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Abstract

Air quality satellite products, such as Sentinel-5P NO2 and SO2, are often hindered by
substantial spatio-temporal gaps caused by cloud cover, surface reflectance, and sensor-
related constraints. This thesis investigates the missing value patterns of the NO2 and SO2

data in the Po Valley region in Northern Italy during 2019–2023, and proposes two models
to reconstruct data gaps(missingness or missing observations). One model is a LightGBM
baseline and the other is a 3D convolutional neural network (3D CNN); both are trained
on the same dataset, with model-specific parameters tuned to maximize performance.

Statistical analysis reveals a 5-year average missing rate of 45.4% for NO2 and 77.4%
for SO2, with pronounced seasonality, particularly in autumn and winter. To recon-
struct these gaps, we train two models that learns joint spatial–temporal dependencies.
Both models ingest auxiliary variables, including historical NO2/SO2 lags, meteorological
drivers (e.g., temperature, wind, pressure), and static factors (e.g., land cover, population
density).

Training is carried out using synthetically masking pixels to simulate realistic gap sce-
narios. This aim to enhance the continuity and usability of Sentinel-5P observations,
supporting downstream applications in urban air pollution monitoring, environmental
modeling, and policy-making in data-sparse conditions.

In masked validation on 2023, both models reconstruct large gaps, with the 3D CNN
yielding lower errors than LightGBM—while LightGBM is competitive and substantially
faster.

Keywords: Satellite Gap-filling, Sentinel-5P, NO2, SO2, LightGBM, 3D CNN, Air Qual-
ity





Abstract in lingua italiana

I prodotti satellitari per la qualità dell’aria, come NO2 e SO2 di Sentinel-5P, sono spesso
ostacolati da notevoli lacune spazio-temporali dovute alla copertura nuvolosa, alla riflet-
tanza della superficie e a vincoli legati al sensore. Questa tesi analizza i pattern di valori
mancanti dei dati di NO2 e SO2 nella regione della Pianura Padana, nel Nord Italia,
nel periodo 2019–2023, e propone due modelli per ricostruire i gap (missingness o osser-
vazioni mancanti). Un modello è una baseline LightGBM e l’altro è una rete neurale
convoluzionale tridimensionale (3D CNN); entrambi sono addestrati sullo stesso dataset,
con parametri specifici del modello ottimizzati per massimizzare le prestazioni.

L’analisi statistica evidenzia un tasso medio di mancanze su 5 anni pari al 45.4% per NO2

e al 77.4% per SO2, con una stagionalità marcata, in particolare in autunno e inverno. Per
ricostruire tali gap, alleniamo due modelli che apprendono dipendenze spazio–temporali
congiunte. Entrambi i modelli utilizzano variabili ausiliarie, incluse le serie storiche con
ritardi di NO2/SO2, forzanti meteorologiche (ad es., temperatura, vento, pressione) e
fattori statici (ad es., copertura del suolo, densità di popolazione).

L’addestramento viene effettuato utilizzando pixel di mascheramento sintetico per sim-
ulare scenari di gap realistici. L’obiettivo è migliorare la continuità e l’usabilità delle osser-
vazioni di Sentinel-5P, supportando applicazioni a valle nel monitoraggio dell’inquinamento
atmosferico urbano, nella modellazione ambientale e nell’elaborazione di politiche in con-
dizioni di dati sparsi.

Nella validazione con mascheramento sul 2023, entrambi i modelli ricostruiscono ampie la-
cune, con la 3D CNN che ottiene errori inferiori rispetto a LightGBM—mentre LightGBM
rimane competitivo e sostanzialmente più rapido.

Parole chiave: Gap-filling satellitare, Sentinel-5P, NO2, SO2, LightGBM, CNN 3D,
qualità dell’aria
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Introduction

Air quality monitoring has become increasingly critical as urbanization accelerates [1].

Satellite-based observations provide wide-area coverage that complements sparse ground-

based monitoring networks [2]. Among current missions, the European Space Agency's

Sentinel-5 Precursor (TROPOMI) delivers daily measurements of trace gases such as

nitrogen dioxide (NO2) and sulfur dioxide (SO2), enabling detailed regional to urban-

scale analyses [3].

However, the operational use of these data is limited by spatio-temporal data gaps caused

by cloud cover, sensor-speci�c �ltering, and other atmospheric conditions [4]. These

gaps break the continuity of daily concentration �elds, thereby limiting the reliability

of the data for downstream applications such as emission inversion and health exposure

assessment [3]. The Po Valley in Northern Italy�one of Europe's most industrialized and

densely populated basins, bordered by the Alps and the Apennines�o�ers a compelling

case where stagnation and wintertime conditions exacerbate data gaps [5, 6].

This research develops two models for Sentinel-5P atmospheric imagery. One model is

a LightGBM baseline [7] and the other is a 3D convolutional neural network (3D CNN)

[8]. The approachs reconstructs missing pixels using meteorology, land cover, topography,

temporal patterns and local spatial context, and yields gap-�lled datasets that improve

continuity and usability for urban air-quality analysis and policy support [9].

The thesis quanti�es data gaps from 2019 to 2023 over the Po Valley, details data pro-

cessing and models design, and evaluates reconstructions with ground observations and

uncertainty estimates. The resulting products aim to facilitate reliable use of Sentinel-5P

for environmental monitoring in data-sparse conditions.
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1| Background and Research

Objectives

1.1. Research Background

Satellite-based atmospheric monitoring has greatly enhanced regional-to-global air-quality

observation. Unlike ground-based systems, satellites provide extensive spatial cover-

age and consistent measurements, enabling the tracking of pollution sources and trans-

port patterns. The Sentinel-5P mission, with its Tropospheric Monitoring Instrument

(TROPOMI), delivers daily global high-resolution data, since 2018, on key pollutants

such as nitrogen dioxide (NO2) and sulfur dioxide (SO2), which have been available on

platforms such as Google Earth Engine.

Despite these advantages, Sentinel-5P data are often a�ected by gaps due to cloud cover,

high solar zenith angles, and strict quality control�especially during winter in the North-

ern Hemisphere. These limitations hinder applications such as emission monitoring, policy

evaluation, and public-health guidance, particularly in critical regions like the Po Valley

where continuous and reliable air-quality data are essential.

1.2. Problem Formulation

1.2.1. Motivation

Accurate monitoring of NO2 and SO2 is vital for assessing air quality and health impacts.

While Sentinel-5P provides unprecedented coverage, data gaps reduce its practical utility.

Current interpolation methods often fail to capture complex atmospheric processes, lack-

ing temporal and meteorological integration [10]. Advances in deep learning, especially

3D CNNs, o�er new ways to e�ectively reconstruct missing data by combining satellite

imagery with auxiliary inputs [8].
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1.2.2. Problem Statement

Daily Sentinel-5P Level-3 NO2 and SO2 imagery over the Po Valley exhibits substantial,

spatially fragmented gaps caused by clouds, viewing geometry, and stringent L2�L3 qual-

ity assurance (QA) �ltering. These gaps limit time-series analysis and urban exposure

assessment. The aim is to reconstruct the missing pixels and to produce spatially and

temporally consistent daily NO2 and SO2 maps for the period 2019�2023.

Inputs

The following multi-source datasets are integrated and aligned on a common spatio-

temporal grid to serve as inputs for the models:

1. Primary data: Sentinel-5P Level-3 NO2 and SO2 daily grids with QA masks (2019�

2023, Northern Italy).

2. Dynamic predictors (ERA5): planetary boundary layer height, 2-m air temperature,

10-m wind speed and direction (fromu; v), total precipitation, clear-sky surface net

radiation, surface net thermal radiation, surface pressure.

3. Static geography: elevation and slope, land cover, population density.

4. Temporal features: day-of-year encoded with sine and cosine, and day-of-week or

weekday �ag.

5. Spatio-temporal priors: lagged columns (for examplet� 1) and neighborhood statis-

tics such as 3� 3 means, computed separately for NO2 and SO2.

Outputs

The work�ow produces two kinds of outputs:

1. Gap-�lled, daily NO 2 and SO2 datasets.

2. Two predictive models (LightGBM and 3D-CNN) that provides per-pixel recon-

structions for both pollutants.

Objectives

Building upon the research background and challenges outlined above, this study aims to

develop a robust, integrated framework for reconstructing the extensive gaps in Sentinel-

5P NO2 and SO2 data over the Po Valley. The speci�c objectives are as follows:

1. Quantify the extent, frequency, and seasonal distribution of missing data in Sentinel-
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5P NO2 and SO2 over the Po Valley during 2019�2023, establishing a benchmark

for the severity of data gaps.

2. Develop two models: a LightGBM model and a 3D CNN model for spatio�temporal

patterns�trained on the same dataset with model-speci�c hyperparameter tuning.

3. Evaluate reconstructions against withheld valid observations and in synthetic-gap

tests.

4. Demonstrate practical utility by generating continuous time-series and improved

air-pollution maps from the gap-�lled datasets, illustrating value for environmental

monitoring and decision-making.

5. Provide an open, reproducible pipeline for Sentinel-5P data reconstruction that can

be adapted to other regions and satellite products.

Challenges

Based on preliminary inspection of the Sentinel�5P data and prior studies, we identify

several challenges that motivate our design choices. The following items summarize the

issues to be tackled:

1. High and seasonally variable coverage gaps: daily level-3 NO2 and SO2 �elds over the

Po Valley frequently exhibit extensive missing areas, with winter/autumn conditions

particularly a�ected by clouds, solar-zenith geometry and QA �ltering.

2. Strong spatio-temporal dependence: both pollutants depend on nearby pixels and

recent days, so models must capture local spatial structure and short-term dynamics.

3. Multi-source harmonization: aligning meteorology, static layers, and satellite data

on a common daily grid while preventing data leakage.

4. Operational scale: �ve-year daily stacks with multi-layer inputs require e�cient

training and inference, and robust handling of extreme missing patterns, especially

for SO2.

1.3. Study Area: The Po Valley, Italy

The Po Valley in Italy represents an ideal area for studying atmospheric pollution and

validating satellite-based data reconstruction methods. Bordered by the Alps to the

north and west and the Apennines to the south, the region features predominantly �at

terrain that forms a characteristic basin topography. This basin e�ect, combined with
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