 In traffic forecasting applications, wide-format tables were created in which each column 

represented the vehicle count for a specific road-direction pair, obtained by pivoting multi-road 

traffic counter outputs. A further integration step in traffic forecasting involved merging 

TomTom FCD with sensor-based traffic counts. The FCD provided aggregated speed, travel time, 

and congestion metrics across the Catania road network. These were spatially and temporally 

aligned with the corresponding sensor data to enable cross-validation and scaling for roads 

lacking physical counters. 

In the air quality prediction study, spatial data fusion was performed to associate each traffic 

sensor with its nearest pollution monitoring station, creating integrated multi-variable time 

series. 

― Step 2: Duplicate and missing data treatment 

Following consolidation, the process moved to duplicate and missing data treatment, a critical 

step in ensuring dataset completeness, reliability, and statistical validity.  

Duplicate records—entries that appear more than once due to repeated sensor transmissions, 

API retries or merging of overlapping data sources—can artificially inflate sample sizes and bias 

model training if left unaddressed. Missing data, on the other hand, may arise from hardware 

malfunctions, network outages, data corruption, or irregular reporting intervals, and, if not 

properly handled, can distort model parameters or reduce predictive accuracy. Common 

strategies for managing these issues include de-duplication through exact-match removal or 

fuzzy matching for near-identical entries, and missing value treatment via deletion of variables 

or records with excessive gaps, or imputation techniques that estimate missing values based on 

temporal, spatial, or statistical patterns in the available data. 

In the studies presented in this thesis, exact duplicates were removed, and variables with 

excessive missingness—typically above 30%—were excluded from further analysis.  

In water demand clustering, users with more than 30% missing hourly readings were removed, 

while remaining gaps were imputed using KNN spatial interpolation [77], which leverages the 

similarity between neighboring observations to reconstruct missing values [67][68].  

In traffic forecasting, missing values caused by sensor malfunctions or special events (e.g., 

weather alerts) were filled using time-based averaging for the same road, day of week, and hour 

within the same month. For TomTom FCD, occasional gaps in speed or congestion metrics were 

interpolated using moving averages calculated within the same temporal context to preserve 

short-term traffic dynamics [70]-[73].  

In air quality prediction, sensors with excessive missingness were discarded, while gaps in the 

remaining datasets were imputed using the mean for the corresponding hour and weekday in 

the same month, maintaining temporal consistency in pollutant concentration patterns [69]. 
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― Step 3: Outlier Detection and Correction 

Once duplicates and missing data were addressed, the next step involved outlier detection and 

correction, which is essential to prevent extreme or erroneous values from disproportionately 

influencing model training. Outliers—data points that deviate markedly from the general 

distribution—can result from sensor malfunctions, data entry errors, unusual operating 

conditions, or genuine but rare events. If unaccounted for, they may bias statistical estimates, 

distort scaling, or mislead machine learning models, particularly those sensitive to range and 

variance. Common strategies for identifying outliers include visual inspection via boxplots or 

scatterplots, statistical thresholds such as the IQR method, and model-based anomaly detection. 

Once detected, outliers may be removed or replaced with statistically informed estimates, 

depending on whether they reflect erroneous measurements or meaningful but rare events 

relevant to the analysis. 

In this thesis, outlier management was tailored to the domain and data type. In traffic 

forecasting, outliers in vehicle count time series—often due to temporary sensor faults or one-

off incidents—were detected using boxplots or IQR thresholds and replaced with values 

obtained via time-based averaging for the same road, day of week, and hour in the same month 

[70]-[73]. In detail, for TomTom Floating Car Data, transient spikes in speed or congestion 

metrics caused by GPS errors or irregular updates were smoothed using short-window moving 

averages, ensuring continuity while retaining genuine traffic fluctuations.  

In air quality prediction, the IQR method was applied to pollutant and traffic variables to 

identify anomalous spikes or drops, which were then imputed using the same temporal mean 

strategy as for missing data [69]. 

For water demand clustering, outliers in effective hourly consumption were detected through 

visual exploration of time series plots and statistical cut-offs, where abnormally high or negative 

values indicated faulty smart meter readings or data transmission errors. These outliers were 

replaced using KNN spatial interpolation [77] ensuring realistic consumption profiles while 

preserving the overall behavioral patterns [67]-[68].  

Finally, in leak detection for water distribution systems, no outlier correction was applied to 

pressure data. This was a deliberate choice, as unusually high- or low-pressure readings may 

correspond to the very events the model aims to detect—namely, the onset or progression of 

leakages. Removing such points could have inadvertently erased valuable predictive signals 

from the dataset [66]. 

― Step 4: Data Normalization and Scaling 

Data normalization and scaling are fundamental preprocessing operations that ensure all 

features contribute proportionally to model training. In raw datasets, variables often have 

different units and magnitudes—for instance, traffic counts may range from tens to thousands, 

while pollutant concentrations or pressure readings can have much smaller numeric ranges. 

Without normalization, algorithms sensitive to feature magnitude—such as distance-based 

models (e.g., K-means, KNN) or gradient-based optimizers—can become biased toward 
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variables with larger absolute values, distorting decision boundaries and degrading predictive 

performance. 

Two common scaling approaches are: 

• Z-score standardization which centers each feature to have a mean of zero and a standard 

deviation of one, making it suitable for normally distributed variables. 

• Min–Max scaling which rescales features to a fixed range commonly [0,1], while preserving 

the relative distances between values, useful when the model benefits from bounded input 

ranges. 

The choice between these methods depends on the data distribution, the sensitivity of the 

algorithm to feature magnitude, and the interpretability requirements of the task. 

In this thesis, scaling strategies were selected according to domain characteristics and model 

requirements. Indeed, for anomaly detection task in WDS, pressure readings, which exhibited 

Gaussian-like distributions after simulation, were standardized using the z-score approach via 

the StandardScaler function in Scikit-learn [78]. This ensured uniform variance across features, 

improving the stability of algorithms sensitive to feature dispersion [66]. 

To profile the users through time series water demand using clustering, households water 

consumption profiles were normalized using Min–Max scaling to a [0,1] range. This approach 

was critical to cluster households based on usage patterns rather than total volume, preventing 

the algorithm from grouping consumers by size alone [67][68]. 

For traffic flows forecasting, vehicle count time series from both physical sensors and TomTom 

FCD were scaled using Min–Max normalization. This harmonized data from roads with vastly 

different traffic volumes, enabling models to learn temporal patterns without bias toward 

heavily trafficked roads [70]-[73]. 

Finally, in the air quality prediction, all traffic, meteorological, and pollutant concentration 

variables were normalized to [0,1] scale via Min–Max scaling, facilitating convergence in multi-

variable DL architectures and ensuring comparability across cities with differing measurement 

ranges [69]. 

Through these tailored normalization and scaling strategies, the datasets used in each study 

were brought to a common numeric basis, enabling fair comparison between variables, stable 

training dynamics, and improved cross-domain generalization. 

― Step 5: Dataset Enrichment 

This step refers to the process of augmenting raw and cleaned data with additional contextual, 

engineered, or derived features that can enhance the predictive performance and 

interpretability of a model [78]. While earlier preprocessing stages focus on removing 

inconsistencies and ensuring quality, enrichment focuses on adding value. In many smart city 

applications, the phenomena being modeled—traffic flows, water demand patterns, air quality 

fluctuations—are not solely explained by the core measurements (e.g., vehicle counts, water 
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volumes, pollutant levels). Instead, they are influenced by a range of temporal, spatial, 

infrastructural, and environmental factors. 

By integrating these additional descriptors, dataset enrichment allows machine learning 

algorithms to capture latent relationships, seasonal patterns, or cross-domain dependencies 

that would otherwise remain hidden. Enrichment can be achieved through: 

• Temporal features: day of week, time of day, seasonality, public holidays. 

• Spatial features: location coordinates, network topology, infrastructure attributes. 

• Environmental features: weather variables, pollution levels, event indicators. 

• Derived/engineered features: aggregated metrics, moving averages, rates of change, 

domain-specific transformations. 

The key challenge is to ensure that these features are informative without introducing 

redundancy or noise. In this thesis, dataset enrichment was tailored to the domain and data 

source of each study, with a focus on features that provide operationally meaningful signals for 

predictive modeling [32]. 

As concerns the application in this thesis, for traffic flow forecasting, enrichment was central to 

improving forecasting accuracy by incorporating features beyond raw vehicle counts. Temporal 

indicators such as day of week and hour of day were added to capture periodic traffic patterns. 

Spatial and infrastructural descriptors included the number of lanes, lane width class, and 

presence of on-street parking, all of which influence traffic flow capacity and congestion 

behavior. For datasets integrating TomTom FCD, congestion metrics and average speeds were 

merged with sensor counts to provide both demand (flow) and supply (capacity) perspectives 

[70]-[73]. 

For air quality prediction, predictive performance was enhanced by including meteorological 

variables (e.g., temperature, humidity, wind speed, and direction), which have well-established 

impacts on pollutant dispersion and concentration levels. In addition, spatial descriptors were 

obtained from road network data using OSMnx [76], including road density, proximity to major 

roads, and intersection density. These features enriched the link between traffic activity and 

pollutant concentrations by accounting for both emission sources and dispersion conditions 

[69]. 

In water demand clustering, while the clustering focused primarily on consumption profiles, 

temporal features such as season, day type (weekday/weekend), and hour of day were added 

to capture behavioral variability. These variables support the identification of consumption 

patterns that are temporally dependent, such as peak hours or seasonal irrigation use, 

improving the interpretability of resulting clusters [67][68]. 

Finally for leak detection in WDS, although the primary data source consisted of simulated 

hydraulic pressure values, temporal attributes (e.g., time of day, simulation stage) were included 

to differentiate between routine fluctuations and leakage-induced anomalies. These 

enrichments assisted the model in distinguishing between genuine fault events and regular 

operational variability [66]. 
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Across all domains addressed in this thesis, dataset enrichment is aligned with best practices in 

feature engineering for smart city analytics. The adopted strategies emphasized: (1) relevance, 

ensuring that each added feature had a plausible relationship with the target variable; (2) 

domain knowledge integration, where infrastructural and meteorological descriptors were 

included based on established physical and operational principles; and (3) scalability, enabling 

enriched datasets to support TL and cross-city applications. The enrichment phase, therefore, 

not only improved model accuracy but also facilitated deeper interpretability—critical for 

decision-making in operational urban systems. 

3.3 Exploratory Data Analysis  

EDA is a pivotal step in the ML pipeline, bridging preprocessing and feature engineering by 

enabling researchers to interrogate data structure, distribution, and relationships before 

modeling [80][81]. The goal of EDA is twofold: (i) to validate assumptions about data quality 

and relevance, and (ii) to generate insights into latent patterns, anomalies, and dependencies 

that can inform both feature selection and model design. Typical EDA procedures include 

descriptive statistics (mean, variance, skewness), distributional analysis via histograms or 

kernel density plots, time-series decomposition, correlation matrices, and visualization of 

spatial or network-based attributes. In smart city applications, EDA is particularly important 

because urban data streams are multi-source, heterogeneous, and often spatio-temporal, 

requiring careful inspection to uncover patterns such as diurnal cycles in mobility, seasonal 

shifts in consumption, or episodic spikes in pollutants. 

In the anomaly detection study, EDA focused on the inspection of pressure time series generated 

by WNTR simulations. Distributions of pressure values were analyzed both under normal 

conditions and in the presence of simulated leaks.  

 

Figure 3.2 Example Normal vs Leakage Pressure Condition. 

In Figure 3.2, an example of visual comparison of pressure drops across nodes helped to identify 

which variables carried discriminatory power for leakage events. Time series plots and 
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difference curves between “normal” and “leak” states were employed to verify that simulated 

anomalies aligned with expected hydraulic behavior [66]. 

For both clustering papers, EDA was central in understanding user consumption behavior. 

 

Figure 3.3 Cumulative vs effective water user demand. 

 As shown in Figure 3.3, initial steps involved visualizing cumulative vs. effective consumption 

curves for representative households to confirm that the differencing transformation properly 

revealed hourly usage patterns. Indeed, in (a) the cumulative consumption curve steadily 

increases, which indicates that water consumption is continuous over time. Each new data point 

is added to the total amount of water consumed up to that point. The slight fluctuations in the 

slope suggest variations in the rate of water consumption but, overall, the analyzed user 

consistently consumes water over time. With this type of information, it is not possible to study 

behavioral patterns in water consumption, such as daily, weekly, or yearly fluctuations. Unlike 

the cumulative, the effective water consumption depicted in graph (b) offers a more detailed 

view of variations in water use throughout the day. The spikes in the graph indicate periods of 

high-water usage, while the lower points or near-zero values suggest little to no water usage 

during certain hours. Further histograms and boxplots were used to assess variability across 

DMAs, while correlation analysis identified similarities among user groups.  Finally, an 

important aspect of the exploratory phase was the analysis of user type distribution. Thanks to 

geographic information provided for each user, an application was developed to identify activity 

types based on longitude, latitude and address data. Each user was then classified into one of 

two categories—residential or non-residential, according to the geographic information of the 
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user. Data exploration revealed a significant sample imbalance, with only 60 non-residential 

users, representing activities such as restaurants, banks, food manufacturing, and other 

commercial services. This situation reflects real-world conditions, where residential users 

typically dominate water consumption in cities [82]. This imbalance, although expected given 

the structure of most DMAs, was a critical insight into the subsequent clustering process, as it 

highlighted the potential dominance of residential consumption patterns and the need to 

carefully interpret results for minority user groups [67][68]. 

In the traffic forecasting studies, EDA examined diurnal and weekly fluctuations in vehicle 

counts through aggregated line plots and heatmaps, which revealed strong periodicities (e.g., 

morning/evening rush hours). Correlation analysis between different sensors demonstrated 

spatial dependencies across the network, while scatterplots and density plots were used to 

inspect the relationships between TomTom Floating Car Data (speeds, congestion indices) and 

sensor counts. Outlier detection performed during preprocessing was complemented here by 

exploratory visualizations, which confirmed whether spikes were attributable to abnormal 

events or genuine traffic surges [70][73]. 

Finally, for air quality prediction across multiple European cities, EDA served to investigate the 

joint dynamics of pollutants, traffic, and meteorological variables. 

 

Figure 3.4 Example heatmap correlation between traffic and pollutants. 

Figure 3.4 shows an example of correlation heatmap for the city of Paris, used to reveal expected 

relationships between pollutants concentrations and traffic intensity [69]. 

In sum, EDA across the different studies combined visual, statistical, and domain-specific 

techniques to validate data quality, uncover meaningful spatio-temporal patterns, and guide 

methodological choices. Far from being a mere descriptive step, EDA in this thesis acted as a 

diagnostic tool ensuring that the downstream machine learning models were built upon robust 

empirical understanding of the underlying data-generating processes. 
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3.4 Feature Engineering  

Feature engineering represents a pivotal stage in the data preparation pipeline. Its primary goal 

is to derive new, informative representations of the data, refine existing features, and select only 

those attributes most relevant to the predictive task. In general, this step involves generating 

domain-specific features, extracting statistical or temporal descriptors, encoding categorical 

variables, and reducing dimensionality where necessary. Well-designed features can 

significantly enhance model interpretability and predictive power, particularly when dealing 

with heterogeneous urban data sources such as water networks, smart meters, traffic counters, 

floating car data, and air quality monitors. 

In this thesis, feature engineering was tailored to the requirements of each application domain 

and research question. As concerns the anomaly detection in WDS, no dimensionality reduction 

or engineered statistics were introduced, since filtering out extreme values could have erased 

true leakage events [66]. 

For both clustering studies, engineered features were designed to capture behavioral patterns 

in water consumption rather than absolute volumes. First, as introduced in paragraph 3.3 

Exploratory Data Analysis, cumulative smart meter readings were transformed into effective 

hourly consumption via differencing, enabling the identification of daily and weekly usage 

patterns. Additionally, to better characterize consumption dynamics, MSTL algorithm has been 

used. MSTL iteratively decomposes the time series into three main components: seasonality, 

which represents the repeating patterns in the data, trend, which captures the long-term 

changes of the series, indicating whether the data is generally increasing, decreasing or 

remaining stable over timer, and residuals, which are the remaining part of the data, typically 

considered as noise or irregular fluctuations [83]. Compared with other decomposition 

alternatives, MSTL is highly efficient and well-suited to handling large datasets due to its 

computational scalability [84]. To estimate the different components, MSTL relies on LOESS, a 

non-parametric regression method that fits local polynomial regressions to the data, smoothing 

the series at each time point within a defined window. The outcome of the procedure is a smooth 

curve that represents the seasonality in the data, filtered out from noise to reveal clear patterns. 

Two key hyperparameters have been set in the MSTL algorithm: periods, which regulate the 

number of time points in each seasonal cycle, and windows, which refer to the size of the 

smoothing window used in the LOESS. While the window size has been left at its default value, 

the authors set period=168, corresponding to weekly water consumption patterns for hourly 

data. Setting the period to 168 is a strategic choice when working with water consumption data, 

in order to capture variations between residential and non-residential users. For example, 

residential users typically consume more water on weekends, while commercial users show the 

opposite trend, with higher consumption on weekdays. This strategic choice enables MSTL to 

accurately reflect these cyclical behaviors and improve the quality of clustering results. 
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Figure 3.5 Comparison scaled original time series vs scaled seasonal components. 

 Figure 3.5 shows a comparison between the scaled original time series data (a) and the scaled 

seasonal components (b) extracted after applying the MSTL algorithm. In detail, in (a) an 

example of the hourly pattern of water consumption in a week of January for a single user is 

shown. The bottom graph (b) focuses just on the seasonal component extracted from the 

original time series. As shown in (b), the seasonal graph shows how water usage typically 

increases or decreases at specific times within the week. The analysis of seasonal components 

makes it easier to identify distinct patterns among different users. Lastly, seasonal data was 

aggregated using the mean as aggregation function to obtain a typical weekly water 

consumption pattern for each month. Specifically, for each day of the week, the average hourly 

consumption was calculated by aggregating the values from all occurrences of that particular 

day within the month. This aggregation was applied to all nine; as a result, a typical weekly 

consumption pattern for the month for each user is obtained. By focusing on a representative 

week, general daily and weekly consumption patterns were captured without being skewed by 

unusual dates within the month. This approach is well-suited for water consumption analysis, 

which tends to follow daily, weekly, and yearly cycles rather than monthly ones [67][68]. 

Feature engineering in traffic studies emphasized both temporal and spatial descriptors. Raw 

5-minute vehicle counts were aggregated to hourly totals, aligned with forecasting horizons 

(short- and long-term). Lanes in the same direction were summed, while those in opposite 

directions were retained as separate features to preserve directional flow dynamics [70]–[73]. 
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Furthermore, additional contextual features were engineered, including day of week, time of 

day, number of lanes, lane width class, and parking presence, enriching the predictive space 

with structural and temporal attributes. When TomTom FCD was integrated, additional features 

such as average travel speed, congestion level, and travel time were extracted, harmonized with 

sensor-based counts, and used to scale traffic flow predictions for under-sensed road segments. 

Finally, for air quality prediction, feature engineering was essential to capture the complex 

interplay between traffic, environment, and pollution. Spatial linking associated traffic sensors 

with their nearest air quality monitoring stations, enabling the construction of integrated multi-

variable time series. Features included hourly traffic volume, pollutant concentrations (NO₂, 

PM₂.₅, PM₁₀, CO), and meteorological descriptors such as temperature, humidity, wind speed, 

and atmospheric pressure [69]. In addition, road network indicators (e.g., centrality, density) 

were extracted using OSMnx, providing structural context to traffic-pollution interactions. 

Together, these features enabled advanced models such as domain-adversarial neural networks 

to generalize across multiple cities with heterogeneous data distributions. 

3.5 Feature Selection  

Feature selection is a critical step in the ML pipeline, aimed at identifying the most informative 

subset of variables while discarding redundant or irrelevant ones. This process not only 

improves computational efficiency but also enhances model interpretability and predictive 

performance by reducing noise and mitigating the risk of overfitting [85]. In practice, feature 

selection can be carried out using filter methods (e.g., correlation thresholds, mutual 

information), wrapper methods (e.g., recursive feature elimination), or embedded approaches 

(e.g., regularization techniques). The choice of strategy is usually tailored to the problem 

domain, data type, and the modeling objectives. 

For anomaly detection, since pressure readings in a water network are highly correlated across 

nodes, feature selection aimed at reducing dimensionality without losing the hydraulic 

information necessary to detect leakages. 

 

Figure 3.6 Original Milan WDS. 
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Figure 3.7 Skeletonized Milan WDS. 

Figure 3.6 and Figure 3.7 show a planimetry of the Milan network and of its reduced version. A 

skeletonization process was applied to the original Milan WDS, removing low-impact nodes and 

pipes to retain only those with significant hydraulic influence. This reduced complexity while 

preserving the essential dynamics of the system for leakage modeling. 

For clustering water demand studies, feature selection went beyond retaining raw consumption 

variables. After transforming cumulative smart meter readings into effective hourly demand, 

PCA was applied to reduce the dimensionality of the user consumption profiles. The first few 

principal components captured the dominant variance associated with daily and weekly 

consumption patterns, while discarding noise and minor fluctuations. This allowed clustering 

to focus on major behavioral trends rather than individual outliers or high-frequency variability. 

In practice, PCA complemented normalization and LOESS smoothing by emphasizing structural 

differences between residential and non-residential users, whose imbalance was previously 

highlighted during exploratory analysis [67][68]. 

As regards the traffic forecasting, the preprocessing steps (described before aggregation by 

lane/direction, pivoting tables), produced a structured dataset, and all resulting variables were 

kept for model training [70]-[73]. 

For air quality prediction, multicollinearity checks and correlation analysis were applied to 

remove redundant predictors among traffic, meteorological, and pollutant variables. This 

ensured that the final feature set contained only independent, non-redundant variables [69]. 

3.6 Model Configuration  

The modeling stage represents the core of the ML pipeline, where cleaned and feature-

engineered data are used to train algorithms capable of capturing underlying patterns and 

making reliable predictions. In general, this step involves selecting suitable model families 

based on the problem type (classification, regression, clustering, or forecasting), training them 

on historical data, tuning hyperparameters to optimize performance, and validating 

generalization capabilities through cross-validation or hold-out strategies. The choice of 
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modeling approach is strongly influenced by domain characteristics, data availability, and task 

objectives: anomaly detection requires methods sensitive to deviations from normal behavior, 

clustering demands unsupervised learning to uncover latent structures, while forecasting and 

regression tasks often benefit from temporal models capable of capturing seasonality and 

trends. 

In this thesis, modeling approaches were tailored to each study as explained below. 

3.6.1 Leak Detection in WDSs 

In the leak detection study, the modeling phase was designed as an unsupervised anomaly 

detection task, where the central goal was to identify pressure signal deviations symptomatic 

of leaks. Since leaks are rare events compared to normal operations, the dataset was highly 

unbalanced, which required the use of specialized anomaly detection techniques rather than 

conventional supervised classifiers. To this end, a diverse set of algorithms was applied, 

spanning statistical, regression-based, distance-based, clustering-based, and ML methods [66]. 

Statistical approaches included the Generalized ESD Test and the IQR method. The ESD test 

identifies extreme outliers in a distribution by iteratively removing the most anomalous points, 

while the IQR method uses quartile thresholds to detect abnormal pressure fluctuations outside 

the expected range. These approaches are lightweight and interpretable, but they are limited in 

detecting complex temporal patterns [86][87]. 

Shift and persistence detection algorithms such as LevelShiftAD and PersistAD were also tested. 

LevelShiftAD is designed to capture sudden changes in the mean level of a time series, which 

may correspond to leak-induced disruptions, whereas PersistAD identifies deviations that 

persist beyond a specified window, helping to filter out transient anomalies [88]. 

Regression-based approaches were represented by AutoRegressionAD, which models expected 

pressure values based on historical lags of the same signal. Deviations from the autoregressive 

prediction were flagged as anomalies. This method is particularly suitable for hydraulic data 

where pressure is strongly autocorrelated in time [89]. 

Distance- and density-based methods included the LOF, which estimates the local density of 

each observation and flags points that significantly deviate from their neighbors as anomalies. 

LOF is effective in capturing local irregularities in high-dimensional data but can be sensitive to 

parameter choices [90]. 

Ensemble-based methods such as the Isolation Forest were also applied. This algorithm isolates 

anomalies by recursively partitioning the data; anomalous points are easier to isolate since they 

are few and different. This makes it effective in unbalanced scenarios such as leak detection 

[91]. 

Finally, clustering-based techniques like K-Means and Affinity Propagation were evaluated. The 

idea here is to group pressure time series data into clusters of similar behavior, with points lying 

far from cluster centers being marked as potential leaks. K-Means assumes spherical cluster 

structures, whereas Affinity Propagation automatically determines the number of clusters 

based on data similarities [92]. 
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3.6.2 Clustering of water demands profiles 

Clustering water demand data was designed as an unsupervised pattern discovery task, where 

the objective was to identify groups of users with similar consumption behaviors without 

relying on predefined labels. This approach is particularly relevant in water distribution 

systems, where consumption profiles vary widely between households, commercial activities, 

and industrial users. After data preprocessing and normalization, clustering was applied to 

reveal hidden structures in the demand profiles, supporting more effective demand 

management and infrastructure planning. A recurring challenge in clustering is the 

determination of the optimal number of clusters and the assurance of stability, ensuring that 

the clusters remain robust to variations in input data and initialization. Both studies addressed 

these issues through a combination of resampling, hyperparameter tuning, and advanced time-

series clustering algorithms. 

In [67], TSkmeans was employed as clustering algorithm, due to its ability to handle temporal 

distortions in smart meter data. Unlike standard K-Means, TSkmeans leverages DTW as a 

distance metric, enabling alignment of sequences with shifts or varying speeds in consumption 

events. This allowed for the identification of more realistic behavioral patterns, such as 

differences in morning vs. evening peak usage across households. Clustering stability was 

assessed through bootstrap resampling, or Bootstrapping, a resampling technique used in 

statistics and ML, which consists in drawing multiple samples from the original data with 

replacement, meaning that the same data point can appear more than once in the resampled 

dataset [93]. This technique enables clustering validation on “fake” datasets that differ from the 

original, with some user patterns potentially missing. Starting with an unknown population, X 

of n elements, m different bootstrap samples (S1, S2, …, Sm) are created, each containing the 

water consumption values over a series of timesteps for the users, who are equally likely to be 

selected. The number of bootstrap samples, m, is a key hyperparameter that needs to be tuned 

for optimal model performance.  

The second study [68] extended this framework by adopting a more rigorous hyperparameter 

optimization strategy using the Optuna library [94]. A total of 100 trials were performed, 

systematically exploring parameters such as the number of clusters, maximum iterations, 

tolerance thresholds, and the number of bootstrap samples. The computationally intensive 

process (≈5 hours on a CPU-only setup) highlighted the trade-off between accuracy and 

efficiency in clustering tasks. Alongside TSkmeans, this study also tested the K-Shape algorithm 

which relies on SBD and cross-correlation measures to align and cluster time series based on 

their overall shape rather than magnitude [95]. This dual approach enabled the detection of 

both fine-grained temporal alignments (via DTW) and global shape similarities (via SBD). 

3.6.3 Traffic flow forecasting 

The modeling phase in the traffic forecasting studies was designed around the overarching 

objective of predicting traffic flows across the road network of Catania, including both sensor-

equipped and sensor-less roads. The core challenge arises from the fact that TomTom FCD 

provides only sample-based mobility information (e.g., average speeds, congestion levels, travel 

times), while inductive loop and magnetic sensors deliver direct traffic counts. Since FCD and 
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sensor data represent complementary but non-linearly related views of the same phenomenon, 

the first step in the modeling framework was to establish and learn the statistical and functional 

relationship between them. 

This calibration step was crucial: by using supervised machine learning algorithms as in [73], 

FCD data were mapped to sensor counts, enabling the scaling of sample-based data into traffic 

volumes consistent with ground-truth measurements. Once this relationship was modeled, the 

framework could be extended to forecast traffic flows both on sensor-equipped roads (where 

models could be directly trained and validated) and on sensor-less roads (where predictions 

relied on scaled FCD inputs). 

Within this general framework, different methodological choices were explored across the four 

studies, progressively evolving from classical supervised regressors to DL and hybrid spatio-

temporal models: 

• In [70] a supervised learning approach was adopted to predict short-term traffic flows from 

calibrated FCD and sensor data. Algorithms including Random Forests, Gradient Boosting, 

and SVR were trained to capture nonlinear relationships, with hyperparameter optimization 

ensuring real-time applicability. 

• The work in [71] extended the modeling to recurrent neural networks, focusing on LSTM 

and GRUs. These models were specifically designed to capture sequential dependencies and 

temporal correlations in traffic data, improving the ability to forecast congestion patterns at 

fine temporal resolutions. 

• In [72] the authors introduced a spatio-temporal perspective by combining GNNs with 

recurrent models. Here, the road network was represented as a graph, where nodes 

corresponded to road segments and edges encoded spatial connectivity. This hybrid 

modeling strategy allowed the simultaneous exploitation of spatial interdependencies and 

temporal dynamics, offering a more holistic representation of traffic flow evolution. 

• Finally, [73] focused on sensor-less roads, leveraging transfer learning to generalize 

predictive models trained on sensor-rich roads. Both tree-based ensembles (Random 

Forests, XGBoost) and neural networks were applied, with feature mappings enabling 

knowledge transfer across heterogeneous road segments. This demonstrated the feasibility 

of extending predictive capabilities to under-instrumented areas of the urban network. 

Taken together, these studies illustrate a coherent methodological trajectory: starting with the 

calibration of FCD to sensor data, moving to robust supervised regressors, and gradually 

evolving toward advanced DL approaches. This progression reflects both the increasing 

complexity of the modeling strategies and the expanding scope of the predictive task — from 

sensor-specific forecasting to generalized predictions across the entire urban road network. 
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3.6.4 Air quality prediction and cross-city transfer learning 

The modeling phase of the air quality prediction study was designed with the overarching goal 

of developing a domain-invariant framework capable of generalizing pollutant predictions 

across structurally similar cities. Unlike single-city prediction tasks, this study tackled the cross-

city generalization problem, where differences in data distributions (traffic, infrastructure, 

emissions) pose a significant challenge for model transferability. The pipeline thus combined 

three key stages: (i) similarity analysis across cities, (ii) domain-invariant feature extraction, 

and (iii) regression modeling of pollutant concentrations. 

The first stage focused on assessing inter-city similarity to determine which urban contexts 

were suitable for training transferable models. To evaluate similarities, a combination of radar 

plots, PCA, and hierarchical clustering was employed, enabling both visual and statistical 

comparisons. Two separate analyses were carried out: one using the full set of indicators, and 

another excluding public transport variables to account for cities lacking metro or tram systems. 

This ensured that structurally comparable cities could be paired for training and TL. 

The second stage introduced DANN [96], employed as a feature extractor to generate domain-

invariant representations. The DANN architecture included a feature extractor, label predictor, 

and domain classifier, trained in an adversarial setting. The feature extractor sought to capture 

patterns relevant to pollution prediction, while simultaneously learning to deceive the domain 

classifier, which attempted to identify the city of origin. This adversarial process encouraged 

the learning of generalizable, city-independent features that enabled knowledge transfer across 

urban domains with different local distributions. 

Once the feature-extracted dataset was constructed, the third stage involved predictive 

modeling of pollutant concentrations. The task was framed as a multi-target regression 

problem, simultaneously predicting NO₂, PM₁₀, and PM₂.₅ levels across monitoring stations. 

Several tree-based ML algorithms (e.g., Random Forest, Gradient Boosting, Decision Trees) were 

implemented using scikit-learn. Importantly, the models were trained and validated in a cross-

city setup, where two structurally similar cities were used for training while two others were 

held out for testing. This design explicitly tested the transferability of the learned 

representations. 

Finally, a generalization test was performed by applying the best-performing feature extractor 

regression model combination to previously unseen cities. This evaluation demonstrated the 

robustness of the proposed framework: models were expected to generalize well in structurally 

similar cities, but not in dissimilar ones. Such an outcome reinforced the central claim of the 

work — that air quality prediction requires domain-invariant, transferable models tailored to 

groups of comparable cities, rather than a one-size-fits-all global model. 

3.7 Training and testing strategies 

A critical stage in any ML workflow is the definition of appropriate training and testing 

strategies, which ensure that developed models generalize beyond the data used for model 

fitting. In supervised learning, datasets are typically split into training sets, used to fit model 
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parameters, and testing sets, employed to evaluate predictive ability on unseen data. Depending 

on the problem context, different approaches may be adopted, ranging from random hold-out 

splits and k-fold cross-validation to domain-specific partitioning strategies such as temporal 

splits in time series forecasting. These strategies mitigate risks of overfitting while allowing 

robust assessment of model generalizability. 

In the leak detection study for water distribution systems, models were trained on normal 

operating conditions data, while synthetic leaks generated by WNTR simulations served as test 

cases to evaluate detection ability under abnormal scenarios [66].  

For water demand clustering, since the objective was unsupervised pattern discovery, bootstrap 

resampling was used to repeatedly generate perturbed datasets from the original consumption 

profiles. This approach enabled testing the stability of cluster assignments and supported 

hyperparameter optimization via the Optuna library, ensuring reproducibility and robustness 

across different clustering configurations [67][68]. 

In traffic forecasting studies, the sequential nature of traffic data required a temporal hold-out 

strategy: training was performed on earlier intervals of traffic counts and TomTom FCD, while 

more recent intervals were reserved for testing, preventing information leakage across time 

horizons [70]-[73]. 

Finally, in the air quality prediction work, a cross-city TL strategy was adopted. Here, 

structurally similar cities were selected as the training domain, with the last week of each 

month in 2023 set aside as the temporal test set. Held-out cities that were not included in the 

training served as an additional validation layer, testing the generalizability of the domain-

adversarial framework to unseen environments [69]. 

Together, these diverse training and testing approaches highlight the importance of tailoring 

validation strategies to the characteristics of the data and task: anomaly detection required 

separation of normal and abnormal conditions, clustering required stability testing under 

resampling, traffic forecasting demanded temporal splits, and cross-city pollution prediction 

necessitated domain transfer evaluation. 

3.8 Performance Evaluation  

Performance evaluation is a fundamental component of the ML pipeline, as it provides objective 

evidence of how well the developed models achieve their intended goals across different 

application domains. The selection of evaluation metrics depends on the nature of the task—

classification, regression, clustering, or anomaly detection—as well as the properties of the 

data, such as balance between classes, temporal dependencies, and the presence of noise. In 

general, performance is assessed using a mix of accuracy-based, error-based, and cluster 

validation metrics, ensuring both predictive accuracy and generalizability. 

In the leak detection study for water distribution systems, the task was framed as an anomaly 

detection problem, where the primary challenge was the strong imbalance between normal 

operating conditions and rare leakage events. In such cases, relying exclusively on overall 

accuracy can be misleading, since models may achieve high scores simply by favoring the 
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majority class. For this reason, evaluation relied on Precision, Recall, and the F1-score in 

addition to Accuracy. Precision measured the proportion of detected leaks that were truly leak 

events, Recall quantified the ability to capture rare leak conditions, and the F1-score provided 

a harmonic mean balancing the two [97]. This evaluation strategy ensured that models were 

not only accurate under normal conditions but also sensitive to the early detection of anomalies 

[66]. 

For the clustering of water demand, the objective was unsupervised discovery of behavioral 

groups among users. Evaluation relied on a combination of the Silhouette coefficient, which 

measures intra-cluster cohesion and inter-cluster separation [98], and information criteria 

such as the AIC and BIC, which penalize model complexity to avoid overfitting [99].  A combined 

score balancing these measures was used to select the optimal number of clusters [67][68].  

In the traffic forecasting studies, the task was treated as a supervised regression problem with 

strong temporal dependencies. Given the time-series structure, chronological train–test splits 

were adopted to avoid data leakage and preserve temporal causality. Performance was assessed 

using error-based metrics, primarily the RMSE, which emphasizes large deviations, the MAE, 

which provides a more interpretable measure of average error, and the MAPE, which normalizes 

errors relative to observed values, making it useful for comparing roads with different traffic 

volumes [100]. These metrics collectively provided insight into both the absolute and relative 

accuracy of predictions across sensor-equipped and sensor-less roads [70]-[73]. 

Finally, in the air quality prediction study, performance evaluation was designed to address the 

cross-city generalization problem. Because the models had to predict pollutant levels (NO₂, 

PM₁₀, and PM₂.₅) in unseen cities, traditional linear-model metrics such as R² and RMSE were 

intentionally excluded, as they assume linear relationships and may fail to capture the complex, 

non-linear traffic–pollution interactions [101]. Instead, the evaluation combined error-based 

measures such as MAE with rank-based metrics that assess monotonicity between observed 

and predicted pollutant levels, better reflecting the non-linear but directional dependencies 

between traffic activity and air pollution concentrations [102]. To further validate 

generalizability, the evaluation adopted a hold-out strategy, in which models were trained on 

structurally similar cities and tested on unseen ones, ensuring that predictive performance 

reflected the ability to transfer knowledge across urban environments rather than mere 

memorization [69].  

Overall, performance evaluation across the different studies in this thesis was tailored to the 

specific characteristics of each task: rare-event detection in leak analysis, unsupervised stability 

in clustering, error minimization in traffic forecasting, and cross-domain generalization in air 

quality prediction. By adopting context-sensitive evaluation strategies, the analyses ensured 

both methodological rigor and practical relevance for urban infrastructure applications. 

3.9 Conclusions 

This chapter has outlined an integrative ML methodology for smart city applications, spanning 

the entire pipeline from data acquisition and preprocessing to exploratory analysis, feature 

engineering, feature selection, model development, and performance evaluation. While the 
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framework was presented in a general form, its flexibility was demonstrated across diverse 

domains, including water distribution networks, urban mobility and traffic forecasting, and air 

quality prediction. In each case, domain-specific adaptations were required, but the overarching 

methodology emphasized a rigorous combination of data integration, quality enhancement, 

robust feature design, and context-sensitive evaluation strategies. 

The next chapter will delve in detail into one of the core application domains of this thesis: leak 

detection in water distribution systems. This focus reflects both the novelty and relevance of 

the state of the art in this field and the methodological contributions developed by the authors. 

Chapter 4 will present the case study investigated, describe the proposed methodology as 

applied in practice, and discuss the results obtained, highlighting the potential of data-driven 

anomaly detection for improving the reliability and sustainability of urban water infrastructure. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



41 
 

Chapter 4 

 

Leak Detection in Water Distribution 

Systems 

WDSs represent one of the most critical infrastructures for urban sustainability, ensuring 

reliable access to clean water for residential, commercial, and industrial use. However, these 

systems are highly vulnerable to leakages, which can lead to significant economic losses, service 

disruptions, and environmental impacts. Detecting such events in a timely and accurate manner 

is a complex task, as leaks are often subtle, masked by normal fluctuations in pressure or 

demand, and difficult to distinguish without advanced analytical tools. In recent years, MLg–

based anomaly detection has emerged as a powerful approach to this challenge, enabling the 

automatic identification of abnormal hydraulic behaviors that may signal the presence of leaks. 

This chapter focuses specifically on the application of the integrated ML methodology presented 

in Chapter 3 to the problem of leakage detection in WDSs. Building on high-fidelity simulations 

generated by WNTR, pressure and demand signals were collected under both normal and faulty 

operating conditions. These data served as the foundation for designing, preprocessing, and 

analyzing time series tailored to anomaly detection tasks. The study systematically compared 

multiple state-of-the-art unsupervised detection algorithms, reflecting diverse statistical, 

distance-based, and clustering paradigms, with the goal of assessing their suitability for highly 

unbalanced leak detection scenarios. 

The remainder of this chapter is structured to provide a detailed account of this case study. First, 

the state of the art in leakage detection methods is reviewed, highlighting the transition from 

traditional hydraulic modeling approaches to modern ML-based anomaly detection 

frameworks. Then, the case study setup is presented, describing the simulated water 

distribution network, the data acquisition process, and the preprocessing steps. Finally, the 

results obtained with the proposed methodology are discussed, evaluating the strengths and 

limitations of different anomaly detection algorithms when applied to the leak detection 

problem. Together, this chapter illustrates how the general methodology introduced earlier can 

be adapted to a specific, high-impact urban infrastructure challenge, laying the foundation for 

the novel contributions of this thesis. 

4.1 State of the Art 

The detection and prediction of leakages in WDSs have been widely studied, with existing 

methods broadly classified into hardware-based and software-based approaches. Hardware 

methods can be divided into passive and active systems: passive techniques rely on visual 
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inspection or direct sensing devices, while active approaches exploit acoustic, vibration, flow, 

or pressure signals. Early studies demonstrated the use of acoustic measurements for leak 

identification in plastic pipes [103], while more recent works have integrated artificial 

intelligence, such as DL for hydroacoustic spectrogram analysis [104] and neural networks 

trained on simulated acoustic leak signals [105]. Vibration-based approaches have also been 

explored, including wavelet-based analysis of pipeline vibrations [106] and ML models applied 

to vibration signals captured by wireless accelerometers in real networks [107]. 

Active systems encompass transient-based, hydraulic model-based, and data-driven 

approaches. Transient-based methods exploit alterations in flow and pressure signals caused 

by structural changes in pipelines [108], but their reliance on high-frequency acquisition makes 

them costly and impractical for real-time monitoring of large WDSs [109]. Hydraulic model-

based approaches use mathematical formulations to simulate network behavior, but they 

require extensive calibration data and assume static conditions, which is unrealistic given that 

pipe aging, and roughness evolve over time [110]. 

In recent years, data-driven approaches have emerged as the most flexible and scalable solution. 

These methods include supervised, semi-supervised, and unsupervised learning. Supervised 

learning, where classifiers are trained on labeled normal and abnormal data, can achieve good 

performance in simple networks but is rarely practical due to the scarcity of labeled leak data 

[111]. Semi-supervised learning, requiring only normal data, has been adopted in related 

applications such as water quality monitoring [112]. By contrast, unsupervised methods have 

gained prominence for leakage detection, as they do not rely on labeled datasets and are 

therefore more feasible in operational contexts [111]. For example, recurrent neural networks 

have been applied to the LeakDB dataset to identify anomalies in flow and pressure data, while 

the NAIADES project [113] adopted spatio-temporal anomaly detection on pressure and flow 

data in the Braila district. 

Although detection has been widely studied, prediction of leakages remains a comparatively 

underexplored research direction. Proposed methods include radial basis function neural 

networks to predict leaks by modeling influencing factors [114], Bayesian network learning for 

dynamically updating failure probabilities [115], and digital twin models for predictive 

maintenance in hydraulic systems [116]. Nevertheless, most works still focus on the detection 

of abrupt leaks, with limited attention to incipient events. 

Building on this background, the methodology developed in this thesis leverages unsupervised 

time-series anomaly detection algorithms for both detection and prediction of leakages. In 

contrast to many existing approaches, the proposed framework relies solely on pressure data, 

allowing algorithms to first identify anomalies associated with leaks and then extend this 

learned knowledge to prediction. By requiring only a single variable, the approach simplifies 

deployment while retaining the ability to capture both abrupt and incipient leaks, thereby 

offering a novel contribution to the literature, which has primarily emphasized detection rather 

than prediction. 
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4.2  Case Study 

The case study developed in this thesis focuses on a two-phase methodology for leakage 

detection and prediction in WDSs, with the process organized into data generation, pre-

processing, detection, and prediction. Since real-world leakage data are often scarce—due to 

the absence of detailed digital records of maintenance activities and the lack of long-term 

monitoring infrastructures— as anticipated in Chapter 3, synthetic data were generated using 

the WNTR Python package [75].  

The simulations were based on the Milan WDS, a large-scale network that was first reduced 

through a skeletonization procedure to maintain the hydraulic behavior of the system while 

removing components with negligible impact. The resulting network included 12,354 nodes, 

17,548 pipes, 26 pumping stations, and 95 booster pumps, which provided a realistic yet 

computationally tractable environment for experimentation. To model realistic variability in 

demand, coefficients of variation were extracted from SCADA records, aggregated at 30-minute 

intervals, and perturbed by adding random noise within ±1.5 units and scaled by a small 

percentage factor (0.05), a step designed to reproduce fluctuations in daily demand patterns 

without distorting their general shape. These demand curves were then fed into the WNTR 

simulator to generate the hydraulic conditions of the network over multiple days.  

 

Figure 4.1 Simulated water demand curves. 

Figure 4.1 shows an example of the obtained water curves demand. In the figure, the blue-line 

curve represents the original water demand curve, obtained starting from the real-world 
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coefficients. The other curves in the plot (Demand-Pat2, Demand Pat3, Demand Pat4 and 

Demand Pat5) are the simulated water demand curves. 

Leakages were simulated at randomly selected nodes, where WNTR introduced artificial leaks 

by splitting the associated pipe and adding a new leak node with a randomly assigned orifice 

diameter, allowing the magnitude of the leakage to vary. This produced pressure datasets that 

captured both normal operating conditions and altered states caused by leakage. In the data 

pre-processing phase, duplicate columns introduced by the simulator (corresponding to normal 

nodes and their leak-node counterparts) were identified, and only the leak-representative 

pressure data were retained. In addition, timestamps originally recorded in seconds were 

converted into a standard datetime format to align with the time granularity of water demand 

inputs.  

 Timestamp Abbiategrasso Anfossi ... 

2009-11-18 00:00:00 66.4090 64.30.0 ... 

2009-11-18 00:00:00 66.6450 64.3740 ... 

... ... ... ... 

2009-11-22 23:00:00 67.6521 64.6836 ... 

Table 4.I Pressure dataset. 

End Node Timestamp Diameter 

N03185 2009-11-18 00:00:00 0.3717 

N22998 2009-11-18 00:00:00 0.1328 

... ... ... 

N10174 2009-11-22 23:00:00 0.1174 

Table 4.II Leak history dataset. 

Table 1 and Table 2 show the final datasets used in the analysis. As shown in the two figures, 

the outcomes of these steps were two structured datasets composed the first by half-hourly 

pressure readings across all nodes of the skeletonized Milan WDS, and the second by a detailed 

leak history, which together formed the foundation for the subsequent unsupervised anomaly 

detection and predictive modeling experiments carried out in the next phases of the study. 
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4.3 Results 

4.3.1 Leak Detection 

The experimental evaluation of leakage detection began with the systematic application of a 

wide range of anomaly detection algorithms implemented in the ADTK, a Python library 

designed for unsupervised and rule-based anomaly detection in time series [117]. The 

algorithms tested covered diverse methodological paradigms, including statistical approaches, 

regression-based methods, clustering techniques, and isolation-based models, all applied to 

pressure time series generated through WNTR simulations of the Milan water distribution 

system [75]. A key challenge in this task was the strong imbalance of the dataset, with normal 

operating conditions vastly outnumbering leak events. This imbalance was reflected in the 

results: while accuracy scores remained very high across all models, precision, recall, and F1-

scores were often extremely low, making accuracy alone an inadequate measure of performance 

[118][119]. Among the algorithms tested, the InterQuartileRangeAD (IQR-AD) consistently 

outperformed the others in terms of precision score. However, this algorithm suffers from a 

Quadratic Time Complexity O(n2), requiring a greater computational effort due to its quadratic 

time complexity. To alleviate the imbalance issue, leakage events were simulated with extended 

durations ranging between 8 and 72 hours, thereby enlarging the proportion of leakage data in 

the dataset. This adjustment significantly improved the precision scores of all models, while 

confirming the superior performance of the IQR-AD algorithm. On this basis, the IQR-AD was 

selected as the most suitable tool to be extended to the prediction task. 

4.3.2 Leak Prediction 

For leakage prediction, an additional feature engineering step was introduced through rolling 

window aggregation, transforming pressure time series into a representation that captures 

temporal dependencies in system behavior [120]. This allowed the model to anticipate 

anomalies by analyzing historical pressure patterns over defined time horizons. Two different 

predictive windows were considered: a shorter 1-hour horizon and a longer 3-hour horizon. 

Results demonstrated that the IQR-AD algorithm was capable of raising early warnings before 

the actual occurrence of leaks at several network nodes, including N00971 and N02197. 



46 
 

 

Figure 4.2 Example 1H prediction Leak Node N00971. 

Figure 4.2 shows an example of the 1-hour prediction scenario for the node N00971, where the 

algorithm flagged anomalies between 30 and 60 minutes before the true leak onset.  

 

Figure 4.3 Example 3H prediction Leak Node N00971. 

Figure 4.3 represents, instead, the 3-hour scenario, where the algorithm successfully signaled 

leak events with a lead time of up to three hours. These findings highlight the effectiveness of 

the proposed two-phase methodology, where detection and prediction are seamlessly 

integrated. The capacity to not only identify but also anticipate leakages supports the 

development of predictive maintenance strategies, enabling utilities to intervene proactively 

and mitigate economic, service, and environmental losses [116]. Overall, this work 

demonstrates how unsupervised anomaly detection, combined with careful data balancing and 
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temporal feature engineering, can provide a robust framework for addressing one of the most 

critical challenges in modern water distribution systems. 

4.4 Conclusions 

The investigation into leak detection and prediction within WDSs has demonstrated the 

effectiveness of unsupervised anomaly detection techniques for addressing one of the most 

persistent challenges in urban infrastructure management. By leveraging high-fidelity 

simulations and applying a wide set of state-of-the-art algorithms, the study highlighted the 

trade-offs between accuracy, precision, and computational complexity when operating in highly 

unbalanced datasets. The IQR-AD method emerged as the most promising approach, showing 

strong performance in detecting leaks and providing early warnings in prediction tasks through 

feature-engineered rolling window aggregation. This dual capability of both identifying and 

anticipating leaks emphasizes the potential of data-driven anomaly detection frameworks to 

support proactive maintenance strategies, reduce water losses, and improve system resilience. 

While results confirm the feasibility of the approach, they also underscore the importance of 

continued refinement in handling unbalanced conditions and exploring scalable solutions for 

real-time monitoring. Overall, this work contributes to advancing the digitalization of water 

utilities by moving toward predictive and preventive management practices, aligning with the 

broader vision of Water 4.0. 

Building on this contribution, the next chapter shifts focus from anomaly detection to the 

characterization of consumer behavior, another application in smart cities. Specifically, it 

explores how clustering techniques can be applied to water demand patterns in order to profile 

users, uncover usage dynamics, and provide valuable insights for demand management and 

service optimization. 
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Chapter 5 

 

Modelling and Clustering Water Demand 

Patterns in Water Distribution Systems 

The increasing global population, rapid urbanization, and the accelerating impacts of climate 

change are placing unprecedented pressure on water resources worldwide, making the concept 

of a “water crisis” an urgent and recurring theme in both scientific and policy discussions [121]. 

Droughts caused by reduced rainfall and rising temperatures have dramatically diminished 

reservoir storage capacities, while the aging and mismanagement of water infrastructures 

further exacerbate inefficiencies in WDSs. The IWA estimates that 346 billion liters of water are 

lost daily due to leaks, while the World Bank reports annual global losses of 8.6 trillion gallons 

caused by failures and breakages in water networks [122]. Against this backdrop, improving 

the efficiency and sustainability of WDSs requires a deeper understanding of water 

consumption behaviors, which can inform predictive demand models, guide resource 

allocation, and support proactive maintenance strategies [123]. 

The advent of smart metering technologies has been transformative in this context, enabling 

the collection of high-resolution consumption data across both spatial and temporal scales 

[124]. These granular datasets create new opportunities for the development of advanced data-

driven applications, including user profiling, anomaly detection, and demand forecasting. 

Profiling consumers by analyzing their water demand patterns is particularly valuable, as it 

allows utilities to distinguish between residential and non-residential users, identify typical 

consumption habits, and detect irregularities that may indicate leaks, unauthorized use, or 

other anomalies.  

To address this challenge, this chapter introduces a clustering-based methodology for the 

analysis of hourly water demand time series. By grouping users with similar, though not 

identical, consumption patterns, the approach generates representative profiles capable of 

supporting demand-side management and enhancing system resilience. 

5.1 State of the Art 

Research on water demand profiling has historically concentrated on the residential sector, as 

households represent the largest share of end-users in many contexts [125]. Traditionally, the 

available data came from conventional water meters, aggregated monthly or yearly for billing 

purposes. While useful for estimating overall consumption, such data offered only a coarse 

understanding of water use and prevented the analysis of finer consumption behaviors or 

temporal trends. The introduction of smart metering technologies has significantly transformed 
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this scenario by enabling the acquisition of high-resolution water demand data at intervals as  

short as 15 minutes or hourly [124]. This technological shift has opened the way for the 

development of advanced analytical methods for profiling users, building predictive demand 

models, detecting anomalies, and supporting resource optimization. 

Several studies have leveraged these new opportunities, especially in the residential domain. In 

[126], for example, the authors applied unsupervised learning techniques to develop a typology 

of residential water users in three cities in the Southwestern United States, combining social 

survey data with clustering methods to better understand behavioral patterns and conservation 

attitudes. Similarly, [127] examined a sample of 800 households using K-Means clustering, 

applying multiple pre-processing strategies to improve the accuracy of profile identification. 

Both contributions illustrate the potential of ML for segmenting residential users but remain 

confined to household-level consumption, neglecting the substantial share of demand 

attributed to commercial, industrial, and service users. 

Recognizing this gap, [128] proposed a broader data-driven framework capable of profiling 

both residential and non-residential consumers. Their methodology was structured in two 

steps: first, a Fourier decomposition was applied to extract seasonal consumption patterns from 

smart meter data; then, two clustering strategies—K-Means and FReMix generative models—

were employed to group users according to their behavioral characteristics. The study 

demonstrated the importance of capturing seasonality and heterogeneity in user behavior, 

while also emphasizing the qualitative interpretability of the resulting clusters. 

Building on this foundation, the present thesis sought to refine clustering-based profiling 

through more advanced methodological pipelines. In particular, time-series decomposition 

methods, such as MSTL using LOESS, have been used to separate recurring patterns from noise 

in hourly water demand series [83]. This preprocessing step enhances the ability of clustering 

algorithms to focus on meaningful seasonal and trend components rather than being affected 

by short-term fluctuations. Following decomposition, optimized time-series clustering methods 

have been applied, with TSK-Means being a prominent example. To ensure robustness, these 

studies often adopt Bootstrap Sampling, testing different sets of hyperparameters across 

multiple clustering runs to evaluate the stability of the resulting profiles. 

A further advancement has been the validation of consumption profiles using geo-referenced 

user data. By associating clusters with real-world residential and non-residential categories, 

recent research has been able to verify the practical significance of the clustering outcomes, 

ensuring they are not merely statistical artifacts but reflect actual patterns of water use across 

diverse consumer groups. This approach not only strengthens the interpretability of the results 

but also extends the utility of clustering for operational decision-making, for example in 

detecting irregular consumption that may indicate leaks, billing errors, or unauthorized water 

use. 

Taken together, these contributions extend the reliability, interpretability, and applicability of 

clustering-based approaches, offering water utilities a novel decision-support tool for both 

consumer profiling and the early detection of irregularities such as leaks, billing errors, or 

unauthorized water use. 
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To implement these contributions, the next chapter presents the case study and details the 

methodological framework adopted. Here, the proposed approach is applied to real smart 

meter data from a WDS, illustrating step by step how clustering techniques and validation 

strategies were implemented and assessed in practice. 

5.2 Case Study 

The case study presented in this thesis concerns a real WDS located in a medium-sized city in 

central Italy. Consumption data were collected from six DMAs, monitored through smart meters 

that recorded hourly cumulative consumption values in l/s (litres per second) over a nine-

month period, from September 5, 2023, to May 31, 2024.  

 

Figure 5.1 Map of the WDS. 

Figure 5.1 shows a map of the WDS divided into its various DMAs, which included 955 users of 

different types and numbers, distributed as follows: 403 in DMA 1, 295 in DMA 2, 81 in DMA 3, 

31 in DMA 4, 84 in DMA 5, and 61 in DMA 6.  

As previously anticipated (see Chapter 3), after cleaning raw sensors data, the dataset reduced 

to 541 users. Since smart meters store cumulative values, it was necessary to transform them 

into effective hourly consumption by computing differences between consecutive cumulative 

values, enabling the analysis of daily and weekly behavioral patterns. To mitigate biases due to 

differences in household size or total demand, the data were normalized with Min–Max scaling, 

ensuring that clustering would capture similarities in usage patterns rather than consumption 

magnitudes. Preliminary data exploration was necessary to reconstruct user categories, since 

contractual information was unavailable. By exploiting geo-referenced data (longitude, latitude, 

and address), users were classified as residential or non-residential, with the latter accounting 

for only 60 cases, mainly related to commercial and service activities. This imbalance, while 

representative of real-world demand composition, required tailored strategies to ensure 

meaningful clustering. 
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Building on the methodological framework presented in Chapter 3, the analysis focused on 

extracting representative patterns of water consumption. Seasonal decomposition with MSTL 

was applied to highlight weekly variations between residential and non-residential users, and 

PCA further reduced dimensionality while preserving dominant structures.  

Year Month Day Hour User1 … UserN 

2023 9 Monday 0 0.4774 … 0.5548 

… … … … … … … 

2024 5 Sunday 23 0.5995 … 0.4595 

Table 5.III Example final dataset. 

Table 5.III shows an example of the final dataset used as input for modelling, with dimensions 

236 (rows) × 545 (columns). Clustering was then performed with optimized algorithms, 

leveraging bootstrap sampling to test stability and hyperparameter tuning to identify the best 

configurations. Two methods were compared: TSK-Means, which uses DTW to capture temporal 

distortions, and K-Shape, which relies on shape-based distance to align and cluster profiles by 

their overall structure. 

In the following chapter, the results obtained from the clustering analysis are presented and 

critically discussed with reference to their implications for user profiling and anomaly detection 

in the WDS. 

5.3 Results 

The clustering experiments were first conducted on a balanced subset of 145 users, composed 

of 85 residential and 60 non-residential consumers randomly selected from the six DMAs [67]. 

After feature extraction with MSTL and dimensionality reduction through PCA, the optimized 

TSK-Means configuration yielded four stable clusters (K=4). Figure 5.2 shows the average 

weekly pattern of each cluster obtained.  
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Figure 5.2 Average weekly pattern for each cluster. 

Two of these clusters, Cluster 1 and Cluster 2, group residential users with characteristic daily 

peaks at lunchtime and in the evening, and with higher water demand on weekends, especially 

Sundays (see Figure 5.2a and Figure 5.2b). The remaining two clusters, Cluster 3 and Cluster 4, 

represent non-residential consumers: one corresponding to commercial and service activities 

such as banks and garages, which showed concentrated weekday demand between morning 

and early evening (see Figure 5.2c), and another grouping mixed or industrial users, whose 
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patterns diverged significantly from the others (see Figure 5.2d). Validation with a new set of 

test users confirmed that the model was able to assign users to the correct category in most 

cases, while also flagging irregular consumption behaviors.  

 

 

Figure 5.3 Example anomalous consumption pattern residential user. 

Figure 5.3 shows an example of residential test user (23012939). Despite being labelled as 

residential through georeferenced information, the user was classified by the algorithm in 

Cluster 4. Indeed, the test user exhibits a completely different pattern compared to the typical 

residential patterns of Cluster 1 (see Figure 5.3a) and Cluster 2 (see Figure 5.3b). Specifically, the 

water consumption of the test user never drops to zero at night, showing unusual peaks that 

may indicate irregular usage or the presence of a leakage. 
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Building on this first experiment, the analysis was extended to the full dataset of 541 users, 

including 481 residential and 60 non-residential consumers [68]. With the larger sample, both 

TSK-Means and K-Shape algorithms were optimized and compared.  

For TSK-Means, the optimal configuration produced three clusters (K=3), each composed 

predominantly of residential users, though with varying proportions of non-residential ones. 

To mitigate the influence of this imbalance, different aggregation strategies were applied to 

derive representative cluster patterns, including simple mean, weighted mean, geometric mean, 

and up/down-sampling means, with the final representative profile obtained as a combined 

mean of all methods. In Figure 5.4 the final combined weekly patterns for each cluster are 

shown. 
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Figure 5.4 TSK-Means: Final combined average weekly pattern for each cluster. 

The three resulting clusters captured distinct weekly dynamics. Figure 5.5 compares the 

average weekly patterns of residential vs non-residential users belonging to each cluster. 

 

 

Figure 5.5 TSK-Means: Residential vs Non-residential average weekly pattern for each cluster. 
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As depicted in the plot, Cluster 1 is composed of a total of 89 users of which 10 non-residential 

and 79 residential. The water pattern of users belonging to this cluster is characterized by 

higher weekend consumption, with residential peaks in the morning, afternoon, and evening, 

and non-residential users showing steady use across all days (see Figure 5.5a/b). Next, Cluster 

2 is made up by 216 users, 12 non-residential and 204 residential. In concerns, water has a 

similar demand on weekdays and weekends, where residential users consumed slightly more 

on weekdays, while non-residential users exhibited uniform activity driven by continuous 

industrial operations (see Figure 5.5c/d). Finally, the third cluster has 127 users, 26 non-

residential and 101 residential. Its water demand pattern reflects a stronger weekday 

orientation, with residential users showing fewer but more intense peaks, and non-residential 

users active mainly during working hours with little weekend consumption (see Figure 5.5e/f). 

The K-Shape algorithm, applied within the same framework, also identified three clusters with 

structures broadly consistent with TSK-Means, though with subtle differences in the 

characterization of residential and non-residential demand. Figure 5.6 shows the final 

combined weekly patterns for each cluster yielded by K-Shape. 
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Figure 5.6 K-Shape: Final combined average weekly pattern for each cluster. 

In Figure 5.7 the average weekly patterns of residential vs non-residential users belonging to 

each cluster are compared.  

 

Figure 5.7 K-Shape: Residential vs non-residential average weekly pattern for each cluster. 
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Looking at the georeferenced information, it was found that each group is composed by the 

following users: (i) cluster 1 by 131 users – 2 non-residential, 129 residential; (ii) cluster 2 by 

202 users – 29 non-residential, 173 residential; (iii) cluster 3 by 99 users – 17 non-residential 

and 82 residential.  

Residential users in the first cluster displayed strong evening and morning peaks, slightly 

shifting between weekdays and weekends, while non-residential users maintained steady 

industrial consumption across all days (see Figure 5.7a/b). In the second cluster, residential 

users consumed more on weekends compared to weekdays, with three modest peaks, while 

non-residential users reduced their activity on Sundays (see Figure 5.7c/d).  The third cluster 

highlighted weekday-dominant consumption, with residential users showing three well-

defined peaks on working days but shifting to morning-dominated demand during weekends, 

and non-residential users displaying minimal variation across the week (see Figure 5.7e/f). 

Overall, both algorithms consistently identified three major profiles that aligned with the 

residential/non-residential divide and revealed finer distinctions in consumption behaviors. 

The comparison demonstrated that while TSK-Means effectively captured temporal distortions 

using DTW, K-Shape better emphasized the overall shape of consumption patterns. In both 

cases, the integration of geo-referenced validation confirmed that clusters corresponded to real 

user categories and activities, strengthening the interpretability and practical relevance of the 

results and making the proposed approach an effective decision-support tool for water utilities 

able not only to profile the water consumption patterns of user types but also to detect 

irregularities, possibly due to billing errors, leakages or even potential fraud in water 

consumption. By scaling the analysis to the full user base and comparing two advanced 

clustering algorithms, the extended study provided more robust and generalizable insights into 

water demand profiling, reinforcing the potential of these methods as decision-support tools 

for utilities to manage consumption diversity and detect anomalies such as leaks or irregular 

behaviors.  

5.4 Conclusions 

The results of this chapter confirm the potential of clustering methods for identifying 

meaningful consumption profiles in WDSs. By combining decomposition and dimensionality 

reduction with robust clustering techniques, it was possible to distinguish residential from non-

residential demand patterns and to validate these groupings with geo-referenced data, ensuring 

practical significance. The comparative analysis of TSK-Means and K-Shape further showed how 

methodological choices influence the characterization of consumption behavior, with both 

algorithms capturing complementary aspects of water demand dynamics. Beyond 

methodological contributions, these findings demonstrate the value of clustering as a decision-

support tool, enabling utilities to better understand user heterogeneity, detect anomalies, and 

design targeted management strategies. 

Having established the effectiveness of clustering for profiling water consumption, the thesis 

now moves to a different but related application of ML in smart cities. The next chapter focuses 

on traffic flow forecasting, where predictive frameworks are applied to model and anticipate 
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mobility patterns. This extension highlights the versatility of ML in addressing diverse urban 

challenges, from the management of water demand to the optimization of transportation 

systems. 
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Chapter 6 

Machine Learning for Urban Traffic Flow 

Estimation and Forecasting 

Urban mobility is one of the central challenges of modern cities, as traffic congestion, air 

pollution, and inefficient transport systems significantly impact both quality of life and 

economic productivity. With the growth of urban populations and the increasing demand for 

sustainable transportation systems, accurate estimation and forecasting of traffic flows have 

become essential for effective traffic management, infrastructure planning, and real-time 

control strategies. Traditional approaches rely primarily on fixed sensors installed at strategic 

locations to monitor vehicle counts and speeds. While highly reliable, such infrastructures are 

costly to deploy and limited in spatial coverage, leaving many areas of the city unmonitored 

[73]. 

In recent years, the emergence of FCD, collected from GPS-enabled vehicles and mobile devices, 

has opened new opportunities for city-wide traffic monitoring. FCD provides broad spatial 

coverage but requires calibration against physical sensor data to ensure accuracy and reliability. 

By combining these two complementary sources—localized but precise fixed sensors, and 

large-scale but noisier FCD—cities can move toward a more holistic and data-driven view of 

urban traffic dynamics. 

In this chapter, we introduce a ML–based framework for traffic flow estimation and forecasting 

that integrates fixed sensor data with FCD. The proposed approach consists of two phases. The 

first phase, Urban Flow Estimation, focuses on scaling and calibrating FCD against real sensor 

measurements to produce accurate city-wide traffic estimates. The second phase, Urban Flow 

Forecasting, leverages these enriched datasets to train predictive models capable of anticipating 

future traffic conditions across the urban network. By correlating heterogeneous data sources 

with spatio-temporal features such as time of day, road characteristics, and traffic patterns, our 

system aims to improve predictive performance while maintaining interpretability for decision-

makers. 

Building on the methodological principles established in the previous chapter—where 

clustering techniques were applied to uncover hidden patterns in water demand—this chapter 

extends the use of ML to another critical smart city domain: urban mobility. The ability to 

predict traffic flows with high accuracy not only supports traffic operators in preventing 

congestion and improving road safety but also provides valuable insights for long-term 

transport planning and sustainable mobility policies. 

The remainder of this chapter is structured as follows: first, we describe approaches present in 

the current literature focusing on the novelty of the proposed ML-methodology. Next, a 
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description of the datasets and features employed in the case study, including details about the 

fixed sensors deployed in Catania and the FCD used for model calibration is given. We continue 

with the description of the architecture of the proposed methodology and the discussion of its 

implementation for both estimation and forecasting tasks. Finally, we evaluate the results, 

comparing the performance of the models and analyzing their implications for urban traffic 

management. 

6.1 State of the Art 

Traffic monitoring and forecasting have traditionally relied on fixed sensors, such as inductive 

loops or microwave counters, which provide highly reliable and precise vehicle counts. 

However, these infrastructures are costly to install and maintain, and their deployment is 

limited to selected road segments, leaving large parts of urban networks without direct 

observation [129]. To overcome this limitation, FCD, derived from GPS traces of vehicles or 

mobile devices, has gained prominence due to its broad spatial coverage and cost-effectiveness 

[130]. Nonetheless, FCD does not directly measure traffic volumes and requires careful 

calibration against sensor data to ensure it faithfully reflects actual conditions [131]. This has 

motivated a growing body of research on both the calibration of FCD and the forecasting of 

traffic flows. 

Several methodologies have been developed to handle incomplete, noisy, or geographically 

sparse traffic data. Early approaches focused on interpolation-based methods, which estimate 

missing values using nearby temporal or pattern-based observations [132]. These are simple to 

implement but limited in their ability to capture random fluctuations and irregular events. 

Statistical learning-based approaches, relying on probabilistic assumptions about data 

distribution, generally improve accuracy but are difficult to apply when sensor coverage is 

sparse or historical datasets are insufficient [133]. More recent prediction-based methods have 

reframed missing data as a forecasting problem, applying models such as ARIMA [134], feed-

forward neural networks [135], or other machine learning algorithms [136]. While effective in 

certain contexts, many of these approaches still require dense sensor networks or 

supplementary devices like cameras, leading to high costs and potential reliability issues [137]. 

A key advance has been the integration of limited sensor data with FCD. By leveraging the 

precision of sensor counts and the extensive spatial availability of FCD, these hybrid approaches 

provide scalable city-wide traffic flow estimation without installing new infrastructure [83]. 

Calibrating FCD against fixed sensors allows researchers to extrapolate traffic conditions to 

unmonitored road segments, capturing broader traffic dynamics and improving 

representativeness [131]. Similar concerns are addressed by [73], who emphasize the role of 

ML prediction models in extending monitoring capabilities to sensor-less roads. Compared to 

earlier methods, this integration avoids the costs and technical dependencies associated with 

deploying additional devices, while still delivering accurate and actionable insights [138]. 

Parallel to this, traffic flow forecasting has become central to urban mobility management. 

Forecasting models in literature generally fall into three categories. Statistical methods, such as 

the History Average Model [139] or ARIMA [134], remain useful for stable and predictable time 
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series but fail in non-linear, dynamic contexts. Machine learning methods, including regression 

models and boosting algorithms like XGBoost [138], LightGBM [136], and CatBoost [131], offer 

more flexibility by extracting patterns from historical data and handling complex relationships. 

DL techniques, particularly LSTM networks [140], ST-ResNet [141], and spatio-temporal graph 

convolutional networks [142], push the boundary further by modeling long-term dependencies 

and spatial interactions. These models achieve state-of-the-art accuracy but demand 

substantial amounts of training data and computational resources, which can be a barrier in ma 

ny real-world scenarios [135]. 

Despite their promise, many forecasting frameworks in the literature remain heavily dependent 

on dense sensor installations, using spatio-temporal correlations between monitored road 

segments to infer flows in unmonitored ones [129]. This assumption limits their scalability to 

cities where only a subset of roads is equipped with sensors. To address this, two-level machine 

learning approaches have emerged. In these frameworks, clustering algorithms are used to 

group roads or demand profiles with similar traffic behaviors, while supervised forecasting 

models are trained for each cluster, improving precision and robustness [137]. Although 

promising, many such studies remain constrained to highways or simplified networks and do 

not fully integrate heterogeneous data sources [83]. 

The novelty of the present work lies in bridging these two research streams—data calibration 

and traffic flow forecasting—within a unified machine learning framework. First, unlike most 

existing approaches that either rely solely on sensors or treat FCD as auxiliary information, the 

proposed methodology directly integrates FCD and fixed sensor data, calibrating and scaling 

them to ensure coherence and reliability across the urban network. This step allows the 

exploitation of the extensive spatial coverage of FCD data without sacrificing the precision of 

sensor counts. Second, the forecasting phase adopts a two-level learning strategy: clustering 

identifies roads or patterns with similar behaviors, while tailored prediction models are trained 

for each cluster, enhancing interpretability and predictive accuracy. Importantly, the approach 

is not limited to a specific road type (e.g., highways) but has been designed to handle 

heterogeneous urban scenarios, including downtown and suburban roads, thereby ensuring 

greater generalizability and transferability across cities. 

In summary, the reviewed literature highlights both the progress and the limitations of existing 

calibration and forecasting methods, particularly their dependence on dense sensor networks, 

additional devices, or scenario-specific features. The framework introduced in this work 

advances the state of the art by combining the precision of fixed sensors with the coverage of 

FCD, while embedding them into a robust two-level machine learning architecture. In the 

following section, we describe in detail the methodology developed and applied to the case 

study of Catania, illustrating how this integrated approach enables accurate urban traffic 

estimation and forecasting across heterogeneous road networks. 

6.2 Case Study 

Urban mobility represents one of the most pressing challenges for modern cities, particularly 

in medium-sized Mediterranean contexts such as Catania, Italy, where congestion, air pollution, 
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and infrastructural limitations converge to create a critical demand for intelligent management 

of traffic flows. The metropolitan area of Catania, home to roughly 300,000 residents and over 

750,000 inhabitants when considering its surrounding municipalities, is characterized by an 

increasing dependence on private vehicles and a sprawling settlement pattern extending 

beyond the municipal boundaries. This socio-spatial configuration has generated high traffic 

demand directed toward the central areas, resulting in recurrent daily congestion, delays, and 

amplified environmental externalities. As highlighted by [73], one of the most pressing 

challenges in urban traffic management is the lack of direct monitoring on large portions of city 

road networks, often referred to as sensor-less roads. Without reliable traffic counts, decision-

makers struggle to obtain accurate information for both real-time control and long-term 

planning. This issue is particularly evident in Catania, where only 14 microwave counters are 

deployed across a complex and congested metropolitan road network. Against this background, 

the integration of ML methodologies into traffic monitoring and forecasting represents a 

promising approach for enabling data-driven decision-making in the pursuit of sustainable 

urban mobility. 

The case study under consideration proposes an innovative ML-based framework for urban 

flow estimation and forecasting, leveraging heterogeneous data sources to provide reliable 

short-term predictions of traffic volumes across the city.  

 

Figure 6.1 Architecture Urban Flow Estimation/Forecasting. 

The system architecture, schematically represented in Figure 6.1, integrates two main stages:  

i. an urban flow estimation module, which combines data from fixed microwave traffic 

sensors (C) with FCD (T) to extrapolate accurate vehicle counts across the network, 

including segments without sensor coverage, and  

ii. an urban flow forecasting module, which employs clustering and supervised learning 

models to predict traffic conditions for the following 24 hours.  
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This two-tiered methodology bridges the gap between limited sensor-based observations and 

the need for large-scale, high-resolution traffic information essential for effective planning and 

control. 

The estimation stage draws upon two complementary datasets. The first consists of sensor-

based vehicle counts, collected through MobilTraf300 microwave counters strategically 

deployed across 14 zones within the city. 

 

Figure 6.2 Urban area of Catania - in black operational traffic counters. 

Figure 6.2 shows a map of the operational traffic counters located across the urban area of 

Catania. Traffic counters operate autonomously and internally, comprise sensors, controlling 

electronics and a hybrid power supply system consisting of batteries and photovoltaic panels. 

These devices, integrated into the Laboratory of Sustainable Mobility at the University of 

Catania, monitor up to two lanes per direction, capturing precise passage counts and traffic 

directions at five-minute intervals. Their main advantage lies in the accuracy and reliability of 

direct traffic measurement, although their spatial coverage is limited to the fixed points where 

sensors are installed.  

The second dataset derives from FCD acquired through the TomTom Traffic Stats portal [143]. 

This source aggregates anonymized GPS traces from connected vehicles, providing large-scale, 

georeferenced information on average travel times, speed percentiles, congestion indices, and 

directional flows. Road segments in the FCD dataset are designed to ensure homogeneity in 

traffic conditions, with paired inbound and outbound segments allowing the inclusion of 



65 
 

contextual features in the estimation and forecasting models. Together, these datasets offer a 

unique opportunity: the sensors anchor the analysis with precise counts, while FCD extends 

spatial granularity to areas beyond direct measurement. 

To ensure comparability between these heterogeneous sources, a rigorous data preprocessing 

phase was implemented. As briefly described in Chapter 3, sensor readings were aggregated by 

road category (single-lane, two-lane same direction, two-lane opposite direction), normalized 

to 15-minute intervals to align with FCD resolution, and subsequently aggregated into hourly 

counts for forecasting tasks. Missing values, due to sensor malfunctions or abnormal events 

such as extreme weather conditions, were treated through time-based imputation methods, 

while outliers were identified via boxplots and the IQR method. Furthermore, the preprocessing 

integrated auxiliary contextual variables—including weather conditions, temporal indicators 

(weekday, day of month, time of day), geometric features (lane width, number of lanes, parking 

presence), and dynamic traffic descriptors (harmonic average speed, 15th and 85th percentile 

speeds). This enriched dataset provided the foundation for robust model training by 

incorporating both infrastructural and temporal dimensions of urban traffic dynamics. 

Building on this data foundation, the forecasting stage adopted a two-level machine learning 

strategy. 

 

Figure 6.3 Two-level ML forecasting strategy schema. 

Figure 6.3 illustrates the two-level ML strategy adopted. On the left, individual time series 

(t1,t2,..., tn) represent traffic flow data collected from different road segments. Instead of training 

a single forecasting model for all series, in the first level, unsupervised learning techniques were 

applied to extract structural patterns within the traffic time series. Specifically, the TSK-Means 

was employed, an adaptation of the traditional K-means that incorporates temporal aspects into 

the clustering process by using DTW as a distance metric. This clustering step enabled the 

grouping of road segments exhibiting similar traffic profiles, irrespective of their absolute 

volume scales. By normalizing the series through Min-Max scaling, clustering was driven by 
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shape similarity rather than magnitude, ensuring that patterns in traffic dynamics (e.g., rush-

hour peaks, weekend troughs) were preserved. Determination of the optimal number of 

clusters was achieved via silhouette scoring, providing a quantitative evaluation of clustering 

quality. 

Once clusters were identified, as shown on the right of Figure 6.3, the second level involved 

training supervised forecasting models within each cluster. The rationale behind this 

hierarchical structure lies in the ability to exploit transfer learning: once a model is trained on 

a group of roads sharing similar dynamics, it can be effectively applied to forecast traffic on new 

or scarcely monitored segments belonging to the same cluster. This approach not only improves 

generalization but also reduces the reliance on extensive training data from every single road 

segment, a significant advantage in contexts where sensor infrastructure is sparse. 

The novelty of this approach resides in its hybridization of data sources and methods. By 

merging fixed sensor data with FCD, the framework overcomes the intrinsic limitations of each 

source, creating a richer and more representative dataset. The clustering-based transfer 

learning strategy introduces scalability, enabling reliable forecasts even for roads with minimal 

observations, while the use of advanced machine learning models ensures strong performance 

across diverse contexts. This methodological combination not only addresses the challenges of 

traffic forecasting in Catania but also provides a replicable framework for other cities seeking 

to improve their traffic management under constrained sensor deployments. 

In conclusion, the proposed ML-based system demonstrates how integrating heterogeneous 

data and advanced predictive techniques can produce accurate and scalable forecasts of urban 

flows. By combining the precision of fixed sensors with the spatial coverage of FCD and 

embedding them into a two-level machine learning framework, the methodology effectively 

addresses the limitations of traditional approaches that rely exclusively on dense sensor 

networks or scenario-specific features. This hybrid strategy ensures robust traffic estimation 

and forecasting across heterogeneous urban contexts, from arterial roads to suburban streets, 

offering a decision-support tool for both real-time traffic management and long-term planning. 

The following section presents the results of the forecasting experiments, where the 

performance of the proposed approach is quantitatively assessed. Through comparative 

evaluation against alternative models, we highlight the predictive accuracy, robustness, and 

practical utility of the framework when applied to the urban traffic network of Catania. 

6.3 Results 

The preliminary study [70] served as a proof of concept, showing how clustering roads with 

similar traffic patterns and training cluster-specific forecasting models could improve short-

term traffic prediction. With a dataset covering three months data ― January 1, 2023 to March 

31, 2023 ― and only a limited number of sensors, the clustering procedure yielded three groups 

of time series with a silhouette score of 0.48, considered reasonably good. Forecasting was then 

performed using several machine learning algorithms, with CatBoost emerging as the best 

performer across all evaluation metrics (e.g., SMAPE ≈ 25.4, MAE ≈ 0.065, RMSE ≈ 0.094). 
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Despite the reduced dataset, the approach demonstrated the potential of combining clustering 

with transfer learning to generalize across unobserved roads. 

The extended works [71][72] significantly scaled this analysis. Using a full year of data ― 

January 1, 2022 to December 31, 2022 ― from 14 sensors installed across the city of Catania, 

the clustering procedure achieved a silhouette score of 0.52. This outcome is considered quite 

favorable, suggesting that the clusters are adequately separated, though not entirely distinct. It 

is also noteworthy that a team of experts in the field has verified the efficacy of the clustering 

algorithm in grouping roads with similar structural characteristics.  

 

 

 

Figure 6.4 Example one-week pattern sensors divided in three clusters. 
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Figure 6.4 provides a visual representation of the time series and their patterns for each cluster. 

Each curve refers to a sensor of a particular road in Catania. Please note that, due to space 

constraints, the figure only represents data from last week, even though an entire year of data 

as input. Upon observation, it becomes apparent that the first cluster comprises 5 sensors, the 

second cluster consists of 3sensors, and the third cluster encompasses 5 sensors. The fourth 

cluster, comprising only one time series, was omitted from the visual representation due to its 

singular nature.  

Keeping in mind the outcomes of the clustering step, forecasting was implemented. First, the 

dataset was divided into two sets: a training set going from January 1st, 2022, to December 16th, 

2022, and a test set consisting of two weeks of observations, spanning from December 17th, 

2022, to December 31st, 2022. This choice was influenced by the fact that in Italy last week of 

December is Christmas week. The traffic patterns in Catania during this period deviate from the 

usual, particularly impacting on certain roads that are notably affected by the onset of the 

Christmas holidays.  

The forecasting phase expanded the comparative evaluation of models. A suite of ML 

algorithms—including gradient boosting (CatBoost, XGBoost, LightGBM), Random Forests, and 

DL models— was tested. Boosting methods consistently achieved the best results. During the 

regular week of December 17th –23rd, 2022, the best-performing models obtained average 

SMAPE values of ≈13.2 for Cluster 1, ≈18.2 for Cluster 2, and ≈28.5 for Cluster 3, confirming 

strong predictive accuracy, particularly for the first group. CatBoost and XGBoost both ranked 

as top performers, with XGBoost showing slightly greater resilience when abnormal patterns 

emerged. Indeed, during the Christmas week December 24th–31st, when universities closed and 

travel dynamics shifted substantially, error rates increased across all clusters, with SMAPE 

average values equals to ≈18.2 for Cluster 1, ≈27.0 for Cluster 2, and ≈33.6 for Cluster 3. The 

impact was particularly pronounced on sensors near university-related traffic, where demand 

fluctuations were sharper. 

Another novel contribution of the extended works lies in the leave-one-sensor-out validation 

strategy. For each cluster, models were trained excluding one sensor and tested on the omitted 

time series. Despite being exposed only to similar but not identical traffic profiles, the models 

achieved relatively low errors: for example, during the normal week, excluded sensors in 

Cluster 1 showed SMAPE ≈ 15.6, while Cluster 2 sensors reached ≈ 33.3, and Cluster 3 sensors 

≈ 32.9. As expected, errors increased during the holiday week (e.g., Cluster 1 ≈ 21.1, Cluster 3 ≈ 

39.6), but the forecasts still captured general dynamics, even without having seen such atypical 

patterns during training. This demonstrates the generalization capability of the framework, as 

it requires only a minimal number of new observations (as low as ~15 days of input data) to 

generate credible forecasts for unseen roads. 
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Figure 6.5 Example test on excluded time series for the two weeks. 

Figure 6.5 presents the actual and predicted values of traffic flow in some time series excluded 

by each cluster on the two test weeks spanning from 17th to 23rd December, 2022, and on 

Christmas week.  

As can be seen from the graphs, for these three tested excluded sensors the model was able to 

predict quite accurately the traffic flow registered in the week from 17th to 23rd December 2022. 

Instead, as concerns the holiday week for the majority of the sensors, the model accuracy 

slightly decreased when predicting the traffic flow on the Christmas days (25th and 26th 

December, 2022). 
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These findings resonate with the work in [73], who also emphasized the importance of 

providing accurate predictions for “sensor-less” roads in order to strengthen urban traffic 

management. While their study highlighted the potential of machine learning models to 

compensate for limited sensor infrastructure, the present work extends these contributions by 

introducing two methodological advances: first, the calibration and scaling of FCD against fixed 

sensors, ensuring data coherence and reliability across the network; and second, a two-level 

strategy combining clustering with boosting-based forecasting, which improves both predictive 

accuracy and robustness. 

Taking together, these results demonstrate how the framework not only reproduces traffic 

dynamics on monitored roads but also generalizes effectively to unmonitored segments, even 

under irregular demand conditions such as holiday periods. Indeed, clustering enhances 

interpretability and reduces variance, while boosting-based forecasting models deliver state-

of-the-art accuracy in both normal and abnormal conditions. Compared with the preliminary 

study, the extended analyses confirm the robustness of the approach on larger datasets, 

highlight its resilience to unusual temporal dynamics, and show its practical utility in scaling 

traffic forecasting beyond sensor-covered roads. These findings underscore the value of the 

framework for smart city applications, offering a cost-effective and transferable methodology 

for traffic management and urban mobility planning. 

6.4 Conclusions 

The results of this chapter highlight the effectiveness of integrating fixed sensors with FCD 

through a ML framework that combines calibration with cluster-based forecasting. By merging 

the precision of ground sensors with the spatial coverage of FCD, the proposed approach 

achieved accurate and robust traffic flow predictions across diverse urban scenarios, even 

under irregular conditions such as holiday-related demand shifts.  

The two-level learning strategy, in which clustering precedes forecasting, enhanced both 

interpretability and generalization, allowing the framework to adapt to diverse traffic dynamics 

without requiring dense sensor installations. These contributions underline the scalability and 

cost-effectiveness of the methodology, pointing to its potential as a reliable tool for future 

intelligent transportation systems.  

Building on this, the next chapter extends the investigation of predictive analytics in smart cities 

from traffic flow forecasting to air quality prediction, focusing on how domain-adversarial 

learning can enable cross-city generalization. This approach addresses the challenge of 

transferring predictive models across urban areas with different monitoring infrastructures 

and pollution dynamics, aiming to improve scalability and applicability of air quality forecasting 

systems. 
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Chapter 7 

Towards Transferable Air Quality 

Prediction: A Domain-Adversarial 

Framework for Cross-City Generalization 

Urban air quality has emerged as a critical concern in the pursuit of sustainable and livable 

cities, as rising urbanization intensifies the pressure on public health, mobility systems, and the 

environment. Pollutants such as nitrogen dioxide (NO₂), fine particulate matter (PM₂.₅), and 

coarse particulate matter (PM₁₀) are closely linked to adverse health outcomes and ecological 

impacts, including climate change and excessive greenhouse gas emissions. Given that road 

traffic remains a primary contributor to deteriorating air quality, the issue is inseparably 

connected to broader urban sustainability challenges such as congestion, energy consumption, 

and mobility planning. Tackling these intertwined problems requires advanced predictive 

frameworks capable of modeling the complex, nonlinear interactions among emissions, 

meteorological factors, and urban morphology. 

ML has become a powerful tool in this domain, enabling the extraction of patterns from large-

scale, heterogeneous urban data collected via fixed monitoring stations, remote sensing 

technologies, and mobile devices. Despite these advances, most studies have focused on 

building highly accurate models tailored to individual cities. While effective in localized 

contexts, such city-specific models face a fundamental scalability issue: training and 

maintaining separate models for every urban area is both costly and impractical, particularly in 

cities with sparse monitoring infrastructure or limited historical data. 

To address this gap, this chapter introduces a domain-adversarial learning framework 

designed to enhance cross-city generalization of air quality prediction. The proposed 

methodology combines a DANN model with ML regressors to extract domain-invariant features 

that capture structural similarities across cities. By transferring knowledge from a source city 

to target cities with analogous urban characteristics, the framework reduces the need for 

extensive retraining and ensures scalability. The approach is evaluated using real-world sensor 

data from Paris, Madrid, Berlin, and Helsinki, focusing on the prediction of NO₂, PM₂.₅, and PM₁₀ 

concentrations. Results demonstrate that the proposed method achieves reliable performance 

across different urban environments, offering a transferable, data-efficient, and sustainable 

solution for urban air quality management. 
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7.1 State of the Art 

This section reviews existing approaches that address the complex, nonlinear relationship 

between traffic and air pollution, with a particular focus on methods for transferring predictive 

models across different contexts. Monitoring urban pollution based on traffic dynamics remains 

a significant challenge. Traditional approaches—ranging from deterministic atmospheric 

dispersion models to statistical time series techniques such as ARIMA [145] and SARIMA 

[146]—have contributed to scientific rigor but are hindered by strong simplifying assumptions, 

high computational requirements, and limited ability to capture the inherent complexity of 

environmental systems. To overcome these drawbacks, ML and DL methods have increasingly 

been applied, showing strong performance in modeling spatio-temporal dependencies. 

Classical ML algorithms such as Random Forests [147] and XGBoost [138] have consistently 

outperformed traditional statistical models, while DL techniques further improved accuracy by 

learning intricate patterns from large-scale environmental datasets [49]. 

Despite these advances, the majority of predictive models are still developed for individual 

pollutants or tailored to specific cities, which limits their scalability and adaptability. Transfer 

learning has emerged as a promising strategy to address these limitations by reusing 

knowledge across locations, pollutants, or tasks. For instance, [148] proposed a multi-source 

ensemble-based transfer learning framework, where models trained on data from several 

monitoring stations are combined to improve both accuracy and stability. Similarly, 

RegionTrans, developed by [149] is a deep spatio-temporal transfer learning framework that 

aligns regional features across cities using auxiliary data and adversarial domain adaptation, 

effectively transferring knowledge from data-rich to data-scarce environments. Other 

approaches have explored pollutant-level transfer. For example, [51] introduced a neural 

architecture first trained on PM₂.₅ prediction and then fine-tuned for NO₂ and CO, leveraging 

shared pollutant dependencies to enhance performance under data scarcity. Cross-city transfer 

learning has also been studied: [150] evaluated strategies for PM₁₀ prediction across Graz and 

Zagreb, showing that temporal and seasonal alignment between datasets plays a critical role in 

achieving robust model adaptability, even when cities differ in climatic conditions. 

While these works highlight the potential of transfer learning to address challenges such as data 

sparsity, pollutant coverage, and regional heterogeneity, important gaps remain. Many 

approaches are limited to a single pollutant or location and require fine-tuning before 

deployment in new contexts, restricting their applicability in real-world zero-shot scenarios. In 

such cases, models must generalize directly to unseen cities or pollutants without retraining, 

which requires robust generalization across geographic, temporal, and pollutant dimensions. 

Critically, no unified framework has yet emerged that can simultaneously handle multi-

pollutant forecasting across multiple cities in zero-shot settings. 

To bridge this gap, in [69] the authors of the thesis introduced a structured transfer learning 

pipeline designed for zero-shot, multi-city, and multi-pollutant prediction. Unlike prior studies, 

the proposed approach explicitly incorporates city-level similarity through diverse urban 

features and employs a domain-adversarial neural network to learn invariant, transferable 

representations. These representations are then leveraged by a multi-target predictor for NO₂, 
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PM₂.₅, and PM₁₀ concentrations, enabling scalable and generalizable air quality forecasting 

across heterogeneous urban environments. 

7.2 Case Study 

The case study investigates the transferability of air quality prediction models across urban 

environments by applying a structured methodology that leverages similarities between cities.  

 

Figure 7.1 Cross-City Generalization approach. 

The overall pipeline, illustrated in Figure 7.1, is organized into four main steps: computing inter-

city similarity, extracting transferable features, developing predictive models, and performing 

zero-shot testing on unseen cities. This workflow emphasizes the importance of selecting 

structurally comparable urban contexts rather than attempting to design a universal model, 

thereby improving generalization and scalability in multi-city air quality forecasting. 

The process begins with the computation of city similarity, which plays a central role in 

identifying pairs of structurally and environmentally comparable cities to be used for training. 

To this end, open-access datasets were collected from Paris, Madrid, Berlin, and Helsinki, 

covering traffic, meteorological, road infrastructure, and air quality information. Urban 

indicators such as population density, road density, modal split, and pollutant emission levels 

were derived from publicly accessible sources and analyzed using statistical tools including 

radar plots, Principal Component Analysis (PCA), and hierarchical clustering. This similarity 

analysis allowed the grouping of cities into comparable clusters, forming the foundation for 

knowledge transfer experiments. 

In the second stage, DANN was employed as a feature extractor to learn domain-invariant 

representations from the two most similar source cities. The DANN architecture combines three 

components: a feature extractor, a label predictor, and a domain classifier. While the label 

predictor estimates pollutant concentrations (NO₂, PM₂.₅, and PM₁₀), the domain classifier 

attempts to identify the city of origin. Through adversarial training, the feature extractor 

simultaneously minimizes prediction error and maximizes the confusion of the domain 

classifier, thereby enforcing the extraction of generalizable, city-independent features. 
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Once domain-invariant representations were obtained, the third stage consisted of training and 

comparing several machine learning models for multi-target pollutant prediction. Tree-based 

regressors implemented in scikit-learn [151] were applied to the transformed dataset, aiming 

to capture the nonlinear and monotonic relationships between traffic conditions, 

meteorological variables, and pollutant emissions. The models were trained chronologically on 

two similar cities and validated within the same contexts, with pollutant concentrations 

predicted simultaneously rather than separately. 

Finally, the last step focused on zero-shot evaluation to assess the robustness of the 

methodology. The best-performing model, combining the DANN feature extractor and the most 

effective regressor, was applied to the two cities excluded from training. This setup was 

specifically designed to evaluate whether the framework could generalize pollutant predictions 

in structurally similar but previously unseen cities, while failing in dissimilar ones. Such a 

strategy highlights both the strengths and limitations of the approach, showing that instead of 

pursuing a one-size-fits-all solution, domain-adversarial transfer learning provides a viable 

pathway toward scalable, generalizable air quality prediction in structurally related urban 

contexts. 

7.3 Results 

The evaluation of the proposed domain-adversarial framework was carried out in two 

complementary trials, corresponding to similarity assessments performed with and without 

public transport indicators to account for cities lacking tram or metro systems. 

Figures from 7.2 to 7.4 show the results of the performed similarity analysis with public 

transport indicators.  

 

Figure 7.2 Radar plot with public transport indicators. 
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Figure 7.3 PCA with public transport indicators. 

 

Figure 7.4 Dendrogram with public transport indicators. 

In the first case, the similarity analysis highlighted strong structural and mobility-based 

relationships among the four cities. Radar plots revealed Paris as the most congested and dense 

urban environment, while Helsinki consistently ranked lowest across population, traffic, and 

pollution dimensions. Madrid displayed a profile closely aligned with Paris, particularly in 

traffic and pollution, whereas Berlin shared more similarities with Helsinki in public transport 
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infrastructure. Principal Component Analysis (PCA) and hierarchical clustering reinforced 

these findings: Paris and Madrid formed the closest pair, Berlin occupied an intermediate 

position, and Helsinki appeared clearly dissimilar. Based on this analysis, Paris and Madrid were 

selected as training cities, with Berlin used as the moderately similar test case and Helsinki as 

the dissimilar one. 

Across 20 DANN models tuned using the Optuna library [94], the best configuration achieved a 

label loss of 0.0505 and a domain loss of 0.6983, striking an effective balance between 

predictive accuracy and domain invariance. Among the tested regressors, XGBoost emerged as 

the most effective, achieving the lowest average errors and the highest rank-based correlations. 

When applied to Berlin, the DANN + XGBoost combination delivered accurate predictions for 

NO₂, PM₁₀, and PM₂.₅, with SMAPE values around 8.1, 6.2, and 4.3, respectively. These results 

confirm the ability of the model to generalize effectively to structurally related cities. Figures 

from 7.5 to 7.7 present the test results for Berlin across various pollutants, potting the actual 

values against those predicted. 

 

Figure 7.5 Test results for Berlin PM10. 

 

Figure 7.6 Test results for Berlin PM2.5. 
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Figure 7.7 Test results for Berlin NO2. 

 However, its transfer to Helsinki demonstrated marked deterioration, with prediction errors 

increasing substantially across all pollutants, highlighting the limited ability of the framework 

to handle contexts where structural and environmental conditions diverge significantly. Figure 

7.8 depicts an example of the worst results obtained for the dissimilar city Helsinki for pollutant 

PM2.5. 

 

Figure 7.8 Test results Helsinki PM2.5. 

When public transport indicators were excluded from the similarity analysis, the city 

relationships shifted. Figures from 7.9 to 7.11 show the results obtained from the similarity 

analysis without public indicators. 
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Figure 7.9 Radar plot without public transport indicators. 

 
Figure 7.10 PCA without public transport indicators. 
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Figure 7.11 Dendrogram without public transport indicators. 

 Madrid and Berlin emerged with balanced profiles across traffic, pollution, and infrastructure, 

positioned between the extremes of Paris and Helsinki. PCA and hierarchical clustering 

confirmed this grouping, with Madrid and Berlin forming a cohesive cluster, Paris appearing 

moderately distinct, and Helsinki once again standing out as the most structurally dissimilar 

city.  

On this basis, Madrid and Berlin were selected for training, while Paris and Helsinki were 

retained for testing. In this configuration, the optimal DANN setup yielded a label loss of 0.0899 

and a domain loss of 0.6987, with LightGBM identified as the best-performing regressor. 

Applied to Paris, the DANN + LightGBM model produced robust pollutant forecasts across most 

sensors, with SMAPE values ranging between 11.1% and 20.6% depending on the pollutant and 

location. Figures from 7.12 to 7.14 show the test results for Paris across various sensors and for 

different pollutants, plotting the actual against the predicted values.  

 

Figure 7.12 Test results Paris NO2. 
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Figure 7.13 Test results Paris PM10. 

 

Figure 7.14 Test results Paris PM2.5. 

Across the various sensors for Paris, the only notable exception was the STDEN sensor.  

 

Figure 7.15 Mapping Paris air quality sensors. 
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As shown in Figure 7.15, STDEN air quality sensor is in La Plaine Saint-Denis, a heavily 

industrialized area characterized by warehouses, logistics hubs, and construction zones. This 

setting likely contributes to a distinct pollution profile, potentially accounting for the reduced 

performance of the model at this site. Indeed, the model struggled to capture pollutant 

variability, likely due to atypical local emission patterns. 

Finally, when applied to Helsinki, performance again declined sharply, confirming that 

successful knowledge transfer depends strongly on structural similarity between source and 

target domains.  

 

Figure 7.16 Test results for Helsinki PM10. 

Figure 7.16 shows an example of model deterioration for PM10 pollutant concentration 

recorded in Helsinki, the dissimilar city. 

Overall, the results demonstrate both the promise and the limitations of the proposed approach. 

The DANN-based framework, coupled with tree-based regressors such as XGBoost and 

LightGBM, proved capable of effectively generalizing pollutant predictions across structurally 

similar cities and sensors. At the same time, the experiments revealed that its predictive power 

decreases significantly in dissimilar environments, underscoring the critical importance of 

robust similarity assessment to guide cross-city transfer learning strategies in air quality 

prediction. 

7.4 Conclusions 

In conclusion, this chapter highlighted the role of domain-adversarial learning in advancing 

cross-city air quality prediction, with particular attention to the conditions under which 

transfer learning can be effectively applied. The methodology demonstrated that predictive 

knowledge can be transferred across cities sharing comparable structural, mobility, and 

environmental characteristics, yielding accurate pollutant forecasts in moderately similar 

urban contexts.  

However, the experiments also underscored important limitations: when applied to structurally 

dissimilar cities, such as Helsinki, the predictive capacity of the framework deteriorates 

markedly, suggesting that the effectiveness of domain-invariant feature extraction is strongly 
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dependent on the degree of similarity between source and target domains. This finding calls 

into question the feasibility of universal predictive models and instead supports the 

development of more context-specific approaches, where transfer learning is selectively applied 

to clusters of cities with demonstrable structural and environmental affinity. Beyond technical 

performance, this work also raises critical questions regarding data availability, sensor 

coverage, and the robustness of urban similarity measures, all of which significantly influence 

model reliability.  

Taken together, the results position domain-adversarial learning not as a definitive solution, but 

as a promising direction within a broader research agenda that must address heterogeneity in 

urban systems, refine measures of inter-city comparability, and explore hybrid modeling 

strategies that can better balance generalizability with local specificity. 
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 Chapter 8 

Conclusions 

The research presented in this dissertation set out to investigate the potential of machine 

learning to address a set of critical challenges in the development of smart cities, spanning 

water distribution systems, urban traffic management, and air quality monitoring. The thesis 

has explored these domains not as isolated problems but as interconnected components of 

complex urban ecosystems, where data availability, computational methodologies, and 

contextual variability strongly shape the feasibility and impact of predictive models. Across the 

different case studies, ranging from leak detection in water networks to clustering of water 

demand profiles, from traffic flow forecasting to transferable air quality prediction, the work 

has sought to advance methodological solutions, provide empirical evidence of their 

effectiveness, and critically reflect on their implications for future urban intelligence. 

One of the central contributions of this work lies in demonstrating how machine learning can 

significantly improve the detection of leaks in water distribution systems. By designing 

pipelines that combine careful preprocessing, feature engineering, and predictive modeling, it 

has been possible to identify anomalous patterns with higher precision than traditional 

statistical approaches. This is particularly relevant in contexts where data is sparse, noisy, or 

incomplete, as is often the case in infrastructure monitoring. Beyond the technical 

improvements in accuracy, the findings highlight the role of machine learning in supporting the 

sustainability agenda of cities, as timely leak detection directly contributes to water 

conservation, operational efficiency, and resilience against climate-related stresses. Closely 

related is the exploration of clustering techniques for modeling water demand, which provided 

an unsupervised means of uncovering recurring consumption profiles across different urban 

contexts. These profiles revealed heterogeneity in usage behaviors that could not have been 

easily detected through aggregate statistics, thereby offering utilities new opportunities to 

refine resource allocation, identify anomalies, and support long-term infrastructure planning. 

The emphasis on pattern discovery and behavioral segmentation illustrates how machine 

learning can extend beyond prediction to provide explanatory insights that enrich domain 

knowledge. 

In parallel, the thesis addressed the increasingly urgent problem of urban mobility through 

traffic flow forecasting. Here, spatio-temporal variability posed a significant challenge, as traffic 

data is inherently heterogeneous across regions and time horizons. By integrating clustering 

methods as a preprocessing step, it was possible to reduce variability and enable more robust 

short-term forecasting. The results demonstrate that hybrid approaches, which combine 
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unsupervised structure discovery with supervised predictive models, can offer tangible 

improvements in accuracy compared to single-step methods. Importantly, the traffic 

forecasting work also underscores the societal relevance of machine learning: accurate 

predictions have direct implications for congestion management, incident response, and 

sustainable mobility planning. However, the results also remind us that prediction alone is not 

sufficient unless coupled with interpretability and integration into decision-making processes 

that account for human and institutional factors. 

The most ambitious and novel part of the thesis concerned the problem of transferable air 

quality prediction across cities. By adopting a domain-adversarial neural network (DANN) 

framework, the research aimed to test the extent to which models trained in one city could 

generalize to others with varying degrees of structural similarity. The empirical analysis, which 

carefully compared configurations with and without transport-related indicators, revealed 

both the promise and the limitations of current domain adaptation techniques. On the one 

hand, the results showed that generalization is feasible when the source and target cities share 

comparable characteristics, as seen in the successful transfer between Paris and Madrid or 

between Berlin and Madrid. On the other hand, the dramatic drop in performance when 

transferring to a structurally different city such as Helsinki illustrates the fragility of 

adversarial adaptation methods. These findings have broader implications for the field of 

urban AI: while the vision of developing generalizable, transferable models across 

heterogeneous cities is compelling, its realization requires richer contextual information, more 

flexible adaptation mechanisms, and possibly multimodal data integration that goes beyond 

static indicators. 

Taken together, the different case studies offer a set of methodological insights that cut across 

domains. The first is the centrality of data preprocessing and feature engineering. Regardless 

of whether the application concerned leaks, water demand, traffic, or air quality, the quality of 

the raw data and the strategies used to enhance, normalize, and transform it proved decisive 

in determining model success. A second insight is the value of hybrid approaches that combine 

unsupervised and supervised learning. Clustering, in particular, emerged as a powerful tool for 

structuring data in ways that enhanced predictive performance in subsequent stages. A third 

lesson concerns the trade-off between accuracy and interpretability: while complex models 

such as ensemble learners or adversarial networks deliver higher predictive power, their 

opacity poses challenges for adoption in critical infrastructures where trust, accountability, 

and explainability are paramount. Finally, the work underscores the limitations of current 

transfer learning frameworks. While DANN represents an important step towards cross-city 

generalization, its failure in dissimilar contexts suggests that new paradigms, possibly rooted 

in meta-learning, graph-based adaptation, or causal inference, are needed to move the field 

forward. 

The implications of these findings for smart city development are significant. Improved leak 

detection and demand modeling have direct consequences for resource sustainability, helping 

utilities reduce losses and anticipate consumption peaks. Traffic forecasting contributes to the 
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optimization of mobility systems, enabling more efficient and resilient transport 

infrastructures. Transferable air quality prediction, even in its current imperfect state, points 

towards a future in which cities can share knowledge and models to reduce redundant data 

collection and accelerate environmental monitoring. At the same time, the limitations observed 

in this research—data constraints, computational overhead, lack of generalizability in highly 

dissimilar contexts, and limited attention to end-user integration—highlight the challenges 

that must be addressed before machine learning can be fully embedded in urban management 

systems. 

Looking ahead, several avenues for further research emerge from this thesis. Future efforts 

should focus on enhancing the adaptability of transfer learning methods, potentially by 

incorporating multi-source and multimodal data such as satellite imagery, social media signals, 

or Internet of Things (IoT) streams. There is also a pressing need for interpretable AI 

frameworks that balance predictive accuracy with transparency and usability for non-technical 

stakeholders, especially given the critical importance of trust in urban governance. 

Computational challenges could be addressed through lightweight models and edge computing 

architectures capable of supporting real-time deployment. Perhaps most ambitiously, the 

results of this thesis suggest that cross-domain learning—where traffic, air quality, water 

demand, and other urban systems are modeled jointly rather than in isolation—could provide 

a holistic view of urban dynamics, opening the way to integrated decision support systems that 

better reflect the interdependencies of modern cities. 

In conclusion, this thesis has shown that machine learning holds significant promise for 

tackling some of the most pressing challenges faced by contemporary cities. By addressing 

domains as diverse as water management, traffic forecasting, and air quality, it has provided 

methodological advances, empirical evidence, and critical reflections that contribute both to 

academic scholarship and to practical applications. At the same time, the research has 

highlighted the importance of contextual awareness, data quality, interpretability, and 

adaptability as preconditions for the successful deployment of AI in urban environments. The 

road towards intelligent and sustainable cities will require not only continued technical 

innovation but also the capacity to bridge diverse data sources, adapt to heterogeneous 

contexts, and embed machine learning systems within broader frameworks of social, 

institutional, and environmental governance. The contributions of this thesis represent a step 

in this direction, while the challenges identified set the stage for future work at the intersection 

of artificial intelligence, data science, and urban systems. 
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