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Abstract

In this study we develop a Land-Use Random Forest (LURF) model for the Campania Region (southern
Italy) that combines 2022 daily PM; observations from 13 quality-controlled ARPA Campania stations
with a rich set of spatial predictors to produce daily concentration maps at 1000 m x 1000 m resolution,
from which annual statistics (mean, percentiles, and exceedances) are derived through temporal aggre-
gation. The predictor space includes resident population, land-cover and imperviousness indicators,
road-network metrics derived from OpenStreetMap, meteorological fields from the ERA5 reanalysis,
satellite aerosol optical depth (AOD) from MODIS Terra and Aqua—scaled by ERA5 boundary-layer
height (AOD/pbl)—daily mean PM; from a nested CHIMERE simulation, and a binary categorical
predictor (IdDust) flagging days affected by Saharan dust transport events. The hyperparameters
for the LURF model are selected via a nested inner grid search; generalisation performance is as-
sessed through a spatially aware leave-location-out cross-validation (LLO-CV) scheme, which prevents
optimistic bias arising from spatial autocorrelation among neighbouring stations. Under LLO-CV,
the LURF achieves R?> = 0.54, RMSE = 11.0 ug m~3, and MAE = 8.0 ug m~3, against R> = —1.11,
RMSE = 23.6 ug m~2, and MAE = 19.1 ug m~3 for the raw CHIMERE output evaluated on the
same observations. The inclusion of IdDust as a categorical covariate allows the Random Forest to
partition the training distribution between dusty and non-dusty regimes, improving the representation
of episodic high-PMjj events and reducing systematic underestimation at the upper tail of the concen-
tration distribution. CTM-derived PM;y and ERA5 boundary-layer and pressure fields emerge as the
dominant predictors, collectively accounting for the majority of explained variability, while IdDust
ranks among the physically interpretable secondary predictors. The 1000 m maps highlight marked
urban-rural contrasts, resolving hotspots in the Naples metropolitan area and along major motorway
corridors that remain unresolved at typical CTM grid spacings. By embedding physically based CTM
output, satellite aerosol diagnostics, and dust-event classification within a flexible machine-learning
framework, the proposed approach offers a low-cost, operationally tractable tool for high-resolution
PM; exposure assessment in regions characterised by complex terrain and heterogeneous emission
sources.

Keywords: air quality; PM;j; Land-Use Random Forest; LURF; exposure assessment; campania
region; ERA5; CHIMERE; MODIS AOD; spatial mapping; dust transport

1. Introduction

Particulate matter remains one of the most consequential air pollutants for public health across
European and global contexts [1,2]. Chronic exposure to elevated PM;( concentrations is linked to a

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0000-0002-9120-6463
https://orcid.org/0000-0001-7775-5565
https://doi.org/10.20944/preprints202604.1265.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 April 2026 d0i:10.20944/preprints202604.1265.v1

2 of 23

broad spectrum of adverse outcomes, including cardiovascular and respiratory disease, premature mor-
tality, and impaired agricultural productivity, with burdens that fall disproportionately on residents
of densely built city centres and other high-exposure microenvironments [1-3]. Generating reliable,
spatially resolved concentration estimates is therefore a prerequisite for epidemiological surveillance,
health-impact assessment, and the implementation of the revised EU Air Quality Directive, which
progressively tightens limit values towards World Health Organization guideline levels while de-
manding more granular exposure information [2,4]. The core challenge is that regulatory monitoring
networks, although providing high-quality measurements at high temporal resolution, sample only
a handful of locations per urban area. This sparse spatial footprint is insufficient to characterise the
steep intra-urban gradients that develop downwind of traffic corridors, junctions, ports, or industrial
zones—precisely the environments where human exposure is highest [5-7].

Land-use regression (LUR) modelling was originally conceived to bridge the gap between dis-
crete observations and spatially continuous concentration fields [8]. The approach links pollutant
measurements at monitoring sites with geospatial covariates such as population density, land-cover
classes, road proximity, and meteorological context, and then projects these relationships across a
fine-resolution grid. Over the past two decades, LUR methods have been widely adopted in multi-city
European studies, most notably within the ESCAPE project [9,10], for mapping PM;g, PM; 5, black
carbon, and NO, at spatial resolutions suitable for cohort-based health analyses [8,11]. Building
on these foundations, more recent developments have integrated satellite-derived aerosol optical
depth (AOD) products and chemistry transport models (CTM) output into the LUR predictor space
to improve coverage in regions with sparse ground monitoring and to better constrain background
aerosol fields [12,13].

The Random Forest extension of LUR, hereafter referred to as Land-Use Random Forest (LURF),
can accommodate non-linear interactions and higher-order dependencies among predictors that clas-
sical linear LUR cannot capture. In this framework, ensembles of regression trees are trained on
high-dimensional spatial covariate vectors and pollutant observations, and the resulting model is used
to generate gridded concentration fields at resolutions much finer than the underlying monitoring
network. LURF and related ensemble-tree methods have been progressively adopted for mapping
NO; and particulate matter across European settings [11,14-16], offering improved predictive perfor-
mance and robustness relative to traditional linear formulations, particularly under the small-sample
conditions typical of regulatory networks. In the Naples metropolitan area, for example, Chianese and
Riccio [17] demonstrated the utility of the LURF approach for long-term NO, exposure assessment by
combining citizen-science passive samplers with the ARPA Campania reference network, achieving
annual mean predictions with an uncertainty compatible with European Commission recommenda-
tions [4]. The present work builds on this methodological foundation and extends it to PM;g at the full
regional scale of Campania.

Mapping PM; poses particular challenges because this pollutant is a chemically and physically
heterogeneous mixture. Road traffic emissions, brake and tyre wear, carbonaceous combustion
products, marine sea salt, crustal material, and secondary inorganic aerosols each exhibit distinct
spatial footprints and contrasting seasonal dynamics. Source apportionment studies in Campania have
documented the dominance of road traffic within the Naples urban core, while port and maritime
emission signatures are more prominent at coastal stations [6,7,18]. Emission factor campaigns in
Naples have further shown that even the inorganic ion fraction of PM—nitrate, sulphate, ammonium—
retains spatial imprints linked to traffic intensity at the road-segment scale [6]. Collectively, these
findings motivate the adoption of a modelling architecture capable of resolving multi-source spatial
heterogeneity: this is precisely the role that can be effectively addressed by a LURF ensemble. Among
the episodic sources that can dominate daily PM;g in the Mediterranean basin, long-range transport of
Saharan mineral dust is particularly relevant: it can elevate ground-level concentrations by several
tens of ug m~3 within hours, affecting regulatory exceedance statistics and masking the local emission
signal that the LURF is designed to resolve [19,20]. Explicitly flagging dust-affected days via the binary
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indicator IdDust allows the Random Forest to learn separate concentration—predictor relationships for
dusty and non-dusty regimes, thereby reducing systematic underestimation on episodic high-PMjg
days.

The LURF framework adopted here can be viewed as the spatial counterpart of multi-layer
perceptron (MLP) networks previously applied to air-quality time series in Campania [21]. Rather
than relying on temporal windows of past concentrations, it exploits the multivariate spatial structure
embedded in land-use, road-network, meteorological, satellite, and CTM-derived predictors. The
inclusion of meteorological data enriches the predictor space with information on boundary-layer
dynamics, advection regimes, and moisture profiles that influence PM; dilution and transport across
time scales ranging from hours to seasons [17,22].

The novelty of this study lies in the explicit integration of high-resolution CTM output, satellite-
derived aerosol indicators, and ERA5 reanalysis within a unified Random Forest framework, combined
with a spatially explicit validation strategy and the derivation of probabilistic exposure metrics at
regional scale. This hybrid use of CTM output is conceptually aligned with earlier European efforts
that integrated CTM and satellite information into land-use models for large-scale PM and NO,
mapping [12,13], as well as with the growing body of work combining meteorological data, satellite
AOD, and machine learning for exposure estimation [22,23].

The paper is organised as follows. Section 2 describes the study area, monitoring data, and
spatial predictor datasets, including the CTM configuration. Section 3 details the LURF architecture,
predictor extraction, and cross-validation scheme. Results are presented in Section 4, which covers
model performance, predictor importance, regional PM; patterns, and comparison with CHIMERE.
Section 5 discusses the findings in the context of the LUR/LUREF literature, highlights innovative
aspects of the LURF-CHIMERE framework, and explores implications for exposure and health-impact
assessment, as well as limitations and future perspectives. Conclusions are summarised in Section 6.

2. Study Area and Data
2.1. Study Domain

The Campania Region (see Figure 1) lies along the eastern flank of the Tyrrhenian Sea in southern
Italy and covers approximately 13600 km? between the Apennine mountain chain to the north-
east and the Gulf of Naples to the south-west. Its complex orography gives rise to a distinctive
interplay between sea-breeze circulation and orographic channelling that strongly influences the
accumulation and dispersion of primary and secondary aerosols [24]. The Naples metropolitan area—
home to roughly 3.1 million inhabitants and among the most densely urbanised territories in southern
Europe—constitutes the dominant PM source region within this domain. Surrounding municipalities
contribute additional industrial, agricultural, and maritime emissions, making Campania an ideal,
albeit demanding, test bed for spatially continuous PM exposure modelling.
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Figure 1. Map of European countries and Italian regions, with the Campania region outlined in bold black and
highlighted in the upper-right inset.

2.2. Air Quality Monitoring Data

Observed daily mean PM;, concentrations were retrieved from the ARPA Campania regulatory
monitoring network (see Figure 2) for the year 2022 [25]. The network comprises 42 stations spanning
urban, suburban, traffic, industrial, and rural-background typologies, classified in accordance with
the European Air Quality Directive (2008/50/EC); however, only 13 provided quality-controlled
PM; records and were retained in this study. The remaining 29 stations either do not measure PM;g
(monitoring NO,, O3, or PM;, 5 only) or failed the quality-control threshold of at least 75% valid
daily observations over the 2022 reference period [4], which is the minimum data-capture requirement
prescribed by the EU Air Quality Directive for annual statistics. The 13 retained stations include 8 traffic,
3 industrial area, and 2 background site, providing a reasonable typological spread for training the
LURF model across the range of exposure environments present in Campania. It is important to note
that the limited number of monitoring stations (n = 13) may constrain the statistical representativeness
of the training dataset, particularly in capturing the full range of spatial heterogeneity across rural
and coastal environments. This limitation is partially mitigated by the inclusion of physically-based
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predictors (e.g., CTM output and meteorological fields), which provide additional spatial structure
beyond the monitoring network.

Legend
ARTIFICIAL SURFACES
AGRICULTURAL AREAS

FOREST AND SEMI-NATURAL AREAS
WETLANDS

WATER BODIES

ARPA Campania stations

Figure 2. Locations of ARPA Campania monitoring stations (black dots), overlaid on the CORINE CLC map (level
1). The stations are unevenly distributed, with most concentrated in urban areas.

2.3. Spatial Predictors and ERA5 Reanalysis

Several categories of spatial predictors were assembled for each monitoring station within circular
buffer radii of 20, 50, 100, 500, and 1000 m. Land-cover information was drawn from the Corine Land
Cover 2018 layer (CLC 2018) [26], with individual classes grouped into three broad categories: urban
fabric, agriculture and natural vegetation, and water bodies. Built-up density and imperviousness
fraction were extracted from the Copernicus High Resolution Layers (HRL) at 10 m resolution [26].
Resident population counts were obtained from the Italian National Institute of Statistics (ISTAT) and
disaggregated by census area. Road length and density by class were derived from the OpenStreetMap
network (downloaded January 2026); primary, secondary, and motorway classes were retained sepa-
rately to reflect their contrasting emission profiles [6]. Distance to the nearest motorway centreline was
also included as a geometric predictor.

Meteorological predictors—2 m air temperature (T2,,), dew-point temperature (Ty,), surface
pressure (ps), 10 m zonal (u19) and meridional (v19) wind components, and planetary boundary-
layer height (PBLH)—were derived from ERAS5 global reanalysis at 0.25° x0.25° horizontal resolution
(approximately 28 km over the Mediterranean).
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2.4. Satellite Aerosol Optical Depth

Columnar AOD at 550 nm was retrieved from the Collection 6.1 MCD19A2 product (MAIAC
Land Aerosol Optical Depth). Daily AOD values were quality-screened to retain only high-confidence
retrievals and subsequently spatially averaged over a 0.1°x0.1° grid centred on each monitoring
station. Daily mean AOD, combining morning Terra and afternoon Aqua overpasses, was then
computed for each station and used as a predictor variable. The dual-instrument configuration
partially reduces diurnal sampling bias and provides a more representative estimate of daily aerosol
loading, particularly over the frequently cloud-covered Campania coastline.

In addition to raw AOD, a derived variable was constructed by scaling AOD with the planetary
boundary-layer height (PBLH) obtained from ERAS5, hereafter referred to as “AOD/pbl’. This variable
provides a proxy for near-surface aerosol concentration by accounting for vertical dilution processes
within the boundary layer. While AOD represents the total columnar aerosol load, its relationship
with surface PM;y depends strongly on the mixing depth of the atmosphere. For a given columnar
aerosol burden, a deeper boundary layer implies greater vertical dispersion and thus lower surface
concentrations, whereas shallow boundary-layer conditions favour pollutant accumulation near the
ground. By normalising AOD with PBLH, the AOD/pbl indicator effectively incorporates this vertical
mixing effect, enhancing the physical interpretability of satellite-derived aerosol information and
improving its relevance as a predictor of ground-level PM;q variability. Similar approaches have been
widely adopted in the literature to improve the linkage between columnar aerosol properties and
ground-level concentrations, particularly under varying atmospheric stability conditions [27-30].

2.5. CHIMERE Chemical-Transport Model Output

Gridded PMyj concentration fields were extracted from a CHIMERE [31,32] CTM simulation
configured with a three-domain nested architecture and run for the full year 2022. The European
parent domain was discretised at 25 km horizontal resolution, encompassing the entire continent,
while nested Italian and Campania domains were run at 5 km and 1 km resolution, respectively. The
innermost domain covered the entire Campania region using a 390 x 382 grid-cell configuration, fully
encompassing the ARPA Campania monitoring network. All domains shared 14 terrain-following
vertical layers, starting at 20 m above ground level, with layer thickness increasing with altitude.
Meteorological inputs were provided by the Weather Research and Forecasting (WRF) model, driven
by NCEP initial and boundary conditions at 0.25° x0.25° resolution [33]. Anthropogenic and natural
emissions for the European domain were derived from the CAMS-REG-ANT-v8.1 inventory [34], while
emissions for the Italian and Campania nests were refined using high-resolution spatial proxies.

A multi-step downscaling procedure was implemented to redistribute emissions onto the target
model grid. The downscaling procedure comprised two main stages: (i) sectoral mapping and (ii) spa-
tial allocation. Emissions reported according to the NFR (Nomenclature For Reporting) classification
were mapped onto SNAP (Selected Nomenclature for Air Pollution) sectors to enable sector-specific
temporal and chemical profiles. Where a one-to-many correspondence existed between NFR and
SNAP categories, emissions were split using activity-based weighting factors derived from auxil-
iary datasets (for example fuel consumption, industrial statistics, or emission factor ratios). Spatial
disaggregation was then performed using high-resolution proxy datasets. Population density maps
were used for residential combustion (SNAP 2), road-network density for traffic emissions (SNAP 7),
land-use data for agricultural sources (SNAP 10), and industrial registries or point-source databases
for large combustion and industrial sectors (SNAP 3 and SNAP 4). Emissions were allocated to each
grid cell according to

p;

E; = Etot ijj, (1)
where E; is the emission assigned to grid cell 7, E;o; is the total emission for a given sector and pollutant,
and P; is the value of the proxy field in cell i. The resulting emissions were formatted into NetCDF
files compatible with the CHIMERE emission pre-processor (EMISURF).
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The full modelling chain was run on a distributed HPC infrastructure using in-house tools [35-37].

2.6. Identification of Saharan Dust Days

Mineral dust transported from the Saharan Desert constitutes a recurrent and scientifically well-
documented episodic perturbation to PM; levels across the Mediterranean basin [19]. To represent
this source explicitly in the LURF framework, a binary categorical variable IdDust was constructed for
each day (s).

A day is labelled IdDust =1 (dust-affected) only when all three of the following criteria are
satisfied simultaneously:

PMjp — PM;5

account for more than half of the total suspended aerosol mass. This threshold is consistent

1.  Coarse-fraction dominance: > 0.5, indicating that super-micron crustal particles

with the aerosol-type discrimination approach developed for the Mediterranean by Barnaba and
Gobbi [38], who showed that Saharan dust events are characterised by a marked shift towards
coarse-mode aerosol relative to background continental or maritime conditions.

2. Elevated AOD: daily mean AOD at 550 nm > 0.3, derived from the MODIS Terra/Aqua MAIAC
product described in Section 2.4. An AOD of 0.3 represents a conservative upper bound for the
background Mediterranean aerosol climatology and has been widely used as an indicator of
enhanced aerosol loading during dust intrusion episodes [38].

3. PMjg exceedance: observed daily mean PMj at station s exceeds the station-specific annual 75th
percentile Q75(PMy, s), ensuring that the flag is restricted to genuine concentration peaks rather
than moderate aerosol-loading situations in which crustal background is non-negligible but not
dominant.

Days satisfying the three criteria were further cross-checked against the operational ground-level
dust surface concentration maps produced by the WMO Barcelona Dust Regional Center (BDRC; http:
//dust.aemet.es), operated jointly by the Agencia Estatal de Meteorologia (AEMET) and the Barcelona
Supercomputing Center (BSC) under WMO designation [20]. The BDRC provides daily dust forecasts
and analysis maps at 0.5° x 0.5° resolution for the North African, Mediterranean, and European
domain; agreement between the derived IdDust flag and the BDRC dust surface concentration fields
(daily maximum > 50 g m~3 over Campania) was required to confirm each candidate dust episode.

PM, 5 data used in criterion (1) were available from a subset of the ARPA Campania network
for the year 2022. At stations without co-located PM, 5 measurements, the coarse-fraction criterion
was evaluated using the network-median PM, 5 /PM; ratio from stations where both species were
measured on the same day, providing a conservative estimate of the coarse fraction. For stations
and days where this imputation could not be applied with sufficient confidence (fewer than five
co-measured station pairs on a given day), the IdDust flag was set to missing and that record was
excluded from training.

3. Methods
3.1. Land-Use Random Forest Framework

The LURF model follows the framework validated for long-term NO, mapping in Naples [17]
and is adapted here for regional daily PM;q prediction. The modelling unit is the station—-day pair
(s,t), where s indexes the monitoring location and ¢ the calendar day: each training record comprises a
predictor vector x; ;/—including daily-resolved ERA5 meteorological fields, CHIMERE PM;,, MODIS
AOD when available, the binary categorical variable IdDust, and time-invariant land-use and road-
network descriptors—and the corresponding observed daily mean PM;j, concentration ys;. The
resulting IdDust indicator was encoded as an integer binary variable (0 = non-dusty, 1 = dusty) and
appended to the predictor vector xg ;.
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3.2. Predictor Selection and Hyperparameter Optimisation

Model generalisability was assessed using a spatially structured cross-validation design defined
at the station level and applied to the station-day dataset; thus, when station (s) was assigned to the
test fold, all associated daily observations (s, t) were excluded from model fitting and used exclusively
for validation, following a leave-location-out cross-validation (LLO-CV) scheme [39,40]. This approach
is consistent with recent recommendations for spatially structured validation in machine-learning
models applied to environmental data [41,42].

Hyperparameters were optimised within a nested cross-validation framework. For each outer
training set, an inner station-based cross-validation was used to perform a grid search over the
hyperparameters, namely the number of predictor variables randomly sampled at each split (mtry),
the minimum number of observations in terminal nodes (min.node.size), and the number of trees in the
ensemble (num.trees). The final model was then refitted on the full outer training set and evaluated on
the corresponding held-out stations. Overall performance was quantified by aggregating predictions
across all outer folds. The grid search was conducted over the following sets: mtry = {2,5,10},
min.node.size = {3,5,10} and num.trees = {500,800, 1000}. Candidate configurations were ranked
using the root-mean-square error (RMSE), and the optimal set was selected by minimising RMSE. The
most frequently selected hyperparameters across outer folds were mtry = 5, min.node.size = 3 and
num.trees = 500.

3.3. Spatial Prediction and Uncertainty Mapping

Following hyperparameter selection, the model was refitted on the complete calibration dataset
and applied to a 1000 m prediction grid covering Campania. For each grid cell g and day ¢, the mean
prediction across the decision trees provides the daily PM; estimate fj, ;. Annual statistics are then
computed as temporal aggregates of daily predictions at each grid cell. In particular, the annual mean
PM; concentration at grid cell g is defined as:

T
Yannual _ l Z o
§ T t=1 Is!

where T is the number of valid prediction days. Additional annual indicators (e.g., percentiles or
exceedance counts) are derived consistently from the daily prediction time series {f¢:}1_;.

The exceedance probability at each grid cell g is defined as the fraction of the B = 500 individual
tree predictions whose temporally aggregated annual mean exceeds a regulatory threshold t:

p exc _ 1 & 1 & (D)
P =g XU 7 LI > 7| @)
thl Tt*l

(0)
gt
This formulation is applied to two regulatory thresholds: 19 = 40 ugm™3, corresponding to the

where 7, is the daily PMjg estimate of tree b at grid cell g on day ¢, and 1[-] is the indicator function.
current EU annual limit value under Directive 2008/50/EC, and 159 = 20 ug m3, corresponding to
the stricter limit value introduced by Directive (EU) 2024/2881 to be attained by 1 January 2030 [43].
This formulation propagates ensemble dispersion directly from the daily prediction scale to the annual
regulatory indicator, without assuming a parametric distribution for the tree-level predictions. It is,
in this sense, a non-parametric analogue of probabilistic forecasting based on ensemble spread [44].
It should be noted, however, that daily predictions from the same tree share ERA5 and CHIMERE
inputs across consecutive days, so the inter-tree spread on the annual mean primarily reflects structural
uncertainty arising from the ensemble composition (bootstrap resampling, random feature selection)
rather than the sampling uncertainty associated with temporal variability. The resulting exceedance
probabilities should therefore be interpreted as a relative measure of prediction confidence across grid
cells, rather than as frequentist exceedance probabilities in a strict climatological sense.
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4. Results
4.1. Cross-Validation Performance and Error Structure

The predictive performance of the models was evaluated against observed PM;y concentrations
(from ARPA Campania daily mean in 2022) using standard error metrics and a decomposition of the
mean squared error (MSE) into systematic and random components. The coefficient of determination
(R?) was computed in a predictive framework, comparing model outputs against observations.

The CTM output exhibits poor agreement with observations, with R> = —1.11, RMSE =
23.6 ug m—3, and MAE = 19.1 ug m 3 (see Figure 3). Here R? is computed as the predictive co-
efficient of determination, RZ = 1 — SSyes/SSiot, Where SSy is the total variance of the observations
about their mean; a negative value indicates that the model performs worse than a simple mean-based
predictor. Decomposition of the MSE reveals that a substantial fraction of the error is systematic, as
evidenced by the shallow slope of the regression line and the strong underestimation of high PMjg
concentrations. This indicates that the CTM fails to reproduce both the magnitude and variability of
observed concentrations, likely due to unresolved local emission sources and the spatial smoothing
inherent to kilometre-scale grid discretisation.

In contrast, the LURF model shows a marked improvement, with R? = 0.54, RMSE = 11.0 Ug m3,
and MAE = 8.0 ug m~3. The regression slope is closer to unity, indicating a substantial reduction
in systematic bias. Although the predictive performance (R*> = 0.54) represents a substantial im-
provement over the CTM baseline, it also indicates that a significant fraction of variance remains
unexplained, likely due to unresolved local emission sources, measurement representativeness errors,
and the intrinsic stochasticity of particulate matter dynamics. The MSE decomposition suggests that
the remaining error is predominantly random, reflecting residual variability not captured by the
predictor set. Some dispersion persists, particularly at higher concentration levels, indicating that
extreme events remain only partially resolved.

A systematic inspection of the scatter plot (Figure 3, right panel) reveals a noteworthy clustering
of observations on IdDust days (red-filled circles, defined in Section 2.6) in the upper-right region of
the diagram, corresponding to observed PMj values well above 50 g m~3. On these days, LURF
predictions tend to fall below the 1:1 line, indicating systematic underestimation that is larger in
magnitude than the residuals observed for non-dusty days at comparable concentration levels. This
bias is physically interpretable: during Saharan dust intrusions, the dominant PM; source is long-
range transported crustal aerosol, a source regime that is morphologically and chemically distinct from
the traffic, biomass-combustion, and secondary aerosol signals that govern the non-dusty training
population. The inclusion of the binary IdDust flag in the predictor vector x,; partially mitigates
this effect by enabling the Random Forest to route tree splits into a dust-specific sub-space, reducing
the systematic underestimation relative to a model trained without any dust-episode identifier; the
residual bias visible in Figure 3 on IdDust days therefore represents the irreducible component that
cannot be recovered from the available predictor set—a finding that motivates the future replacement
of the binary flag with a continuous dust surface concentration field (Section 5).

No marked over-prediction at the most polluted sites is evident, a differential bias frequently
observed in linear LUR applications but largely suppressed in tree-based ensembles [13,45]. These
performance figures are comparable to those reported in recent machine-learning-based PM mapping
studies integrating satellite, meteorological, and land-use predictors at regional and continental
scales [14-16,46], while being more conservative than values obtained from naive cross-validation
approaches that ignore spatial autocorrelation [39,40].
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Figure 3. Observed versus predicted daily mean PM;y concentrations at ARPA Campania monitoring stations.
The left panel shows the comparison with raw CHIMERE output (R> = —1.11, RMSE = 23.6 ugm~3, MAE
= 19.1 ugm~3), whereas the right panel reports the LLO-CV results for the LURF model (R> = 0.54, RMSE
=110 ugm~3, MAE = 8.0 ugm~3). The dashed line denotes the 1:1 relationship, and the solid line indicates the
least-squares regression fit. Observations on dust days (IdDust = 1) are plotted as red-filled circles.

Residual diagnostics (Figure 4) reveal a near-Gaussian error distribution that is centred on quasi
zero bias = 0.61 ugm~3, indicating the practical absence of systematic model bias. The distribution
is, however, negatively skewed (skewness = —1.29), and a Shapiro-Wilk test formally rejects strict
normality (p < 0.001). This departure from Gaussian behaviour is driven by a tail of large negative
residuals at the highest observed concentrations (above ~80 pugm—3), suggesting a tendency to
underestimate some extreme PM;( episodes, possibly linked to the limited number of training samples
at such concentrations or to episodic transport events that are not fully captured by the daily mean
CTM predictor. Inspection of the scatter diagram (Figure 3, right panel) reveals that a disproportionate
fraction of the largest negative residuals corresponds to observations on IdDust days (red-filled circles),
confirming that Saharan dust transport episodes are the primary driver of upper-tail underestimation.
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Figure 4. Residual diagnostics for LURF-predicted daily mean PM;y at ARPA Campania monitoring sites
(skewness = —1.29, Shapiro-Wilk p — value < 0.001). The dashed line represents the Gaussian fit to residuals. The
histogram indicates an error distribution centred on zero with a slight negative skew driven by underestimation
at the highest concentrations.

Heteroscedasticity is present in a mild form (see Figure 5). In particular, the spread of residuals
becomes moderately wider and somewhat more asymmetric in the upper range of predictions, with a
limited number of outliers. This pattern suggests that model uncertainty is not constant across the
prediction domain and tends to increase with PM; levels. Such behaviour is consistent with the
intrinsic variability of particulate matter, where higher concentrations are often associated with episodic
events and local emission heterogeneity that are more difficult to capture with statistical models. The
observed heteroscedasticity indicates that model errors are dominated by random variability at low
concentrations, whereas both random and systematic components contribute at higher concentrations,
leading to reduced predictive reliability in the upper tail of the distribution.

Taken together, these diagnostics indicate that the predictor set captures the dominant emission
patterns and meteorological modulation within Campania and that remaining errors are compatible
with typical regulatory PM;y measurement uncertainty and the representativeness error of fixed-site
monitors in complex urban environments [3,8].

While the comparison against raw CTM output highlights the added value of the LURF frame-
work, future work should also consider intermediate benchmarks (e.g., linear LUR or reduced-predictor
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models) to more explicitly quantify the contribution of each predictor group and to disentangle the
respective roles of statistical learning and physical modelling.

40
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Figure 5. Residuals (observed minus predicted daily mean PMy, ig m~3) plotted against LURF-predicted values
(ugm~3) at ARPA Campania monitoring sites. The dashed horizontal line marks zero residual. Increasing spread
at higher predicted concentrations reflects mild heteroscedasticity in the LURF error structure. Forecasts on dust
days are plotted as red-filled circles.

4.2. Predictor Importance and Role of CHIMERE and ERA5

Figure 6 reports the relative importance of the main predictors entering the LURF model.
CHIMERE PM;j fields, summarised at the monitoring locations, emerge as the single most influ-
ential predictor, accounting for ~15.9 £ 1.4% of total relative importance. ERA5 mean sea-level
pressure (mslp), 2m air temperature (t2m), 10 m wind speed components (u10 and v10), 2 m dew-point
temperature (d2m), and planetary boundary-layer height (pbl) together contribute a further ~40%,
indicating that large-scale and boundary-layer meteorological conditions exert a strong control on the
spatial variability of daily mean PMjg across the region. The AOD/pbl indicator (13.5 & 1.7%) ranks
as the second most influential predictor, confirming that satellite aerosol products—once adjusted
for vertical mixing—effectively capture background aerosol loading over both coastal and inland
areas. In contrast, purely demographic or static land-use descriptors such as resident population show
comparatively low importance, suggesting that within the range of conditions sampled by the ARPA
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network, PM;, gradients are driven more by atmospheric dispersion and regional background than by
population density alone.

However, it is important to note that the prominent role of CHIMERE as a predictor should be
interpreted with caution, as it reflects both its physical relevance in representing regional background
concentrations and its statistical correlation with observed PMj,. In this sense, the LURF model
operates as a data-driven bias-correction and downscaling tool rather than an entirely independent
predictive framework.

The binary categorical indicator IdDust (Section 2.6) appears among the secondary predictors
in Figure 6, with a mean relative importance of approximately 3-5% (the precise value varies across
outer folds due to the limited number of dust-affected days in the 2022 dataset). Despite this modest
overall weight, its inclusion produces a disproportionate improvement in the representation of the
upper tail of the concentration distribution: on IdDust = 1 days, the LURF is able to route tree splits
towards a coarser-aerosol, dust-driven regime, reducing the negative residuals that would otherwise
arise from attempting to explain Saharan dust peaks with meteorological and traffic-based predictors
alone. This behaviour is consistent with the known tendency of tree-based regressors to exploit
categorical regime indicators for distributional partitioning [47], and aligns with the residual analysis
of Section 4.1, where the largest negative residuals are concentrated precisely at the highest observed
PM;j concentrations—events that predominantly correspond to dust episodes.

CHIMERE - H—15.9+1.4
AOD/pbl A ——13.1+1.6
mslp - HH13.1+0.9
t2m - H—9.9+1.3
pbl - HH 8.3+0.6

vio4 = HH7a1x10
d2m-  HH6.3x05
Roads500mAll {  HH4.9x13
ulo4  HH4.5x07
IdDust {  HH4.1%0.7
.

0 5 10 15 20
Relative Importance (%)

Figure 6. Relative importance of the top 10 predictors in the LURF model. Bars represent the mean relative
importance (%) across outer-fold resampling, while error bars indicate the corresponding standard deviation,
reflecting variability due to data partitioning. Importance is computed as the decrease in predictive performance
(RMSE-based) when each predictor is randomly permuted. The AOD/pbl indicator is derived by scaling MODIS
AOD with ERA5 boundary-layer height, accounting for vertical mixing effects.

4.3. Regional PMyq Patterns at 1000 m Resolution

The annual maps presented in this section are derived by temporal aggregation of daily LURF
predictions, as described in Section 3.3, rather than being directly predicted as annual quantities.
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4.3.1. LURF Annual Mean Map

The LURF-predicted annual mean PM; (Figure 7) field reveals a pronounced urban-rural gradient
over the Campania region. Peak concentrations—approaching or locally exceeding the EU annual
limit value of 40 yig/m>—are confined to the Naples metropolitan core, main motorway corridors, and
selected periurban industrial zones in the northern Campania plain. By contrast, elevated Apennine
terrain, forested inland areas, and the southwestern coast remains around 30 pug/m®. The spatial
pattern is coherent with source-apportionment evidence for the Campania domain, which attributes
high PM;( burden in the urban core primarily to road traffic, brake and tyre wear, and secondary
inorganic aerosol [6,7,18]. Elevated concentrations also delineate the Port of Naples and the adjacent
coastal infrastructure, where maritime emissions superimpose on road-traffic signals in an area with
sparse monitoring coverage.

45.0

42.5

r37.5

F35.0

PM10 (ug/m?)

Figure 7. Spatial distribution of LURF-predicted annual mean PM; concentrations across the Campania Region
at 1 km resolution. Main roads are overlaid as thin lines.

4.3.2. CTM Annual Mean Map

The corresponding CHIMERE annual mean field (Figure 8) exhibits markedly different characteris-
tics. Predicted concentrations span approximately 0-20 ug/m? across the domain, falling substantially
below observed annual means at traffic and urban stations. The map shows a broad, spatially smooth
hotspot centred on the Naples conurbation and its northern plain, reflecting the 1 km grid discretisation
of the innermost CTM domain; however, sub-kilometre gradients along individual motorway corridors
and port access roads are absent. Furthermore, concentrations in rural and mountainous areas are
systematically overestimated relative to the LUREF field, a pattern consistent with the tendency of
Eulerian transport models to spread emission plumes over coarser grid cells and to underrepresent the
steep near-road enhancements resolved by the LURF [3,37].
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Figure 8. Spatial distribution of CTM-predicted annual mean PM;( concentrations across the Campania Region at
1 km resolution. Main roads are overlaid as thin lines.

4.3.3. Exceedance Probability Maps

Figure 9 shows the exceedance probability Pgexc(r) (equation 2) evaluated at two regulatory
thresholds: T = 20 ugm~2 (left panel), corresponding to the 2030 annual limit value under Direc-
tive (EU) 2024/2881 [43], and 149 = 40 ug m3 (right panel), corresponding to the current limit under
Directive 2008/50/EC.

For the current 74 threshold, probabilities above 0.5 are confined to a compact zone encompassing
the Naples metropolitan core (Municipality of Naples, northern plain cluster, and the western arc of
the Campi Flegrei district) and isolated hotspots along motorways, with the majority of the Campania
domain remaining below 0.2, consistent with annual means in the 25-35 yig m 2 range.

For the stricter 2030 threshold Ty, the spatial extent of high-probability cells expands markedly:
probabilities above 0.5 cover not only the dense urban core but also a substantial fraction of the

peri-urban plain extending northwards, reflecting predicted annual means well above 20 ygm—3

over
much of the metropolitan area. This result underscores the challenge that the Campania region—and
southern Italian urban areas more broadly—will face in achieving compliance with the forthcoming

2030 standard, a finding consistent with the gap documented by national-scale modelling studies [22].
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Figure 9. Ensemble-based exceedance probability pgexc (7) (equation 2) for the LURF-predicted annual mean PM;
over the Campania Region at 1000 m resolution. Left: probability of exceeding the 2030 EU annual limit value
of 20 ugm~3 (Directive (EU) 2024/2881). Right: probability of exceeding the current EU annual limit value of
40 ug m~3 (Directive 2008 /50/EC). Main roads are overlaid as thin lines.

The inter-tree standard deviation of the LURF ensemble (Figure 10) provides a spatially resolved
measure of prediction uncertainty. Uncertainty is relatively low in the well-monitored urban core and
along the main motorway axes, and increases towards sparsely monitored mountainous and coastal
areas, mirroring patterns reported in European-scale LURF and hybrid LUR/CTM studies [13,45].
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0

Figure 10. Standard deviation of LURF-predicted annual mean PM;jg (across 500 decision trees) at 1000 m
resolution. Higher values indicate larger ensemble spread and, therefore, greater predictive uncertainty.
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5. Discussion
5.1. Positioning and Innovative Aspects of the LURF-CHIMERE Framework

The Campania LURF model extends the growing family of land-use-based machine-learning
frameworks for air-quality exposure assessment. Compared with classical LUR studies developed
within the ESCAPE project and subsequent multi-city efforts [8,9,48], the present work features four
main distinguishing elements: (i) a Random Forest algorithm designed to handle high-dimensional,
collinear predictor spaces; (ii) the embedding of CTM-derived PM; fields as a covariate, thereby
fusing deterministic and statistical information; (iii) the explicit classification of Saharan dust transport
days via the binary indicator IdDust, constructed using the PM;o/PM; 5 coarse-fraction criterion and
MODIS AOD thresholds and validated against WMO Barcelona Dust Regional Center operational
products [20]; and (iv) the application to a regional domain characterised by complex coastal and
orographic meteorology and a heterogeneous mix of urban, industrial, and rural environments. Similar
hybrid frameworks combining land-use regression, satellite observations, and chemical transport
modelling have been successfully applied across North America, Europe, and Asia [14,22,49-51],
reinforcing the general applicability of the approach adopted here.

Recent reviews emphasise that machine-learning extensions of LUR tend to outperform linear LUR
in terms of predictive skill, particularly where monitoring is sparse and spatial structure is complex [22,
45]. The performance metrics reported in Section 4.1 are comparable to those of other European
applications combining ERAS reanalysis, satellite retrievals, and ground-based measurements, but
the present framework differs in the explicit integration of a regional CTM field at 1 km resolution.
This positions the study close to the “hybrid” LUR/CTM /satellite models developed for NO, and
PMj, 5 at continental scales [12,13], while pushing spatial resolution down to 1000 m over a single,
meteorologically complex region.

Several aspects of this study extend the current state of the art more specifically. A first dis-
tinguishing element is the hybrid use of a nested CTM as a predictor at regional scale: rather than
relying on a generic continental CTM output, the present work integrates CHIMERE simulations
from a dedicated three-domain nested configuration (25, 5, and 1 km) specifically tuned for Italy and
Campania. The nested CHIMERE field provides a physically based background PM; distribution that
LUREF refines to 1000 m resolution, effectively implementing a CTM-informed statistical downscaling
strategy. This hybrid architecture separates the problem into two complementary tasks: the CTM
encodes regional-scale emission budgets and long-range transport dynamics, while the Random Forest
learns the local transfer function that maps coarse grid-cell concentrations onto the fine-scale emission
heterogeneity captured by road-network, land-use, and boundary-layer predictors—a decomposition
analogous to the “physical prior + statistical correction” paradigm advocated by de Hoogh et al.
[13] and Fania et al. [22]. Closely related to this is the joint exploitation of ERA5, MODIS AOD, and
CTM output within a single predictor space: the combination of ERA5 meteorological diagnostics,
satellite-based AOD from the Terra and Aqua platforms, and CHIMERE concentration fields provides
a rich, multi-source description of atmospheric processes across scales, fused with land-use and traffic
indicators. This degree of integration of reanalysis, satellite, and CTM information within a tree-based
LURF framework has so far received limited attention in the PMy literature.

A further methodological contribution is the generation of probabilistic exceedance maps (Figure 9,
defined formally in equation 2), an output layer absent in most comparable studies. By propagating
ensemble uncertainty through to two regulatory indicators—the current EU limit of 40 ug m~3 and the
forthcoming 2030 limit of 20 ug m~3 under Directive (EU) 2024/2881 [43]—the framework provides
regulators and epidemiologists with spatially resolved risk products rather than point estimates, con-
ceptually analogous to probabilistic weather forecasting [44] and constituting a significant step towards
uncertainty-aware air-quality assessment. Finally, the physical plausibility of the entire framework
is underpinned by the rich body of local process knowledge available for the Campania domain,
which has been the subject of detailed emission-factor, source-apportionment, and meteorological
studies [6,7,18,24]. Embedding these insights into predictor design and interpretation illustrates how

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1265.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 April 2026 d0i:10.20944/preprints202604.1265.v1

18 of 23

domain-specific, process-based understanding can guide and constrain the use of machine learning in
air-quality modelling.

5.2. Implications for Exposure and Health-Impact Assessment

The exceedance-probability map (Figure 9) shows that the probability values above 0.5 are
spatially colocalised with the highest population density in the Naples metropolitan area, implying
that health-burden estimates based on raw CTM output would systematically underestimate the
fraction of the population exposed to concentrations above the EU limit value. This has direct
implications for health-burden and environmental-justice assessments, in line with recent work on
high-resolution urban air-pollution mapping and its use in environmental-justice analyses [5,52]. The
spatially resolved uncertainty estimates provided by the LURF ensemble further enable propagation of
exposure uncertainty through to health-impact calculations, an aspect often treated only qualitatively
in deterministic CTM studies [3,53].

5.3. Limitations, Critical Assessment, and Future Perspectives

Despite its strengths, the present framework has several limitations that merit explicit discussion.
The first concerns network sparsity and spatial representativeness. The model is trained on 13
regulatory stations, the majority of which are located in or near the Naples metropolitan area; this
uneven spatial coverage introduces a structural asymmetry whereby the LURF performs well in the
well-observed urban domain but relies on extrapolation elsewhere. As correctly reflected by the
ensemble uncertainty maps (Figure 10), predictive confidence decreases markedly over Apennine
terrain and along the southern coastal fringe. The exceedance-probability map (Figure 9) should
therefore be interpreted with caution in areas of high ensemble uncertainty, where low exceedance
probabilities may partly reflect insufficient training signal rather than genuinely clean air conditions. A
more balanced station network—including rural background, coastal, and high-altitude sites—would
be essential to consolidate the representativeness of regional exposure estimates.

A second limitation concerns temporal scope. The present study is based on a single calendar
year (2022) and produces annual-mean output only. While this is appropriate for regulatory compli-
ance purposes, it precludes the characterisation of intra-annual variability that is ecologically and
epidemiologically relevant. The Campania region is subject to marked seasonal contrasts: summer
sea-breeze circulation promotes recirculation of polluted air masses in the Naples bay, while autumn
and winter cold-pool episodes lead to intense stagnation and biomass-combustion episodes [18,24].
A single annual-mean map, whether LURF-based (Figure 7) or CTM-based (Figure 8), compresses
this temporal complexity into a single spatial field, potentially masking seasonal exposure peaks of
public-health relevance. Extending the framework to monthly or seasonal maps by incorporating
time-stratified ERA5 and CHIMERE predictors is therefore an important next step.

A third, methodologically more subtle, limitation concerns the dual role of CHIMERE in this
study: it enters the LURF both as a predictor variable and as the deterministic benchmark against
which LURF performance is assessed. This design is intentional—the LURF is explicitly conceived as a
statistical post-processor that learns to correct and downscale CTM output using local observational
and geospatial information, in a manner conceptually analogous to model output statistics (MOS)
approaches widely used in numerical weather prediction [44,54]. As a consequence, the performance
gain of LURF over raw CHIMERE should be interpreted as the added value of data-driven downscaling
and bias correction (Figure 7 versus Figure 8), rather than as evidence that the statistical model
can operate independently of the CTM. Critically, this design also implies that systematic biases
in CHIMERE—for instance, an underestimation of secondary inorganic aerosol formation during
stagnation episodes or an inaccurate representation of maritime emission plumes in coastal grid
cells—will propagate into the LURF predictions to a degree that depends on how consistently those
biases manifest at the monitoring-station locations included in the training set.

A further limitation, specific to the IdDust categorical predictor, concerns the availability and
spatial representativeness of PMj 5 measurements within the ARPA Campania network. Because
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PM, 5 is not measured at all 13 stations retained in this study, the coarse-fraction criterion (PMyg —
PMj;5)/PMjy > 0.5 required to assign IdDust = 1 must be partially imputed from the network median
at the co-measuring stations on the same day (see Section 2.6). This imputation introduces an additional
source of uncertainty for the stations and days where PM, 5 is absent. Moreover, the binary IdDust
classification captures only the most intense dust episodes and does not account for moderate or
partially dust-contaminated days that fall below the combined threshold.

A final limitation concerns the interpretability of the Random Forest. While ensemble tree
methods excel at capturing non-linear associations, they do not provide the same level of parametric
interpretability as classical regression models. Variable-importance metrics (Figure 6) and partial-
dependence plots provide some insight, but causal inference regarding individual predictors must
remain grounded in process-based understanding and complementary modelling approaches [8,45].
In particular, the high importance attributed to CHIMERE (Figure 6) could partly reflect collinearity
between the CTM field and other predictors (ERA5, AOD/pbl) that are derived from the same
meteorological forcing used to drive CHIMERE itself.

6. Conclusions

This study presented a hybrid Land-Use Random Forest (LURF) model for spatially continuous
PM; exposure mapping across the Campania Region at 1000 m resolution, trained on 2022 daily
observations from 13 ARPA Campania regulatory stations and a high-dimensional predictor space
comprising land-use, road-network, ERA5 meteorological, MODIS AOD, and CHIMERE CTM fields.

Under spatially aware leave-location-out cross-validation, the LURF achieves a twofold reduction
in error relative to the raw CHIMERE output (see Section 4.1). Residual diagnostics confirm the
practical absence of systematic bias, while mild heteroscedasticity at the highest concentrations points
to residual difficulties in representing episodic PMjj events. Predictor importance analysis identifies
CHIMERE PMjj as the single most influential covariate (~18% of total importance), followed by
ERADJ pressure and boundary-layer fields (collectively ~40%) and the AOD/pbl satellite composite,
confirming that atmospheric dispersion and regional background dominate PM;( variability over the
region at the daily time scale. The binary categorical variable IdDust ranks among the secondary
predictors and contributes to reducing systematic underestimation on episodic Saharan dust days,
which account for some of the largest negative residuals observed under LLO-CV.

The 1000 m annual mean maps resolve intra-urban gradients along motorway corridors and
in the Naples metropolitan core that remain invisible at typical CTM grid spacings. Population-
weighted exposure exceeds the simple area-averaged CTM estimate, with direct implications for
health-burden and environmental-justice assessments. The probabilistic exceedance maps (Figure 9,
equation 2) further show that, against the current EU limit of 40 ug m 3, probabilities above 0.5 are
confined to the Naples metropolitan core and selected motorway corridors; against the forthcoming
2030 limit of 20 g m~2 under Directive (EU) 2024 /2881 [43], high-probability cells expand across the
entire metropolitan area and peri-urban plain, highlighting the scale of the compliance challenge that
Campania—and comparable southern European urban regions—will face in the coming years.

Overall, the proposed framework demonstrates how the integration of physically-based and
data-driven approaches can enhance exposure assessment in data-sparse regions, while highlighting
the need for careful interpretation of hybrid model outputs and continued investment in monitoring
infrastructure.

Future developments should focus on a continuous dust-loading proxy—for example, the
CHIMERE or CAMS dust surface concentration field—as a supplement or alternative to the binary
flag, allowing the model to represent a continuum of dust influence rather than a hard classification.
The extension of this framework to PM; 5 and the incorporation of time-varying ERA5 and CHIMERE
predictors at monthly resolution will enable seasonal exposure maps. Testing the transferability of the
trained LUREF to other Italian regions, via domain-adaptation strategies, would further consolidate this
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approach as a versatile, low-cost complement to deterministic CTM modelling for regional air-quality
management.
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