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Abstract. Assessing air quality in urban areas is often challenging, especially in areas where ground-based monitor-
ing networks are scarce or even absent. Due to local policies or limited resources, many areas in Italy lack continuous 
environmental monitoring over time and space.
To overcome this problem, in this study, we offer a practical GIS-based workflow to help make initial air pollution as-
sessments when data is limited. Using the Sorrento Peninsula in Italy as case study, we implement the workflow, using 
a mix of satellite data and site-specific geolocalized data, to map out where key pollutants like nitrogen dioxide (NO2) 
and fine particulate matter (PM2.5) are found across the area.
The method brings together data on NO2 in the lower atmosphere from the Sentinel-5P TROPOMI sensor and PM2.5 
estimates that come from measuring aerosol optical depth (AOD). We process all this information using QGIS and 
overlay it with other useful maps, like roads and ferry routes from OpenStreetMap, port locations, land use, and ur-
banization. By layering these details, we can spot pollution hotspots and better understand how city life and seasonal 
tourism (strong in the study area), like heavy road traffic or busy ports, influence air quality.
The results show that GIS satellite mapping provides a continuous spatial approximation of air quality, effectively iden-
tifying key areas in locations with limited or no in-situ monitoring. This workflow is replicable and can sustain envi-
ronmental agencies and urban planners with a cost-effective tool for early hotspot detection and urban exposure as-
sessment to inhance policy support and monitoring strategies in Data-sparse environments.

Keywords: air quality mapping, Satellite remote sensing, Data-sparse environments, GIS, replicable workflow, hotspot 
detection.

1. Introduction

Air pollution remains one of the most significant envi-
ronmental and public health concerns in urban settings 
globally (World Health Organization, 2021). Cities have 
expanded rapidly over recent decades, and the associated 
rise in road traffic, residential heating, and industrial ac-
tivity has placed growing pressure on ambient air qual-
ity, with direct consequences for both human health and 
ecosystem functioning. Among the pollutants of great-
est concern, nitrogen dioxide (NO₂) and fine particulate 
matter (PM₂.₅) stand out for their well-established links 
to respiratory and cardiovascular morbidity a relation-
ship that has driven air pollution control to the top of 
environmental and health policy agendas internation-
ally (Lelieveld et  al., 2015). Against this backdrop, air 
quality monitoring networks have taken on a role that 
extends well beyond routine measurement (de Hoogh 
et al., 2018). The data they generate underpin decisions 
across a broad range of domains: from land use planning 

and urban development to the enforcement of regulatory 
standards set out in European directives, and the design 
of early warning protocols intended to protect vulnerable 
populations from acute exposure events (European En-
vironment Agency, 2023). Without accurate and timely 
observational data, evaluating the effectiveness of reme-
diation policies or characterizing pollutant dispersion 
dynamics at the local scale becomes effectively intracta-
ble. Dense, spatially representative assessment neverthe-
less remains difficult to achieve, particularly in regions 
where ground-level measurement networks are sparse or 
entirely absent. Across numerous areas, several Italian 
territories being a notable case, structural constraints, 
elevated maintenance costs, and local governance de-
cisions have resulted in a chronic deficit of continuous 
spatiotemporal data. This observational fragmentation 
precludes a comprehensive characterization of pollution 
phenomena, leaving extensive “blind zones” in which 
population exposure cannot be adequately quantified.

http://creativecommons.org/licenses/by/4.0/
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In such settings, broadly referred to as data-sparse 
environments, the integration of Geographic Informa-
tion Systems (GIS) with satellite remote sensing technol-
ogies emerges as both a practical and increasingly indis-
pensable methodological response (Gupta et al., 2006). 
Satellite-derived products serve as essential proxies, 
compensating for the spatial gaps inherent to the absence 
of ground-based monitoring infrastructure (Bechle et al., 
2013). Adopting this combined approach enables the 
transition from discrete point measurements to spatially 
continuous mapping, facilitating the identification of 
concentration gradients and pollution hotspots even in 
analytically challenging environments. The present study 
accordingly proposes a GIS-based methodological work-
flow designed to support the preliminary assessment of 
ambient air quality in data-scarce territories, employing 
the Sorrento Peninsula as a case study to evaluate the 
applicability and robustness of the proposed approach.

2. Materials and methods

2.1. Study domain

The area covered by this research is the Sorrento Penin-
sula (Figure 1), a promontory located in the Campania 
region (southern Italy) that acts as a natural watershed 
between the Gulf of Naples and the Gulf of Salerno. 
From a geophysical standpoint, the territory presents an 
extremely complex orography, dominated by the Lattari 
Mountains, whose steep slopes and deep valleys signifi-
cantly influence local wind regimes and, consequently, 
the dispersion and accumulation of air pollutants (Gio-
vannini et al., 2020).

Note: The image illustrates the study domain by integrating dif-
ferent levels of detail: on the left, the regional location in Italy 
and the detail of the peninsula, between the Gulf of Naples 
and the Gulf of Salerno; on the right, the analysis of the com-
plex topography using Google Terrain layers, highlighting the 
administrative boundaries obtained from the ISTAT database.

Figure 1. Geospatial framework and morphological 
characterization of the Sorrento Peninsula 

The settlement structure is a polycentric urban system 
with high population density, comprising several mu-
nicipalities within the so-called Naples agglomeration, 
interconnected by a single main road that constitutes the 
primary corridor for vehicular traffic, frequently subject 
to critical congestion episodes. The main anthropogenic 

emission sources are road traffic, port activities (char-
acterized by intense traffic of hydrofoils, ferries, charter 
boats, recreational vessels, and cruise ships) and residen-
tial heating (Murena et al., 2018).

A distinctive feature of the area is the marked season-
al variability of environmental pressures, closely tied to 
international tourist flows: during summer months, the 
sharp increase in floating population drives peak emis-
sions from both maritime and road transport (Contini 
et  al., 2011). The combination of complex terrain and 
heterogeneous pollutant sources makes the Sorrento 
Peninsula a particularly suitable case study for validat-
ing satellite mapping methodologies in contexts where 
ground-based monitoring networks are discontinuous.

A key factor behind the choice of the Sorrento Pen-
insula as a case study is the substantial absence of a 
fixed and widespread air quality monitoring network. 
The area currently lacks permanent monitoring sta-
tions ensuring continuous spatial and temporal cover-
age. As shown in Figure 2, only two mobile monitor-
ing stations are present (indicated in blue), positioned 
at strategic locations but with an extremely localized 
measurement range; the fixed stations belonging to the 
national network are situated outside the study area en-
tirely. Moreover, the competent authority in charge of 
the monitoring via the mobile stations confirmed that 
few campaigns were conducted in the past and the most 
recent measurements refer to 2018 for just one station, 
but for only a few months for which no satellite data are 
available, making it impossible to use it to validation 
purposes with ground data, in the specific case. Regard-
ing the fixed station, there are no records for NO2 and 
PM2.5 for the entire 2025.

Note: Location of the two mobile control units, indicated in 
blue, and of the Environmental Protection Regional Agency 
from Campania Region (ARPAC) fixed network control units, 
in black. Overlayed to the complex topography by Google Ter-
rain layers, and the administrative boundaries obtained from 
the ISTAT database.

Figure 2. Location of the control units

These mobile infrastructures present significant op-
erational limitations for a comprehensive environmental 
analysis:

	– Limited areal coverage: the punctual nature of the 
sampling does not allow for the reconstruction of 
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pollutants distribution across the peninsula’s entire 
orographic complexity.

	– Temporal discontinuity: the surveys do not occur 
continuously, preventing the analysis of long-term 
trends or the identification of sudden peaks linked 
to specific meteorological or anthropogenic events.

	– Data accessibility: the datasets collected by these 
stations are not directly accessible in real time or 
via open data portals, as the information is usually 
released upon specific requests from individual mu-
nicipalities to the relevant environmental agencies.

This data-scarcity scenario makes the integration of 
satellite proxies not only a technological opportunity, 
but a methodological necessity to provide a consistent 
and distributed knowledge framework across the entire 
peninsula.

Regarding air quality composition, the complex in-
teraction between landforms and human activities deter-
mines a heterogeneous emissions profile for the Sorrento 
Peninsula. The main identified environmental pressures 
and their associated pollutants are summarized in Ta-
ble 1 below.

Road traffic concentrated in narrow arteries and ur-
ban hotspots, is responsible for high concentrations of 
NO2, PM10, PM2.5, and carbon monoxide (CO). At the 
same time, maritime traffic along tourist routes and in 
port areas contributes significantly to emissions of NO2, 
sulfur oxides (SO2), and fine particulate matter. Seasonal 
sources related to residential heating and peaks in tourist 
attendance, as well as episodic natural sources for PM10, 
are also involved.

Table 1. Summary of the main environmental pressures and 
associated pollutants in the study area

Source Main pollutants Notes

Road traffic NO2, PM2.5, PM10, 
CO

Urban hotspot, 
narrow streets

Maritime 
traffic

NO2, NOx, SO2, 
PM2.5, PM10

Port areas and 
touristic routs

Seasonal 
tourism NO2, PM2.5 Summer peaks

Residential 
heating PM2.5, NOx

Densely populated 
areas

Natural 
sources PM10 Sporadic

For the purposes of this research the analysis focused 
primarily on NO₂ and PM₂.₅. This choice is supported by 
three fundamental criteria:

1. Cross-cutting Relevance: Both pollutants are criti-
cal indicators for the impact of both vehicle and mari-
time traffic, representing the main drivers of health risk 
in the area (Cohen et al., 2017).

2. Accessibility and Data Continuity: NO₂ is moni-
tored with high precision by the TROPOMI sensor (Co-
pernicus Sentinel-5P, 2021; Veefkind et al., 2012), while 

PM₂.₅ can be effectively estimated using Aerosol Optical 
Depth (AOD) data derived from remote sensing (van 
Donkelaar et al., 2016).

3. Cartographic Effectiveness: These pollutants are 
ideally suited to continuous spatial mapping in a GIS 
environment, allowing the production of consistent 
concentration maps even in the absence of a widespread 
ground-based network (Guevara et al., 2021).

Although SO₂ represents a specific indicator for port 
activities, at this stage it was considered a secondary pa-
rameter, favoring a pollutant-focused model with greater 
availability of high-temporal-resolution satellite proxies.

2.2. Workflow architecture

The proposed air quality mapping workflow, shown in 
Figure 3, follows four sequential phases. The structure 
reflects a pragmatic constraint: transforming raw satellite 
data into geospatial outputs usable for urban planning 
within a limited timeframe.

Figure 3. Architecture of the proposed methodological 
workflow, GIS- and remote sensing-based, for air quality 

mapping in data-sparse environments

1.	Data Acquisition and Selection: Sentinel-5P TRO-
POMI products for NO2 and MODIS/AOD data 
for PM2.5 estimation are downloaded as primary 
inputs (Sorek-Hamer et al., 2020). Land use infor-
mation is sourced from the 2018 Corine dataset at 
100 m resolution, accessed through the Coperni-
cus service. Road network, port, and ferry route 
geometries are extracted from OpenStreetMap 
(OSM) directly within the GIS environment — 
these vector layers are indispensable for attribut-
ing measured concentrations to specific emission 
sources.

2.	Preprocessing and Normalization: NetCDF prod-
ucts are converted to 32-bit float TIFF format. This 
is not a trivial choice: lower bit depths (8- or 16-bit) 
would truncate the decimal precision of chemical 
concentration values, introducing systematic er-
rors in the subsequent analysis (Panchenko et al., 
2023). All layers are reprojected to WGS84/UTM 
zone 33N to guarantee metric consistency across 
datasets (Vaughan et al., 2016).

3.	GIS Integration and Spatial Overlay: Within QGIS, 
raster environmental layers and vector infrastruc-
ture data are overlaid. This step enables direct cor-
relation between measured pollution levels, urban 
morphology, and transport infrastructure, allow-
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ing the disaggregation of source contributions 
across the study area.

4.	Hotspot Identification and Decision Support: The-
matic maps of maximum concentration areas are 
produced to identify critical hotspots. From an 
applied standpoint, these outputs serve a concrete 
function: guiding local authorities in the place-
ment of future ground-based monitoring stations, 
so that limited financial resources are directed to-
ward the areas of highest population exposure.

3. Workflow implementation

3.1. Satellite data acquisition and type

For the analysis presented here, the months of February, 
May, and July 2025 were selected. This choice allows the 
seasonal variability of emission regimes characterizing 
the study area to be captured, as the region is strongly 
influenced by the interaction between climatic dynam-
ics and anthropogenic pressures associated with tourism. 
February was selected to represent winter baseline con-
ditions, typically characterized by greater atmospheric 
stability and an additional contribution from residen-
tial heating emissions. This period makes it possible 
to examine the spatial distribution of pollutants in the 
absence of significant tourist flows. The month of May 
represents a transition phase, during which the onset of 
the tourist season becomes evident and solar irradiance 
progressively increases, factors that directly influence 
the transformation kinetics of atmospheric pollutants. 
Finally, July was included to investigate the period of 
maximum anthropogenic pressure, corresponding to the 
peak intensity of scheduled maritime transport, cruise 
ship activity, and vehicular mobility along the main 
road network of the peninsula. The comparison among 
these three periods enables the isolation of the impact 
of anthropogenic precursors under conditions character-
ized by substantial variability in the atmospheric mixing 
layer and enhanced photochemical reactivity typical of 
the Mediterranean basin, thus providing an integrated 
perspective on air quality conditions across the Sorren-
tine Peninsula.

The proposed workflow integrates multi-source data 
to map the main air pollutants and their related anthro-
pogenic pressures. The choice of datasets is guided by 
the need to ensure continuous spatial coverage in a data-
scarcity context, using exclusively open-source resources 
(Gupta et al., 2006).

	– Nitrogen dioxide (NO2): For NO2 monitoring, data 
from the TROPOMI (Tropospheric Monitoring In-
strument) sensor aboard ESA’s Sentinel-5P mission 
were used. Although the sensor provides Level  2 
(L2) products organized by orbits (swaths) with 
a native spatial resolution of 3.5×5.5  km, for the 
purposes of this GIS analysis, monthly means re-
processed from the S5P-PAL portal were acquired, 
with Level 3 (Eskes et al., 2022; Sentinel-5P Product 

Algorithm Laboratory [S5P-PAL], n.d.). These data 
represent the vertical tropospheric column of NO2 
(van Geffen et al., 2020). From a technical point of 
view, the raw data is stored in NetCDF files using 
the SI unit of mol/m2 (moles per square meter). 
However, to facilitate cartographic interpretation 
and GIS software management, values were treated 
as micromoles per square meter (µmol/m2).

	– To preserve the scientific integrity of the data dur-
ing gridding and clipping, the 32-bit float GeoTIFF 
format was adopted. This technical choice is crucial: 
unlike 8- or 16-bit formats, 32-bit float prevents 
rounding of decimal values, ensuring that micro-
variations in concentration are not lost during spa-
tial overlay (Vaughan et al., 2016).

	– Fine Particulate Matter (PM2.5): Estimated by in-
tegrating Aerosol Optical Depth (AOD) data from 
MODIS sensors and the Copernicus Atmosphere 
Monitoring Service (CAMS) (Inness et al., 2019).

	– Land Use: CORINE Land Cover (CLC) 2018 prod-
uct from the Copernicus service, with a resolution 
of 100 m (Büttner, 2014), essential for distinguish-
ing densely urbanized areas from forested or agri-
cultural areas.

	– Infrastructure and Transport: Vector data extracted 
from OpenStreetMap (OSM) (Haklay & Weber, 
2008), including the primary road network, port 
locations, and scheduled shipping routes.

The choice of these datasets, shown in Table  2, is 
justified by their open-source nature and their ability 
to provide continuous spatial coverage, overcoming the 
limitations of point-based stations.

Table 2. Matrix of geospatial datasets and multi-source 
information layers integrated into the GIS workflow for air 
quality assessment in the domain under study

Information 
Layer Type Unit of 

measure
Source /
Sensor

Reso
lution

Tropospheric 
NO2

Raster 
(32-bit 
float)

mmol/
m2

Sentinel-5P
TROPOMI

3.5× 
5.5 km

PM2.5 (AOD 
proxy)

Raster 
(32-bit 
float)

mg/ms MODIS / 
Copernicus

1 km/ 
0.1°

Land Use 
(CLC)

Raster/
Vector

Land 
Cover 
Classes

Copernicus 
Land 
Service

100 m

Road Network Vector 
(Lines)

Open
StreetMap
(OSM)

High 
(OSM)

Ports and Sea 
Routes

Vector
(Points/
Lines)

OSM High

Administrative 
Boundaries

Vector
(Poligons)

ISTAT High

Note: The table analytically describes the technical parameters 
of the satellite proxies and ancillary data used for spatial pol-
lutant modeling.
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3.2. Preporocessing and spatial overlay

Following the preliminary phase of data acquisition and 
selection, the workflow proceeds with the more techni-
cal steps carried out directly within a GIS environment. 
These include:

	– Preprocessing: Rasterization of the satellite data and 
clipping over the area of interest corresponding to 
the Sorrentine Peninsula, performed within the GIS 
environment.

	– Spatial Overlay: Superposition of the satellite data-
sets with critical infrastructures extracted from 
OpenStreetMap, such as ports and maritime routes, 
to identify the contribution associated with both 
road and maritime traffic.

	– Hotspot Analysis: Application of buffer analysis and 
urban density maps (ISTAT/Copernicus datasets) to 
identify areas characterized by the highest levels of 
population exposure. These aspects are described in 
detail in the results section that follows.

For the assessment of tropospheric NO₂ concentra-
tions, monthly averages were obtained through the S5P-
PAL portal, based on Level 3 (L3) products derived from 
the TROPOMI sensor. The GIS processing workflow was 
designed to preserve the radiometric integrity of the 
original satellite datasets.

Each dataset was subjected to a spatial clipping pro-
cedure, defining an analysis domain encompassing the 
Sorrentine Peninsula together with part of the Naples 
metropolitan area. This configuration allows the emis-
sion gradient between the dense urban agglomeration 
and the adjacent coastal sectors to be captured. The 
cartographic projection was standardized using the 
EPSG:4326 coordinate reference system. Finally, to en-
sure strict inter-monthly comparability of the spatial 
distributions, a normalization of the legends and associ-
ated color scales was performed. A common confidence 
interval was defined, with thresholds ranging between 
X and Y µmol m–², applied consistently through a sin-
gle-band pseudo-color symbology. This methodological 
choice removes potential visual biases arising from dif-
ferent data ranges across the seasonal datasets, thereby 
enabling a coherent and direct evaluation of temporal 
trends and pollutant dispersion patterns between Febru-
ary, May, and July 2025.

For the estimation of fine particulate matter (PM₂.₅), 
the dataset “CAMS European Air Quality Analysis” pro-
vided by the Copernicus service was employed. This 
product has a spatial resolution of 0.1°×0.1° (approxi-
mately 10 km). The use of this dataset helps overcome 
the spatial limitations typical of global-scale models, 
offering a more detailed representation of pollutant 
dispersion in geographically complex areas such as the 
Sorrentine Peninsula, where orography and coastal dy-
namics play a significant role in shaping local air quality 
patterns. As a result, the dataset provides a represen-
tation that is more consistent with the local emission 

dynamics characterizing the study area. The parameter 
“Surface Level” (Single Level) was selected in order to 
focus on pollutant concentrations at ground level. This 
choice allows the analysis to directly address human ex-
posure near the surface, ensuring consistency with sen-
sitive receptors and anthropogenic infrastructures pre-
viously mapped within the GIS framework. The dataset 
was retrieved with hourly temporal resolution (24-time 
steps per day) for the entire study period. Temporal ag-
gregation was subsequently performed by calculating the 
arithmetic mean of all hourly time steps, using the “Cell 
Statistics” tool with the statistical option set to Mean.

This procedure produces a representation of month-
ly mean PM₂.₅ concentrations that is not influenced by 
short-term diurnal fluctuations. Compared with ap-
proaches based on instantaneous sampling, this method 
provides a more statistically robust estimate of pollutant 
levels and ensures consistency between the modelled 
data and the monthly averages derived from TROPOMI 
satellite products.

The GIS workflow was integrated with high-resolu-
tion ancillary datasets to support the spatial interpreta-
tion of atmospheric variables and to better identify local-
ized and transport-related emission sources within the 
study domain.

Land-cover information was obtained from the CO-
RINE Land Cover (CLC) 2018 dataset (spatial resolution 
100 m), which enables the discrimination of urbanized 
areas from agricultural and natural surfaces. This layer 
was used as a reference to contextualize the spatial dis-
tribution of pollutant concentrations in relation to the 
underlying surface characteristics.

As with the PM₂.₅ data, the CORINE dataset was 
downloaded through Copernicus services and can be 
readily used within common GIS software environments 
such as QGIS. To better account for transport-related 
emission processes, vector layers were retrieved from 
OpenStreetMap (OSM) through the web services avail-
able within the GIS platform.

Bringing these datasets together makes it possible 
to examine how the spatial patterns of NO₂ and PM₂.₅ 
concentrations relate to the main mobility corridors of 
the region. In particular, it allows the pollutant fields to 
be interpreted in relation to major road axes, scheduled 
maritime connections, and cruise ship traffic, thereby of-
fering a clearer picture of the anthropogenic factors that 
contribute to shaping air quality conditions across the 
study area.

4. Results and discussion

4.1. NO2 mapping

The analysis was performed on a 3.5×5.5  km grid, al-
lowing the identification of large-scale spatial trends and 
seasonal mean patterns. In addition, all datasets were 
normalized using the same colour scale, ensuring direct 
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visual comparability between the different periods. The 
following maps present the NO₂ concentration fields for 
the three months considered in the analysis.

Figure 4 shows the spatial distribution of the monthly 
mean tropospheric column concentration of nitrogen 
dioxide (NO₂) for February 2025. The data, derived 
from the TROPOMI sensor (Sentinel-5P) and processed 
through the S5P-PAL portal, are expressed in µmol m–². 
The map highlights a pronounced northwest–southeast 
gradient, with the primary hotspot located over the Na-
ples metropolitan area (maximum values of approxi-
mately 158 µmol m–²) and a progressive decrease in con-
centrations along the Sorrentine Peninsula ridge. The red 
boundaries indicate the municipal administrative limits 
within the study domain. The spatial resolution of the 
reprojected dataset allows the different emission signa-
tures of the urbanized coastal sectors and the mountain-
ous areas of the Lattari Mountains to be distinguished, 
where minimum values of approximately 20 µmol m–² 
are observed. In Figure 5 it can be seen the spatial dis-
tribution of the monthly mean tropospheric column 
concentration of nitrogen dioxide (NO₂) for May 2025. 
The map shows a marked reduction in average concen-
trations across the entire domain compared with the 
winter period. The disappearance of the urban hotspot 
over Naples and the shift toward lower-value color tones 
indicate the seasonal increase in solar radiation and 
temperature, which enhance the photolysis processes af-
fecting NO₂. Figure 6 shows the spatial distribution of 
the monthly mean tropospheric column concentration 
of nitrogen dioxide (NO₂) for July 2025. Despite nor-
malization using the same reference color scale, the map 
confirms the lowest values of the year, associated with 
the peak intensity of summer photochemical dissocia-
tion processes. A weak but persistent signal (light green 
tones) can still be observed over the Gulf of Naples and 
along the main navigation corridors of the Sorrentine 
Peninsula. Although the overall tropospheric column is 
relatively depleted, this spatial pattern suggests the con-
tinued influence of maritime and cruise ship emissions, 
which typically reach their maximum operational fre-
quency in July, partially offsetting the otherwise strong 
photochemical removal of NO₂.

The figures below illustrate selected examples of the 
GIS overlay performed using the different informational 
layers incorporated into the analysis. Specifically, Fig-
ure 7 represents the proximity analysis between tropo-
spheric column NO₂ concentrations (TROPOMI) and 
transport infrastructures in the Sorrentine Peninsula, 
July 2025. The map combines the normalized satellite 
data with vector layers representing the road network 
(OSM Traffic) and maritime routes (OSM Tracks). De-
spite the seasonal minimum of gaseous pollutants associ-
ated with enhanced summer photolysis, a persistent sig-
nal can still be observed along the SS145 road corridor 
and across the Naples–Sorrento–Capri maritime routes. 
Finally, Figure 8 depicts the integrated analysis of NO₂

Figure 4. Spatial distribution of the monthly mean 
tropospheric column concentration of nitrogen dioxide 

(NO₂) for February 2025. Data derived from the TROPOMI 
sensor (Sentinel-5P) and processed through the S5P-PAL 

portal, expressed in µmol m–²

Figure 5. Spatial distribution of the monthly mean 
tropospheric column concentration of nitrogen dioxide 

(NO₂) for May 2025

Figure 6. Spatial distribution of the monthly mean 
tropospheric column concentration of nitrogen dioxide 

(NO₂) for July 2025

concentrations (February  2025), transport infrastruc-
tures, and land-use classes derived from CORINE Land 
Cover. The overlay reveals a clear spatial association 
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between the highest NO₂ levels and areas categorized as 
continuous or discontinuous urban fabric and industrial/
commercial zones (displayed in dark grey and black in 
the map).

4.2. PM2.5 mapping

In Figure  9 it is shown the Spatial distribution of the 
monthly mean surface concentration of fine particulate 
matter (PM₂.₅) for February 2025. The data are derived 
from the CAMS European Air Quality high-resolution 
analysis (0.1°) and are expressed in µg m–³. The map 
highlights a marked accumulation of particulate mat-
ter across the inland areas of the Naples basin, particu-
larly within the Nola–Sarno plain, where maximum 
values reach approximately 59  µg m–³. These elevated 
concentrations are consistent with wintertime thermal 
inversion conditions and the associated accumulation 
of combustion- and traffic-related particulate emis-
sions. Figure  10 shows the Spatial distribution of the 
monthly mean surface concentration of PM₂.₅ for May 
2025. The data are normalized using the winter refer-
ence scale (5–59  µg m–³). The map shows a general 
decrease in concentrations compared with the winter 

period. However, the Sorrentine Peninsula exhibits a 
persistence of intermediate values (green–yellow tones, 
approximately 25–30 µg m–³), comparable to those ob-
served in the Naples hinterland. This relatively uniform 
spatial pattern suggests that, despite the marked reduc-
tion in heating-related emissions over Naples, the Sor-
rentine Peninsula maintains a persistent background 
level of particulate matter. Such conditions may reflect 
the combined influence of seasonally increasing vehicu-
lar traffic linked to tourism and the contribution of ma-
rine aerosols, which can contribute to maintaining sta-
ble PM₂.₅ concentrations in coastal environments even 
during periods characterized by enhanced atmospheric 
mixing. Finally in Figure 11 is reported the Spatial dis-
tribution of the monthly mean surface concentration of 
PM₂.₅ for July 2025. The data are normalized using the 
reference scale (5–59  µg m–³). The map highlights the 
lowest concentrations observed during the entire study 
period across most of the domain, with the Sorrentine 
Peninsula displaying relatively homogeneous blue tones 
corresponding to values of approximately 10–15 µg m–³. 
This pattern reflects typical summer atmospheric condi-
tions, characterized by increased instability and the ab-
sence of emissions associated with residential heating. 

Figure 8. Integrated analysis of NO₂ concentrations 
(February 2025), transport infrastructures, and land-use 

classes derived from CORINE Land Cover

Figure 7. Proximity analysis between tropospheric 
column NO₂ concentrations (TROPOMI) and transport 

infrastructures in the Sorrentine Peninsula, July 2025

Figure 9. Spatial distribution of the monthly mean surface 
concentration of fine particulate matter (PM₂.₅) for February 

2025

Figure 10. Spatial distribution of the monthly mean surface 
concentration of PM₂.₅ for May 2025
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Nevertheless, the presence of slight gradients along the 
coastline and near the main port areas indicates that 
emissions related to maritime traffic and seasonal road 
mobility still exert a localized influence. These contribu-
tions, although reaching their seasonal maximum dur-
ing summer, appear to be effectively dispersed by coastal 
breeze circulations and enhanced vertical mixing within 
the atmospheric boundary layer.

A more detailed examination of the NO₂ signal re-
veals a pattern that diverges from what would be ex-
pected based solely on anthropogenic emission fluxes. 
Although tourism-related mobility and maritime traffic 
reach their seasonal maximum in July, the NO₂ tropo-
spheric column measured by TROPOMI is lower than 
in winter, with values around 34 µmol m–² in July com-
pared to approximately 52 µmol m–² in February. This 
behaviour highlights the dominant role of atmospheric 
photolysis and the dilution associated with the seasonal 
deepening of the atmospheric mixing layer (Ding et al., 
2020).

The pronounced peak observed over Naples in Feb-
ruary (approximately 158 µmol m–²) appears instead to 
be linked to the accumulation of pollutants under stable 
atmospheric conditions, particularly thermal inversions, 
which favour the trapping of emissions within the low-
er troposphere. These findings indicate that, in coastal 
environments, meteorological forcing and atmospheric 
chemistry may exert a stronger control on pollutant con-
centrations than the simple variability of emission sourc-
es (Lorente et al., 2019). Nitrogen dioxide is a molecule 
highly sensitive to ultraviolet radiation. During July, the 
intense Mediterranean solar irradiance enhances the 
photochemical cycle: NO₂ + hν → NO + O.

This reaction proceeds significantly faster in summer 
than in winter, drastically reducing the atmospheric life-
time of NO₂. As a result, even though emissions from 
ferries, cruise ships, and seasonal road traffic increase 
during the summer months, the rapid photochemical 
removal of NO₂ leads to lower monthly mean values de-
tected by the satellite observations.

As illustrated in Figure 7, the integration of Open-
StreetMap (OSM) vector datasets with the July 2025 sat-
ellite products allowed a proximity-based spatial analysis 
aimed at isolating the contribution of transport-related 
emissions to local air quality. Despite the rapid photo-
chemical removal typical of the summer regime, the car-
tographic overlay reveals a consistent spatial correspond-
ence between relative NO₂ enhancements and the main 
road and maritime transport corridors (Georgoulias 
et al., 2020). A closer inspection of the Sorrentine Penin-
sula highlights a clear spatial alignment between positive 
anomalies in the NO₂ signal (green–yellow tonalities) 
and the trajectory of the SS145 Sorrentina road corridor. 
The strengthening of the signal near port interchange 
nodes suggests that seasonal anthropogenic pressure, 
although subject to strong dilution due to convective 
mixing and reduced atmospheric stability, still produces 
a persistent emission footprint spatially constrained to 
key transport infrastructures. Particularly relevant is the 
inclusion of maritime trajectories (OSM tracks), whose 
analysis underlines the emissive relevance of high-speed 
passenger vessels (hydrofoils and ferries) as well as cruise 
ship traffic. The persistence of the NO₂ signal along the 
maritime connections linking Naples, Sorrento, and Ca-
pri represents a notable scientific observation. Under 
summer conditions, when the atmosphere is thermally 
unstable and largely free from stationary terrestrial emis-
sion sources such as residential heating, the contribution 
from mobile maritime sources becomes proportionally 
more significant. In this context, shipping traffic acts as 
a continuous mobile source, capable of influencing the 
tropospheric column above the marine boundary layer 
and shaping the air quality profile along the entire coast-
al sector of the study domain (Ding et al., 2020).

In Figure  8, which depicts the February NO₂ dis-
tribution, the main terrestrial and maritime transport 
corridors were overlaid together with CORINE Land 
Cover classes, where the principal urban settlements are 
highlighted in darker grey and black tones. The land-
use representation allows the contribution of anthro-
pogenic heating emissions during winter to be clearly 
appreciated. The areas showing higher NO₂ levels (yel-
lowish colours) correspond closely to urban centres and 
the metropolitan core of Naples, confirming the strong 
spatial relationship between emission maxima and areas 
classified as “continuous and discontinuous urban fabric” 
(CLC classes 111 and 112) and “industrial or commer-
cial units” (CLC class 121) (Cersosimo et al., 2020). A 
progressive decrease in pollutant levels can be observed 
toward the forested and semi-natural areas of the Lat-
tari Mountains ridge (CLC classes 311 and 321), where 
the signal weakens significantly. This gradient further 
confirms the capability of TROPOMI satellite obser-
vations to discriminate between active anthropogenic 
emission sources and areas characterized by background 
atmospheric conditions or natural sinks. With regard to 
PM₂.₅, the comparative analysis of the raster products 

Figure 11. Spatial distribution of the monthly mean surface 
concentration of PM₂.₅ for July 2025
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for February, May, and July 2025 reveals a pronounced 
seasonal variability, governed by the interaction between 
anthropogenic forcing, meteorological regimes, and lo-
cal thermodynamic conditions. In February, the signal 
reaches its highest levels (up to 59 µg m–³), with critical 
hotspots located over the Naples metropolitan area and 
the Nola–Sarno inland basin. Although the Sorrentine 
Peninsula shows slightly lower values, concentrations 
remain moderately elevated, likely due to the combined 
effect of residential heating emissions (including biomass 
combustion) and stable atmospheric conditions. During 
this period, frequent surface thermal inversions, the ab-
sence of persistent sea-breeze circulation, and the domi-
nance of high-pressure systems reduce the thickness 
of the mixing layer, favouring pollutant accumulation. 
In addition, the Lattari Mountains orography acts as a 
partial barrier to horizontal dispersion, promoting the 
advective transport of pollutants along the coastal sec-
tor (Garrido-Perez et  al., 2018). The transition to May 
(Figure 10) shows a shift toward a more homogeneous 
spatial distribution. The marked reduction of concentra-
tions in the urban area (from approximately 59 µg m–³ 
to 23 µg m–³) reflects the cessation of residential heat-
ing activities. Nevertheless, the persistence of a relatively 
constant background concentration over the Sorrentine 
Peninsula (25–30  µg m–³) values comparable to those 
observed in the urban core is noteworthy. This spatial 
uniformity suggests that, under springtime conditions, 
PM₂.₅ behaves increasingly as a regional-scale pollutant, 
influenced both by secondary aerosol formation process-
es and by the increase in vehicular traffic associated with 
the onset of the tourist season (Guth et al., 2018). Finally, 
July (Figure 11) displays the lowest PM₂.₅ concentrations 
of the entire study period, despite the seasonal maximum 
in anthropogenic pressure and maritime mobility. This 
apparently paradoxical behaviour can be explained by 
the efficient dispersion mechanisms typical of the Medi-
terranean summer regime. Strong solar heating induces 
sea-breeze circulation during daytime and land-breeze 
flows at night, generating a persistent ventilation regime 
often exceeding 5–8 m s–¹, which promotes the dilution 
and vertical redistribution of particulate matter.

The weak residual gradients observed near port infra-
structures and along the peninsula’s main transport cor-
ridors indicate the influence of local emission sources, 
particularly shipping and road traffic. However, despite 
operating at their seasonal peak, these sources remain 
subject to an atmospheric environment characterized by 
substantially greater dispersive capacity than during the 
winter semester.

5. Conclusions

The combined use of geoinformation and remote sensing 
techniques provides a cost-effective and operationally ef-
ficient framework for the early identification of air-qual-
ity hotspots. GIS-based systems enable the management 

and analysis of large spatial datasets over extended do-
mains with high computational efficiency, while also fa-
cilitating continuous updates of the underlying data lay-
ers and analytical models. The proposed workflow offers 
several methodological advantages, as follows.

	– Centralized data management: Geographic infor-
mation is organized within a unified relational da-
tabase environment (DBMS), allowing consistent 
storage and access to heterogeneous spatial datasets.

	– Data integrity: The database structure preserves 
spatial consistency and reduces the risk of discrep-
ancies among the different geospatial layers used in 
the analysis.

	– Decision-support capability: The framework ena-
bles rapid identification of priority areas where fu-
ture in situ monitoring campaigns may be required 
by environmental agencies.

	– Replicability: The reliance on open-source datasets 
and tools makes the methodology transferable to 
different geographical contexts and fully imple-
mentable within a standard GIS environment.

	– Multilayer and multidisciplinary integration: Air-
quality observations, meteorological variables, and 
dispersion-model outputs can be integrated with-
in a unified all-in-one analytical system, allowing 
cross-disciplinary analyses.

	– Operational accessibility: The system remains rela-
tively straightforward to operate, enabling its use 
not only by technical personnel but also by policy 
makers and environmental managers, with poten-
tial applications in early-warning and environmen-
tal management frameworks.

The spatiotemporal analysis for 2025 reveals a strong 
seasonal decoupling between emission sources and ob-
served concentrations. During the analyzed period, NO₂ 
peaked in February at 158 µmol  m–² (Naples hotspot) 
but declined to 34 µmol m–² in July, due to intense sum-
mer photolysis despite increased maritime and tourist 
traffic. Similarly, PM₂.₅ decreased from winter highs of 
59 µg m–³ to summer lows of 10–15 µg m–³, as enhanced 
vertical mixing and sea breeze circulation effectively dis-
perse anthropogenic loads. Ultimately, the results dem-
onstrate that meteorological forcing and photochemical 
rates exert a dominant control on air quality levels in the 
Sorrento Peninsula, prevailing over seasonal fluctuations 
in transport-related emissions.

Overall, the adoption of object-oriented spatial 
data models allows infrastructures, emission sources, 
and pollutants to be treated as interconnected entities 
within the same geospatial framework. This structure 
provides a robust basis for addressing complex geoin-
formatics problems and represents a practical decision-
support tool for environmental monitoring agencies. At 
the same time, the approach highlights several technical 
limitations and areas for further development. The spa-
tial resolution adopted in this study largely constrained 
by the characteristics of the input datasets may lead to an 
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underestimation of localized concentration peaks, par-
ticularly within narrow valleys and complex orographic 
environments. For applications oriented toward Environ-
mental Impact Assessment, a more rigorous validation 
would likely require the integration of ground-based 
measurements, such as those provided by the ARPAC 
monitoring network, in order to verify and calibrate 
the satellite derived products. Paradoxically, however, it 
is precisely in contexts where monitoring networks are 
sparse that approaches of this type become most valu-
able.

Another limitation arises from the heterogeneity of 
the datasets employed, which differ in both spatial and 
temporal resolution. Future developments may therefore 
benefit from the implementation of interpolation and re-
sampling techniques, potentially through dedicated GIS 
plugins, in order to harmonize the datasets within a con-
sistent spatial and temporal framework. These aspects 
also highlight the inherently multidisciplinary nature of 
air-quality data analysis, which requires the integration 
of atmospheric science, geoinformatics, and environ-
mental monitoring methodologies. Future developments 
of the workflow aim to move beyond a purely descrip-
tive mapping approach toward a framework capable of 
quantitatively supporting strategic monitoring planning. 
The integration of high-resolution dispersion models 
would enable the estimation of pollutant concentrations 
at neighbourhood or district scale, significantly improv-
ing the spatial detail of exposure assessments. Such spa-
tial resolution is essential for translating environmental 
datasets into population exposure indicators, enabling 
not only environmental analyses but also targeted epi-
demiological investigations that explore potential corre-
lations between pollution hotspots and the incidence of 
respiratory and cardiovascular diseases.

Within this perspective, the GIS system can function 
as a decision-support platform for both environmental 
and public-health authorities, assisting in the design of 
coherent, multidisciplinary, and multiparametric moni-
toring networks. This includes the potential deployment 
of low-cost sensor stations distributed over wide spatial 
areas, improving coverage in regions characterized by 
complex topography and heterogeneous climatic re-
gimes. Ultimately, this integrated approach provides the 
knowledge base required for the development of health-
oriented air-quality management strategies, aimed at 
mitigating pollutant exposure in the most vulnerable and 
densely populated areas.
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