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Urban Heat Island (UHI) and Urban Pollution Island (UPI) processes shape urban climate and air quality, yet
their interaction remains insufficiently quantified, particularly in Mediterranean coastal cities. Existing research
often examines these phenomena separately or over short time spans, leaving uncertainties regarding the
meteorological drivers governing the UHI-UPI co-evolution. This study provides a multi-year, observation-based
assessment of the coupled dynamics between Urban Heat Island Intensity (UHII) and Urban Pollution Island
Intensity (UPII) in Rome (Italy), focusing on the atmospheric conditions that modulate their relationship. Air
temperature, humidity, and wind speed, together with major air pollutants (PM;, PM3 5, NO3, NO, and O3), were
analysed using an integrated statistical framework. Lag-correlation analysis revealed that the strongest UHII-UPIL
relationship occurs when nocturnal UHII is shifted backward by one day, reflecting daytime pollutant accu-
mulation and nighttime trapping. Regression results highlighted daily mean air temperature and wind speed as
the primary drivers modulating the UHII-UPII association. Spearman correlations showed negative associations
between UHII and NO (—0.60), PM; (—0.45), NO2 (—0.35), and PM; 5 (—0.34), alongside positive correlations
with O3 (0.54) and NO2/NO (0.42). These correlations intensified during heatwaves and calm wind conditions,
suggesting enhanced interactions under extreme weather and stagnant atmospheric conditions. UHII peaks in
summer, while UPII maximizes in winter for all pollutants except for Os, which exhibits an opposite pattern.
These findings reveal a complex interplay between urban warming and pollutant accumulation, highlighting the
need for integrated urban planning to address joint UHII-UPII challenges under ongoing urbanization and
intensifying severe heat episodes.

concentrations between urban and rural locations.
The canopy-layer UHI arises from land surface modifications,

1. Introduction

Urban Heat Island (UHI) and Urban Pollution Island (UPI) are key
urban climate phenomena that significantly affect local meteorology
and air quality (Chapman et al., 2017). UHI refers to the characteristic
overheating of the urban atmosphere with respect to rural surroundings
(Oke et al., 2017), while UPI describes the elevated concentrations of air
pollutants typically observed in cities compared to the rural surrounding
areas (Crutzen, 2004). To quantitatively describe these phenomena, the
Urban Heat Island Intensity (UHII) measures the air temperature dif-
ference between urban and rural sites, whereas the Urban Pollution Is-
land Intensity (UPII) quantifies the difference in pollutant
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reduced vegetation, and anthropogenic heat emissions (Oke et al.,
2017). UHII negatively affects human health (Heaviside et al., 2017),
thermal comfort (Falasca et al., 2023), and the environment (Ceplova
et al., 2017). Depending on local climate, UHII is typically more pro-
nounced during nighttime, warm periods, and under anticyclonic
weather regimes (Oke et al., 2017). In some extreme cases, nighttime
UHII values may exceed 10 °C (Kikon et al., 2016; Geletic et al., 2019),
with local climatic drivers, such as wind speed and absolute humidity,
playing a critical role (Kousis et al., 2021). Kong et al. (2025) showed
that wind speed significantly modulates UHII in coastal cities,
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highlighting the mitigating effect of sea breeze. Similarly, Morris et al.
(2001) found for Melbourne (Australia) that UHII scales inversely with
approximately the fourth root of both wind speed and cloud cover.
Lokoshchenko and Alekseeva (2023) reported statistically significant
correlations between UHII and both cloud cover and surface air tem-
perature in Moscow (Russia), with a slightly weaker, yet non-negligible,
role of wind speed and relative humidity.

In parallel, the higher concentrations of air pollutants typically
observed in urban areas relative to their rural counterparts result from
the dense clustering of emission sources and the generally less favour-
able atmospheric dispersion conditions that characterize urban envi-
ronments (Crutzen, 2004). Since UPI negatively affects the life quality of
urban dwellers, the revised European Ambient Air Quality Directive (EU
Directive 2024/2881) established the limit concentration of ground-
level atmospheric harmful substances typically present in the urban
area, also including particulate matter (PM;o and PM; s, i.e., particles
with aerodynamic diameter smaller than 10 pm and 2.5 pm, respec-
tively), and gaseous pollutants, such as nitrogen oxides (NO and NO»),
and ozone (O3). Standardized methodologies for UPII evaluation are still
lacking, particularly in areas with sparse monitoring networks or
episodic rural emissions. Furthermore, previous studies typically rely on
single or very few stations or short-term datasets. For example, Li et al.
(2018) analysed UPII in Berlin (Germany) using in-situ aerosol mea-
surements and satellite data during the summers of 2010-2017. Bakaeva
and Le (2022) combined satellite data with ground-level observations to
quantify PMy s-related UPII in Moscow (Russia). Similarly, Hereher et al.
(2022) assessed seasonal UPII patterns from 2018 to 2021 using
nocturnal surface UHII and air pollutant distributions derived from
satellite observations.

Despite a growing interest in the atmospheric drivers and their im-
pacts on UHI and UPI, these complex phenomena are often examined
disjunctively. However, increasing evidence highlights a strong inter-
connection between them, with meteorological conditions and atmo-
spheric dynamics playing key roles in modulating their relationship
(Ulpiani, 2021). In fact, high urban air temperatures can enhance tur-
bulent mixing and deepen the urban boundary layer, thereby facilitating
pollutant dispersion and lowering near-surface concentrations (Battista
and de Lieto Vollaro, 2017). At the same time, the reduction of the
vertical mixing and the concomitant increase of primary pollutants are
side effects of the UHI mitigation techniques (Fallmann et al., 2016).
Conversely, particle accumulation, particularly of PMy s, can intensify
nocturnal UHII by increasing atmospheric longwave radiation trapping
(Li et al., 2018), as also demonstrated by Cao et al. (2016), who found
that this feedback can raise nighttime UHII by up to 0.7 °C in several
Chinese cities. This loop may exacerbate the process, as higher urban
temperatures lead to increased demand for cooling systems, which in
turn leads to an increase in energy consumption and anthropogenic
emissions, further amplifying both UHII and UPII (Roxon et al., 2020). In
addition, simulation-based studies have further explored the interplay
between urban heat generation due to anthropogenic activities and its
impact on UHI and UPIL For example, Matak and Momen (2025)
demonstrated that UHI effects influence planetary boundary layer dy-
namics, enhancing urban air pollution forecasts. Similarly, Zhong et al.
(2018) investigated the urbanization effect on winter haze in the
Yangtze River Delta, showing that anthropogenic heat and emissions
exacerbate pollutant accumulation and intensify the UHI-UPI in-
teractions. These simulation-based results complement ground-based
observational studies, emphasizing that anthropogenic heat release
and emissions not only intensify UHI but also modulate pollutant
accumulation, thereby influencing UPI dynamics. This mechanistic
perspective helps to explain observed patterns and provides a link be-
tween urban climate processes and air quality outcomes under varying
meteorological conditions.

Despite the Mediterranean region being widely recognized as a
climate-change hotspot (Nastos and Saaroni, 2024), its urban environ-
ments remain comparatively understudied with respect to the coupled
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dynamics of UHI and UPIL In this context, few studies have quantita-
tively examined their joint behaviour over multiple years using ground-
based observations. Moreover, existing research has largely focused on
exploratory analyses, without systematically evaluating the meteoro-
logical drivers that modulate the UHII-UPII relationship or examining its
variability during peculiar atmospheric events. This study addresses
these gaps by combining a multi-year observational dataset with
rigorous statistical analyses and event-based classification, providing a
more detailed understanding of how urban warming and air pollution
accumulation interact across different seasons and meteorological con-
ditions. By identifying the key meteorological drivers influencing the
UHII-UPII association and assessing its behaviour during distinct at-
mospheric events, the present work offers new insights into the mech-
anisms governing urban climate and air quality, which are critical for
supporting effective mitigation and adaptation strategies (Baklanov
et al., 2016).

Specifically, the present study aims to contribute to the under-
standing of the coupled role of UHII and UPII by pursuing the following
objectives: (i) to characterize the spatial-temporal variability of UHII
and UPII using a multi-year observational ground-based dataset for the
urban area of Rome (Italy); (ii) to identify the meteorological variables
that most significantly affect the UHII-UPII relationship through
comprehensive statistical analyses, including multiple linear regression;
and (iii) to quantify the UPII-UHII functional relationship evaluating
correlations, also under various meteorological conditions, including
the co-occurrence of multiple specific events, providing insight into how
extreme or unusual weather patterns modulate their coupling.

The remaining sections of this paper are structured as follows: Sec-
tion 2 describes the study area, and the air quality and meteorological
datasets used. Section 3 outlines the adopted methodology, focusing on
the statistical tools and event classification criteria. Sections 4 and 5
present and discuss the results, respectively. Finally, Section 6 summa-
rizes the main outcomes of the study.

2. Study area and datasets

This section outlines the main geographical, meteorological, and
environmental characteristics of the area under investigation. In addi-
tion, it presents the observational datasets employed for the analysis of
UPII and UHIL, describing the spatial distribution and classification of
the air quality monitoring stations, the meteorological observations
network, and the temporal coverage of the data considered.

2.1. Study area

The area under investigation is the city of Rome, the capital of Italy,
located in the central-western portion of the Italian Peninsula (41.9° N,
12.5° E, Fig. 1), approximately 27 km inland from the Tyrrhenian Sea.
The metropolitan area, characterized by the alternation of highly ur-
banized zones and urban parks, has a complex and heterogeneous
orography, with the Apennines to the east gently descending towards
the coast of the Tyrrhenian Sea to the west. The Tiber River, which bi-
sects the city from north to southwest, flows through a narrow valley
and plays a central role in shaping both the urban morphology and at-
mospheric circulation patterns within the city. In fact, during daytime,
especially in the case of sunny days and under high-pressure conditions,
the air temperature gradient between the inland and the offshore de-
termines the onset of the sea breeze, which often begins late in the
morning and penetrates up to the city centre between 10:00 and 12:00
LT, also modulating urban boundary layer development (Di Bernardino
et al,, 2021). On the contrary, a weak northeasterly drainage flow,
associated with land breeze or katabatic flows descending from the
surrounding hills (Petenko et al., 2011), develops during the night and
early morning. Mean wind speeds are relatively low year-round (typi-
cally <2 m/s), and synoptic-scale subsidence is frequent during summer,
suppressing vertical mixing and, in combination with weak inland
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Fig. 1. Geographic map of the region under investigation. The black dotted line identifies the urban area of Rome, blue markers depict the location of the air quality
stations listed in Table 1, and red markers show the location of the meteorological stations summarized in Table 2. (For interpretation of the references to colour in

this figure legend, the reader is referred to the web version of this article.)

winds, leading to stagnant conditions that exacerbate both heat and
pollution accumulation, particularly in low-lying urban basins (Guattari
et al., 2018). According to the Koppen-Geiger climate classification,
Rome belongs to the Mediterranean climate (Csa), experiencing hot, dry
summers and mild, wet winters (Beck et al., 2018). Unlike other major
European cities, Rome lacks significant heavy industrial plants within its
urban perimeter, and the main economic activities are related to the
tertiary sector. This implies that the air pollutants detectable in down-
town Rome are mainly due to local anthropogenic emission sources,
such as road traffic, domestic heating, and commercial activities, rather
than to the regional advection (Perrino et al., 2009). In addition, the city
is frequently affected by long-range transport of Saharan desert dust
across the Mediterranean basin. These episodes can lead to a significant
increase in the atmospheric particulate matter loads and exceedances
over the region, with implications for air quality and radiative forcing
(Gobbi et al., 2013).

Rome’s distinctive topography, coastal proximity, and urban char-
acteristics, combined with its location in the middle of the Mediterra-
nean basin, make it an optimal case study for examining the interactions
between urban climate and air quality in coastal cities. The Mediterra-
nean region is widely recognized as a climate-change hotspot, hosting
some of the world’s most densely populated and rapidly expanding
urban areas. Because daily life in this region is largely conducted out-
doors, residents are increasingly exposed to a progressively harsher
climate and more frequent extreme weather events (Nastos and Saaroni,
2024), underscoring the need to understand how local urban processes,
such as UHI and UPI, evolve in this environment.

2.2. Air quadlity dataset

All air quality data used in this study to assess UPII are collected from

the air quality monitoring network operated by the Regional Agency for
Environmental Protection of Lazio (ARPA Lazio). The analysis focuses
on daily-averaged concentrations of particulate matter fractions (PM;q
and PM;s), as well as the hourly-averaged concentrations of gaseous
pollutants (NO,, NO, and Og3), collected over the period 01/01/
2019-31/12/2023. The time frequency for the species is consistent with
the European Ambient Air Quality Directive mentioned above. All air
quality measurements were conducted at a height of 3.5 m above ground
level (personal communication from ARPA Lazio). The dataset includes
observations from eleven ground-based monitoring stations, of which
ten are located within the urban area of Rome, capturing a range of
emission and land-use characteristics typical of the metropolitan area.
The remaining station is located in a rural area west of the city, within an
agricultural zone. Its location within a predominantly rural landscape
ensures that local pollutant levels are minimally influenced by nearby
emission sources, making it a suitable reference for evaluating differ-
ences between urban and rural air quality. Being the only rural back-
ground air quality monitoring station in the vicinity of Rome, this site
has been selected as the reference location for evaluating differences in
pollutant concentrations between urban and rural environments. Di
Bernardino et al. (2025) previously employed the same air quality
observation station dataset to evaluate UPII in the metropolitan area of
Rome. Fig. 1 depicts the geographical distribution of the air quality
monitoring sites (represented by blue markers), while Table 1 provides a
detailed overview of each site’s location and the monitored pollutants.

In addition to the air pollutants’ concentrations directly measured by
the in-situ air quality stations, the NO to NO ratio was computed, as it is
commonly used in the literature as a proxy for estimating the photo-
chemical age of air masses (Tseng et al., 2009; Rowlinson et al., 2025).
Fresh anthropogenic emissions typically contain both primary NO5 and
NO, while photochemically aged air masses contain lower
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Table 1
List and details of air quality monitoring stations considered in the present study.

Station Lat. (° Lon. (° Elevation (m a.s. Monitored variables
D N) E) L)
ARPA-02  41.89 12.54 37 PM;, NO,, NO, O
ARPA-03  41.95 12.47 43 PM; g, PMy 5, NO,, NO
ARPA-05  41.88 12.51 49 PM;, NO,, NO
ARPA-08  41.86 12.57 53 ng, PMz.35, NO5, NO,
3
PM; o, PM. N N
ARPA-39  41.93 12.51 50 o 10, PMz.5, NO5, NO,
3
ARPA-40  41.89 12.27 61 CP)Mm’ PMzs, NO, NO,
3
ARPA-47  41.87 12.47 26 PM;, NO,, NO
ARPA-48  41.95 12.53 41 PM;, NO,, NO, O
ARPA-49  41.91 12.45 31 ng’ PMa5, NO3, NO,
3
ARPA-55  41.91 12.55 32 PM; 0, NO,, NO
ARPA-56  41.89 12.47 31 CP)MIO’ PMz5, NO3, NO,
3

concentrations of NO, which tends to be rapidly oxidized by ozone in the
atmosphere, forming secondary NO, thus enhancing the ratio (e.g.,
Tremmel et al., 1998). Accordingly, high NO2/NO values suggest
photochemically aged air masses, while low ratios are indicative of fresh
and local emissions.
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2.3. Meteorological dataset

Meteorological data are collected from in-situ rooftop measurements
at 10 weather stations, shown by the red markers in Fig. 1. These sta-
tions belong to the ASTI-Network, established within the framework of
the LIFE-ASTI project (https://lifeasti.eu, last accessed on 02 December
2025). The network integrates stations from the Meteo Lazio amateur
network (https://meteoregionelazio.it, last accessed on 02 December
2025), as well as additional stations installed specifically by the Institute
of Atmospheric Sciences and Climate (branch of Rome) of the National
Research Council of Italy (CNR-ISAC) to fill data gaps in uncovered areas
(Cecilia et al., 2023). All selected stations are Davis Vantage Pro 2 (Davis
Instruments Corp., Hayward, CA, USA) and are chosen to ensure data
coverage by exceeding 90 % of the study period. Each station records air
temperature, relative humidity, and wind speed at 10-min intervals, and
the data were subsequently daily aggregated to ensure comparability
with the air-quality measurements. Note that station ML-44, situated
just outside the Rome urban area, was used exclusively to identify cold-
pooling nights. Owing to its location within the Aniene River valley, the
site undergoes pronounced nocturnal cooling under favourable meteo-
rological conditions, exhibiting a marked temperature drop relative to
stations not influenced by cold-air drainage. This makes ML-44 partic-
ularly suitable for detecting cold-pooling events through nighttime
temperature differences between the two sites.

AIR QUALITY DATA
Variables: PM,,, PM, 5, NO, NO,, O3
Resolution: hourly (NO, NO,, 03); daily (PM,, PM,5)
Period: 2019-2023

METEOROLOGICAL DATA
Variables: air temperature, relative humidity, wind speed

Resolution: daily
Period: 2019-2023

DATA PRE-PROCESSING AND QUALITY CONTROL

Derivation of NO,/NO time series
Temporal alignment of datasets
Identification of missing data
Data aggregation to daily time resolution

DERIVATION OF URBAN POLLUTION ISLAND INTENSITY (UPII)

AND HEAT ISLAND INTENSITY (UHII)

Computation of UPII time series
Computation of UHII time series

4 STATISTICAL ANALYSIS A

Lag-correlation analysis between UPII and UHII
Multiple linear regression
Identification of peculiar meteorological events
Identification of co-occurring peculiar meteorological events
Correlation analysis over the period 2019-2023
Correlation analysis during peculiar meteorological events
\Correlation analysis during co-occurring peculiar meteorological events/

Fig. 2. Schematic diagram of the adopted methodology to investigate the interaction between thermal and air pollutants urban-to-rural differences.
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3. Methodology

This section presents a comprehensive description of the analytical
procedures adopted to investigate the relationship between UPII and
UHII in Rome. The overall structure of the analysis is depicted in Fig. 2,
which presents a step-by-step overview of the workflow and is further
explained in the subsequent subsections.

3.1. Assessment of UHII and UPII

The UHII is assessed using the imperviousness method, which as-
sumes a linear relationship between air temperature and imperviousness
(IMP) (Cecilia et al., 2023). This latter parameter represents the per-
centage of an area covered by artificially sealed surfaces, such as roads
or buildings. It ranges from 0 % to 100 % with 1 % increments and is
provided at a 10 m spatial resolution by the Copernicus Land Monitoring
Service (Copernicus, 2018). IMP associated with each meteorological
station was calculated as the average of the values within a circle of
radius r = 1400 m centred on the site, a spatial scale identified by Cecilia
et al. (2023) as the footprint of a weather station in the urban context of
Rome. Each station, therefore, is associated with a distinct IMP value,
depending on its surroundings. For each time step of the dataset, a linear
regression was carried out using the relationship:

T(IMP, t) = a(t)-IMP + b(t) @

where t denotes the time. In this framework, the slope a(t) represents the
intensity of the air temperature-imperviousness relationship at time ¢.
According to the method used to estimate UHII, defined as the tem-
perature difference between fully urbanized areas (100 % IMP) and rural
areas (0 % IMP), the UHII at time t corresponds to 100-a(t). Here, the
UHII was computed at an hourly resolution from the input meteoro-
logical dataset and subsequently averaged over the nighttime period
(22:00-06:00 CET) for each day. This temporal window was selected
following Cecilia et al. (2023), who identified it as the interval during
which the UHI is fully developed within Rome’s urban canopy
layer—even during summer, when nights are shorter. Their analysis,
conducted on the same stations used in this study, showed that daytime
UHII values were negligible and that the correlation between air tem-
perature and imperviousness was not statistically significant. In
contrast, during nighttime hours the UHI was consistently present, with
a strong correlation (R = 0.81) and a relatively stable temporal evolu-
tion once established. As a result, moderate changes in the exact
nighttime boundaries would not substantially alter the UHII estimate,
provided that only hours in which the UHI is active and fully developed
are included. The same behaviour was confirmed in the current dataset,
where significant correlations (R > 0.6) were found exclusively during
nighttime hours. Including daytime values would therefore introduce
noise and lack physical justification, as the fundamental assumption of
the estimation method (a linear relationship between temperature and
IMP) does not hold during the day. For these reasons, UHII in this study
is defined solely from its nighttime average, which captures the period
when the phenomenon is active and reaches its maximum intensity. This
choice remains fully compatible with the use of daily averages for UPII,
as the purpose is to analyse its relationship with UHII during the hours
when the latter actually occurs.

The UPII is computed following the methodology proposed and
validated by Di Bernardino et al. (2025) for the same study area. This
approach enables the quantification of the UPII for the i-th pollutant as:

j—
UPIL; = szzlcm_i = Cruri 2

where ¢, ;; represents the concentration of the i-th pollutant measured
at the j-th urban station (with n being the total number of urban
monitoring sites) and cnr; is the concentration of the i-th pollutant
measured at a reference rural station, considered representative of the
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regional background pollution level (see Sect. 2.2). Furthermore, in
order to construct homogeneous time series for UHII and UPII, hourly
concentrations of NO, NO,, and O3 were averaged on a daily basis to
enable comparison with daily mean datasets. By applying this formu-
lation, a time series of daily UPII values is obtained. This allows for a
realistic and robust characterization of the pollution urban-rural dif-
ference. Note that UPII is calculated only when measurements from both
urban and rural environments are available for the same day, in order to
avoid temporal bias.

3.2. Investigation of the UPII-UHII relationship

The UHII and UPII time series exhibited over 95 % temporal
coverage during the period 2019-2023. Missing data were randomly
distributed throughout the study period and were imputable to occa-
sional instrument maintenance or temporary malfunctions. To explore
the relationship between UPII and UHII, a synergistic approach inte-
grating multiple statistical techniques was applied, including lag-
correlation analysis, multiple linear regression, and correlation anal-
ysis, as detailed below.

3.2.1. Lag-correlation and correlation analysis

To investigate the presence of a possible temporal offset in the
relationship between UPII and UHII, the lag-correlation analysis is
performed. The lag-correlation approach is specifically selected because
UHII and UPII are driven by processes that may peak at different times of
the day, making a temporal offset physically plausible. Unlike standard
regression or correlation techniques, lag-correlation allows for the
detection of monotonic associations occurring with a delay, without
assuming linearity or normality of the data. This makes it particularly
suitable for identifying short-term temporal shifts in the UHII-UPII
relationship, which may arise from the combined effects of atmospheric
dynamics, radiative processes, and emission patterns. This approach has
been adopted to highlight temporal lags in the correlation among
meteorological variables (Guan et al., 2007) and to analyse the associ-
ation among particle number size distributions, gaseous pollutants, and
meteorological parameters (Wehner and Wiedensohler, 2003). More
recently, it was applied to study the effect of weather on cyanobacterial
bloom (Wang et al., 2023) and the relationship between weather, at-
mospheric pollution, and human health (Ziade et al., 2021; Jiang et al.,
2024).

In this study, since the data are not normally distributed, the
Spearman rank correlation coefficient is computed instead of the more
common Pearson correlation coefficient (Hauke and Kossowski, 2011).
This formulation permits the assessment of the monotonic relationship
between UPII and UHII by comparing the ranked values rather than their
absolute magnitudes, allowing for the identification of potential time
delays between the two phenomena. A temporal window of +30 days
was adopted as it represents a suitable balance between capturing the
temporal dynamics of the processes under study and minimizing the
influence of longer-term climatic fluctuations. A time step 7 of one day is
considered and, for each lag 7 (onward and backward), the Spearman
correlation coefficient p(z) is calculated as:

_ 6 L&

n(n?—1) 3)

plr)=1

where n is the number of paired observations and d; is the difference
between the ranks of UPII and lagged UHII values for the i-th observa-
tion. Values of p(z) range between —1 and + 1. Positive values identify
direct monotonic association, while negative values indicate inverse
monotonic association. The maximum value of p(7) highlights the tem-
poral offset that yields the strongest correlation between UPII and UHII.
Possible time lags might be attributable to different responses of UPII
and UHII to atmospheric processes, such as atmospheric dynamics,
photochemical processes, and weather parameters (e.g., solar radiation,
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boundary layer height, wind advection) (Li et al., 2020; Sinha et al.,
2024).

The Spearman rank correlation coefficient (with a statistical signif-
icance level of p = 0.05) was also used to assess the statistical association
between UPII for each pollutant under investigation and UHIL. The
analysis is conducted both over the entire study period (2019-2023) and
for selected meteorologically significant events, also co-occurring,
which are identified and characterized in the subsequent subsections.
This dual approach (together with the lag-correlation analysis) enables a
comprehensive assessment of both long-term monotonic relations and
event-specific interactions between urban thermal and pollution
anomalies.

3.2.2. Multiple linear regression

The multiple linear regression is employed to assess the relationship
between meteorological variables and UPII, in order to quantify the
relative contribution of each variable and identify which factors, among
those considered, most strongly influence the correlation between UPIL
and UHIL Multiple linear regression provides a framework for assessing
the contribution of each predictor to the variability of the response
variable while controlling for the influence of the others. When pre-
dictors are standardized, this approach is particularly effective, as it
enables a direct and comparable evaluation of their relative importance.
It is widely used in the literature to disentangle meteorological in-
fluences on in-situ air pollution and surface thermal anomalies (Carslaw
and Beevers, 2013; Grange and Carslaw, 2019). While more complex
non-linear or machine-learning models could be used for predictive
purposes, they do not offer the same interpretability regarding indi-
vidual predictors, which is essential here for identifying the meteoro-
logical drivers that most strongly modulate the UHII-UPII relationship.

Here, the time series of daily UPII over the period 2019-2023,
computed separately for each pollutant under investigation, is consid-
ered as the dependent variable, while the independent variables include
a comprehensive set of daily meteorological parameters provided by the
surface meteorological stations described in Sect. 2.3. The predictors
investigated in the model are the meteorological parameters collected
by the stations used in this study, including: daily average (Tgy.), mini-
mum (Tpmin), and maximum (Tpqy) air temperatures, daily temperature
span (E = Tmax — Tmin), daily median (RHp,eq), minimum (RHp,), and
maximum (RHy,qy) relative humidity, daily average (WSgy,), minimum
(WSmin), and maximum (WS,4,) wind speed.

Prior to defining the linear regression model, the potential severity of
multicollinearity is assessed by applying the Variance Inflation Factor
(VIF) for each predictor. The VIF quantifies the extent to which the
variance of an estimated regression coefficient is inflated due to linear
dependence among predictors. Formally, it is defined as:

1

VIF = 1’ (C))

where R? denotes the coefficient of determination obtained by
regressing the i-th predictor x; against all other predictors in the model.
In the absence of multicollinearity (Ri2 = 0), VIF = 1, indicating no
inflation of the coefficient variance. As the linear dependence among
predictors increases, R? rises, resulting in higher VIF values and denot-
ing more severe multicollinearity. Consistent with previous studies,
predictors with VIF > 10 are considered indicative of problematic
multicollinearity and are excluded from the model (Gomez et al., 2021;
Cheng et al., 2022).

The analysis revealed that the parameters Tpin, Trmax, and E exhibit
VIF values greater than 10 and were consequently excluded from the
multiple linear regression.

Therefore, the regression model for a single pollutant is defined as
follows:
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UPII = By + B1 Tave + PoRHmed + P3RHmin + B4RHmax + 5 WSave + P WSnin
+ P, WSpax + €
5)

where f, is the intercept, f;...p, are the regression coefficients associ-
ated with each predictor, and ¢ is the residual error term. All variables
were standardized relative to their mean values (mean value equal to
0 and standard deviation equal to 1) prior to regression analysis. This
standardization enabled direct comparison of the magnitudes of the
regression coefficients, facilitating interpretation of predictors with
differing physical units, such as air temperature, relative humidity, and
wind speed. The final dataset consists of 2037 valid daily observations,
corresponding to days for which complete data were available for all
variables, including temperature, relative humidity, wind speed, and
pollutant concentrations across both urban and rural stations. These
observations were randomly divided into a training set (80 %) and a test
set (20 %). Regression coefficients are estimated exclusively using the
training set, while the test set is reserved for evaluating the predictive
performance of the model.

To evaluate model performance and predictive accuracy, two sta-
tistical indicators are calculated: the adjusted coefficient of determina-
tion (R? adjusted) and the Root Mean Square Error (RMSE). The former
provides a measure of the proportion of variance explained by the model
while accounting for the number of predictors included (Gupta and
Christopher, 2009). The latter quantifies the model prediction error by
expressing the average deviation between observed and predicted
values in the same units as the dependent variable, offering a direct
measure of prediction accuracy (Cheng et al., 2013). For each target
parameter and each predictor, the statistical significance of the corre-
sponding regression coefficients is evaluated, assuming a statistical
significance level of p = 0.05.

3.2.3. Identification of specific weather events

Based on the results of the multiple linear regression, further analysis
was conducted to assess the influence of local and synoptic-scale
meteorological conditions on the correlation between UPII and UHII.
Specific days from the 2019-2023 study period were identified, each
corresponding to one of four distinct meteorological patterns, deter-
mined for their potential to modulate atmospheric dispersion and
thermal deviations from rural conditions. The selection was carried out
using the following objective criteria:

1) Atmospheric stagnation events: periods during which the daily
average wind speed is less than or equal to 2 m/s in at least 50 % of
the considered meteorological stations (i.e., at least 5 out of 10 sta-
tions), persisting for a minimum of five consecutive days. This con-
dition reflects large-scale stagnation patterns unfavourable to
pollutant dispersion in the region (Palmieri et al., 2008).

2) Calm wind days: days during which the daily mean wind speed is
below 1 m/s for at least twelve hours, in at least 50 % of the stations.
These days are characterized by extremely weak ventilation and the
potential accumulation of heat and air pollutants in the urban can-
opy layer (Vardoulakis et al., 2003).

3) Cold-air pooling nights: occur under meteorological conditions that
promote significant nocturnal cooling, particularly in areas suscep-
tible to cold-air pooling due to orographic features, such as river
valleys. These conditions are typically characterized by clear skies
and calm or nearly calm winds during nighttime. To identify days
exhibiting such conditions, daily minimum temperatures recorded at
the ML-13 urban meteorological station (see Table 2 for details) were
compared with those measured at a station located in the Aniene
River valley, east of Rome, in the locality of Tivoli Terme (RM-44, see
Table 2 for details and Fig. 1 for the location of the station). The
topography of this area favours the accumulation of cold air, often
leading to lower minimum temperatures compared to those recorded
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Table 2

List, geographical coordinates and altitude of meteorological monitoring sta-
tions considered in the present study. Station ML-44 is used only for the iden-
tification of cold-pooling nights.

Station ID Lat. (° N) Lon. (° E) Elevation (m a.s.l.)
LA-01 41.83 12.54 83
LA-05 41.84 12.42 60
LA-06 41.95 12.46 45
ML-01 41.83 12.48 24
ML-08 41.90 12.44 55
ML-10 41.92 12.37 95
ML-11 41.96 12.40 135
ML-12 41.93 12.51 65
ML-13 41.93 12.53 42
ML-17 41.89 12.54 60
ML-44 41.95 12.73 78

even in the surrounding rural regions. By analysing the distribution
of daily minimum temperature differences between the two stations
across the entire study period, and considering only nights when the
mean wind speed at both stations was below 1 m/s, according to the
criteria chosen to also identify the calm wind conditions, it was
possible to isolate, for each season, specific regions within the dis-
tribution characterized by larger temperature differences and
slightly higher occurrence frequencies. During the summer season,
the typical signature was less distinct within the temperature dif-
ference distribution, likely because of the increased frequency of
favourable meteorological conditions (i.e., clear skies and calm
winds), which reduces the contrast between pooling and not-pooling
nights. Furthermore, the shorter duration of nighttime in summer
limits radiative cooling, thereby reducing the amplitude of minimum
temperature differences. Consequently, a seasonally variable
threshold for temperature difference was adopted, with lower
thresholds applied during summer. Cold-air pooling nights were ul-
timately defined using a fixed criterion for nighttime mean wind
speed (< 1 m/s at both stations) and season-specific threshold for the
temperature difference between the two sites.

Heatwave episodes: periods during which the daily average air
temperature exceeds the 90th percentile of the reference climato-
logical distribution for, at least, four consecutive days. The reference
period adopted is 1991-2020, using observations from the historical
meteorological observatory of Collegio Romano, previously
employed in climatological analyses of Rome (Di Bernardino et al.,
2022). This criterion reflects the approach commonly used to define
heatwaves in urban climate research (e.g., Zittis et al., 2022; Di
Bernardino et al., 2023).

4

-

By isolating these peculiar meteorological conditions, the study aims
to explore how atmospheric conditions 1-4 may influence the coupling
between thermal and air pollution anomalies in the region.

In addition to analysing each meteorological event individually, co-
occurring events were also considered to investigate their combined
influence on the UHII-UPII relationship. Only combinations with a suf-
ficient number of occurrences (i.e., more than 100 days over the
2019-2023 period) were included, ensuring statistical representative-
ness. This approach allows for assessing how overlapping meteorolog-
ical conditions, such as simultaneous stagnation and calm wind or
heatwave and calm wind, modulate the correlation between urban
thermal and pollution anomalies.

4. Results

The results of this study are presented in accordance with the specific
objectives outlined in Sect. 1, following the procedure detailed in Fig. 2.
First, the spatial-temporal variability of UHII and UPII is explored,
providing an overview of their magnitudes, seasonal patterns, and
pollutant-specific differences, along with a lag-correlation analysis to
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identify potential temporal offsets between the two phenomena (Sect.
4.1). Then, the influence of meteorological variables on UPII is inves-
tigated through multiple linear regression analysis, identifying the fac-
tors that most significantly modulate the UHII-UPII relationship (Sect.
4.2). Finally, the correlations between UHII and UPII over the whole
period under investigation and during selected meteorologically sig-
nificant events are examined to highlight how extreme or specific
weather conditions, also co-occurring, affect their coupling (Sect. 4.3).

4.1. Spatial-temporal variability of UHII and UPI

In Fig. 3, the time series of daily UHII and UPII computed for Rome
over the period 2019-2023 are presented. The key statistics for the UHII
and UPII time series are shown in Fig. 4 and summarized in Table S1. As
detailed in Sect. 3.2, UHII values were computed as averages over the
night-time period (22:00-06:00 CET), while UPII values were averaged
over 24-h.

Fig. 4 and values in Table S1 clearly indicate that the greatest urban-
rural variability is observed for NOj, with a mean UPII of 27.3 pg/ms,
followed by NO and Os, with mean values of 18.8 pg/m° and — 16.6 pg/
m, respectively. However, both NO and O3 exhibit substantial vari-
ability, with standard deviations of 20.2 pg/m® and 14.1 pg/m?
respectively. In contrast, particulate matter shows smaller deviations
from the concentrations measured in the rural area, with mean UPII
values of 5.6 pg/m3 for PMo and 2.3 pg/m3 for PM5 5. Moreover, it is
noteworthy that, for UHII and UPII for NO3 and Os, the mean and me-
dian values are very similar, whereas larger discrepancies between mean
and median are observed for the UPII of particulate matters and NO,
indicating higher spread in the dataset.

Fig. 3a shows that UHII exhibits a marked seasonal variability,
assuming maxima during summer and minima during winter, in accor-
dance with previous works (Ulpiani, 2021). Monthly averages are al-
ways positive and oscillate around 2.0 °C (average value over the period
2019-2023), with peaks frequently exceeding 3.0 °C in the warm sea-
son. On the contrary, the UHII values show higher variability, with
maxima of 5.0 °C and minima that become negative, typically in
wintertime, reaching —2.5 °C. This pattern reflects the enhanced heat
accumulation in the urban environment during the summer, when the
increased intensity of solar radiation favours heat accumulation in
construction materials, such as asphalt and concrete. Being character-
ized by high thermal inertia and albedo, these materials efficiently
absorb solar energy during the day and release it gradually at night,
contributing to sustained elevated urban temperatures. In contrast,
during the winter months, solar radiation is significantly weaker and
nights are longer than in summer, limiting heat storage in urban surfaces
and reducing the temperature difference between urban and rural areas
(Voogt and Oke, 2003). Negative UHII values observed in winter can
also result from transient meteorological phenomena, such as cold-air
drainage, which may favour lower nocturnal temperatures in urban
sites compared to surrounding rural areas. Additionally, differences in
land cover and vegetation between urban and rural stations, as well as
the presence of local radiative effects (e.g., stronger nocturnal cooling in
open rural fields under clear-sky conditions), may further contribute to
negative UHII values. Figs. 3b-3g depict the UPII time series for PMy,
PM; 5, NOo, NO, NO5/NO, and Os. For particulate matter, UPII shows a
clear seasonal modulation, more marked for PM;o (panel b) than for
PM, 5 (panel c). The UPII for PM;o and PM; 5 exhibit maxima in winter
and minima in summer. For PM;(, the monthly averages become slightly
negative in the summers of 2021 and 2022, while for PMj 5, the monthly
average oscillates between —2.0 pg/m> and 10.0 pg/m>, with limited
but non-negligible seasonal fluctuations. For nitrogen oxides (panels
d and e), UPII assumes summer minima and winter maxima. In partic-
ular, UPII shows greater seasonal variability for NO than NO,, the former
being more directly influenced by local emissions, with average monthly
peaks in winter slightly lower than 80.0 pg/m>. As a consequence,
monthly averages of UPII for NO3/NO (panel f) oscillate between —8.0
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Fig. 4. Boxplot of UHII and UPII. Note that statistics for UPII are calculated as 24-h daily averages, while for UHII time series refer to the 22:00-06:00 CET

time window.

and 8.0, generally assuming negative values in autumn-winter and
positive values in spring-summer, in agreement with the enhanced
photochemistry under the higher solar radiation and temperature con-
ditions typical of the summer season. Interestingly, the UPII for O3
(panel g) shows a strong negative intensity, particularly during the cold
months, with values often below —30.0 pg/m®. This inverse pattern can
be attributed to the different underlying processes governing each at-
mospheric pollutant. While particulate matter and nitrogen oxides are
primarily influenced by local emissions and ventilation conditions, O3
formation and the NO2/NO ratio are strongly affected by photochemical
reactions. During summer, enhanced solar radiation and higher tem-
peratures promote ozone production and photochemical aging, resulting
in UPII patterns that follow UHII, whereas pollutants directly linked to
emissions show an inverse seasonal trend with winter maxima and
summer minima.

To further explore the relationship between spatial thermal and
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pollution differences, the co-variability between UHII and UPII is ana-
lysed by grouping UPII values into UHII intervals separately for each
season, as presented in Fig. 5. The months are grouped according to the
meteorological seasons as follows: winter (December, January,
February), spring (March, April, May), summer (June, July, August),
and autumn (September, October, November).

During winter (Fig. 5a), a general decreasing association between
UHII and UPII for NO, O3, PM1(, and PM; 5 is observed. Conversely, NO5
and NOy/NO appear not to be related with variations in UHIIL. On the
contrary, in summer (Fig. 5¢), the relationship between UHII and UPII is
much weaker and often flatter, especially for PM;o and PMy 5. Spring
and autumn (Fig. 5b and d, respectively) show an intermediate behav-
iour compared to the other seasons, with spring tending towards the
summer pattern and autumn towards the winter pattern.

The stacked bar charts in Fig. 6 present the distribution of the
number of days (y-axis) classified by UHII and UPII levels, across seasons
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Fig. 5. Seasonal co-variability between UHII and UPIL
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Fig. 6. Seasonal and annual distribution of the number of days (y-axis) classified by the UHII and UPII levels. The thresholds between Low, Medium, and High

correspond to the 25th and 75th percentiles (Table S1).

and for the different air pollutants. For both UPII and UHII, the Low,
Medium, and High categories were determined based on the data’s
statistical distribution. Specifically, the threshold between Low and
Medium corresponds to the 25th percentile, while the threshold be-
tween Medium and High corresponds to the 75th percentile (see values
in Table S1) of the statistical distribution of each dataset.

The data show a marked seasonal trend: in summer, a clear increase
in the number of days with high UHII levels associated with medium and
high UPII levels is observed, particularly for both particulate matter
fractions and nitrogen oxides. This indicates that during the warm pe-
riods, the concentration of air pollutants becomes particularly high,
especially in the urban area, where there is an intense heat accumula-
tion. Despite the limited number of monitoring stations, the observed
summertime coupling between UHII and UPII appears robust. Alterna-
tive definitions of the Low, Medium, and High bins could slightly
redistribute the data; however, the overall seasonal patterns and the
stronger summer association remain consistent. During the other sea-
sons, the variation in the UPII levels across UHII classes is less pro-
nounced, indicating a reduced influence of urban heating on pollution
variation. The annual distribution of the UHII and UPII values reveals
that most of the days fall in the medium and high UHII levels class, with
a large share corresponding to the medium and high UPII levels. This
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suggests a persistent association between pollution inequality and UHIL
throughout the year, as discussed below.

Fig. S1 shows the full lag—correlation results computed over a + 30-
day window for UHII and the various UPII components. The correlations
remain relatively stable across the lag range, with no substantial shifts in
magnitude or sign for any variable. The only notable feature is the
enhancement in absolute correlation for all analysed pollutants when
the UHII time series is shifted backward by one day relative to the UPII
(lag = —1). Beyond this point, the curves show no meaningful temporal
structure. From a physical perspective, this behaviour is explained by
the nature of the UHII metric itself, which, in this study, is computed as
the average urban-rural temperature difference during the night-time
hours. As such, each UHII value reflects thermal conditions influenced
by atmospheric and surface processes occurring over the preceding
daytime period, including pollutant emissions from traffic, heating, and
chemical reactions. These emissions contribute to the modification of
surface thermal properties and radiative balances which, in turn, affect
the magnitude of nocturnal heat retention and the resulting UHII
Therefore, in what follows, the analyses regarding the correlation be-
tween UHII and UPII are performed by shifting the UHII time series back
by one day with respect to UPII.
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4.2. Multiple linear regression analysis

The results of the multiple linear regression are summarized in
Table 3. The regression results indicate that daily average air tempera-
ture and daily average wind speed emerge as the primary drivers of UPII,
while relative humidity plays a secondary, yet significant, role. Specif-
ically, daily average temperature positively affects all pollutants, with
the strongest influence for NO and NOs, reflecting the robust sensitivity
of nitrogen oxides to thermal conditions in the urban environment.
Interestingly, O3 also responds positively to temperature, despite a
negative baseline, indicating enhanced photochemical formation under
warmer conditions. Relative humidity has moderate effects, mainly
through daily averages, while median, minimum, and maximum values
contribute less consistently. Wind speed effects vary among pollutants,
with daily averages showing the largest influence, particularly for PM;
and Os, emphasizing the role of ventilation in controlling aerosol con-
centrations and ozone formation. The adjusted R? values range from
0.24 to 0.49, demonstrating that the model captures a substantial
portion of the variability in UPII, while also highlighting the inherent
complexity of pollutant dynamics and the influence of additional,
unaccounted-for factors. The pollutant-specific sensitivities revealed by
the regression underscore the peculiar response exhibited by air pol-
lutants to specific meteorological drivers: particulate matter is strongly
affected by wind-driven dispersion, nitrogen oxides are primarily
temperature-sensitive, and ozone formation is modulated by both tem-
perature and wind, reflecting photochemical processes and advection.
Overall, the results highlight the pollutant-specific sensitivities of urban
air pollution to meteorological conditions and establish a foundation for
interpreting the subsequent analysis of UHII-UPII correlations.

4.3. Analysis of UHII-UPII correlations for the entire period under
investigation and selected meteorological conditions

Fig. 7 shows the Spearman rank correlation coefficients between
UHII and UPII for the entire period under investigation (2019-2023) and
for selected meteorological events.

Considering the whole period under investigation, significant nega-
tive correlations are observed between UHII and UPII for NO (p =
—0.60), PM;p (p = —0.45), and NO, (p = —0.35), indicating that
stronger UHI events are typically associated with lower pollutant load in
urban areas relative to rural counterparts. In contrast, UPII shows a
significant, positive correlation for O3 (p = 0.54), consistent with
enhanced ozone formation in warmer urban areas under stable condi-
tions. Also, NO2/NO, which, as discussed previously, may be interpreted
as a proxy for the age of the air mass with higher values connected with
photochemically aged air masses, assumes a positive correlation coef-
ficient (p = 0.42), suggesting older, more photochemically processed air
during high UHII conditions. The strength of these correlations tends to
increase under specific atmospheric patterns, linked to particular ther-
mal and ventilation conditions. During calm wind days and atmospheric
stagnation events, the absolute values of correlation coefficients are
generally stronger, particularly for NO (p = —0.71 and — 0.63, respec-
tively) and O3 (p = 0.62 and 0.59, respectively). These results suggest

Table 3
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that reduced dispersion conditions, attributable to low ventilation and
consequent atmospheric stability typically experienced during winter-
time, enhance the coupling between urban thermal and pollution dy-
namics. Also, heatwave episodes determine an increase in the absolute
value of the correlations for the different pollutants. Specifically, the
strongest associations are again observed with Oz (p = 0.49) and NO (p
= —0.66), highlighting the combined effect of elevated temperatures
and solar radiation on photochemical reactions and secondary pollutant
formation. Interestingly, NOy correlations lose statistical significance
during heatwaves, suggesting complex interactions between emissions,
chemical processing, and meteorology. Cold-air pooling nights present a
contrasting behaviour. Correlations are generally weaker, reflecting the
more complex stratification and decoupling between surface heating
and pollutant trapping in these conditions. Yet, even under cold-air
pooling, NO (p = —0.42) and O3 (p = 0.56) maintain the strongest as-
sociations, indicating persistent pollutant-specific sensitivities.

Fig. 8 shows the Spearman rank correlations between UHII and UPII
for various combinations of co-occurring meteorological events. The
results confirm the pollutant-specific sensitivity of the UHII-UPII
coupling during compound events. Strong negative correlations are
generally observed for NO and PM;, particularly during co-occurrence
of atmospheric stagnation and calm wind conditions (p = —0.73 for NO,
p = —0.56 for PM;() and heatwaves and calm wind conditions (p =
—0.73 for NO, p = —0.63 for PM;y), indicating that stable, low-
dispersion scenarios reduce urban-rural pollutant differences. PMs 5
and NO; show moderate negative correlations, while O3 and NO2/NO
consistently exhibit positive correlations, reflecting enhanced photo-
chemical activity and aged air masses during high UHII events. Corre-
lation strengths generally decrease when cold-air polling nights are
included, highlighting the complex influence of stratification and ver-
tical mixing.

Overall, this analysis demonstrates that the UHII-UPII relationship is
strongly pollutant-dependent and sensitive to meteorological context,
with compound events amplifying or weakening pollutant-specific
responses.

The combined evaluation of the entire period and selected events
allows for a comprehensive understanding of how urban heat modulates
air pollution dynamics under both typical and extreme conditions, also
in the case of compound events.

5. Discussion

Rome represents a characteristic Mediterranean urban environment,
where a dense historical city core coexists with sprawling suburban
districts and peri-urban green areas. This heterogeneous urban
morphology, combined with complex local anemological conditions and
with its position in the middle of the Mediterranean basin, makes the
city an ideal case study for exploring the association between UPI and
UHIL.

Several studies have confirmed that Rome is significantly affected by
both the UHI and UPL As for the UHI, research spanning historical pe-
riods reports comparable magnitudes. For example, Colacino and Lav-
agnini (1982) reported UHII values ranging between 2.5 °C and 4.3 °C,

Coefficients of the multiple linear regression for UPII of the various pollutants, together with the R* adjusted and RMSE values. The coefficients f, ..., are determined
following Eq. 5. For each target, the coefficients in bold indicate the statistically significant values. Statistical significance is marked as follows: *(p-value <0.05), ** (p-

value <0.01), and *** (p-value <0.001).

o [°Cl B B B B Bs Bs B R? adjusted RMSE
[-] [°C/%] [°C/%] [°C/%] [°C/(m/s)] [°C/(m/s)] [°C/(m/s)]

UPII PM;¢ 5.30%** 3.41%** 1.73%%* 0.54* 0.54** 1.90%** 0.01 0.18 0.40 5.81
UPII PM, 5 2.25%%* 1.16%** 0.29%* 0.01 0.01 1.03%** 0.13 0.04 0.24 3.48
UPII NO, 26.35%** 4.41%** 0.50 1.64%** 0.51 3.45%%* 0.02 0.17 0.27 8.02
UPII NO 18.15%** 9.99%** 2.79%* 2.38%** 0.46 8.05%** 0.29 1.04%* 0.49 14.90
UPII NO,/NO 1.21%%* 1.31%** 0.65%* 0.52%%** 0.45%** 1.65%** 0.16* 0.39%** 0.36 3.61
UPII O3 —15.67 5.10%** 1.15 0.95* 2.09%** 5.04%** 0.54* 0.71%* 0.25 11.54

11



A. Di Bernardino et al.

Atmospheric Research 332 (2026) 108702

All data e =
(n. days = 1743) UHII - -0.45 -0.34 -0.35 04
S o n QO QO )
\Q\w il \\kO Q\\V\ 0”\‘\ \SQ\\O
N N
S & N &
N}
Atmospheric
stagnation events UHI| -JeaiEsas  -0.37""  -0.37™ 0.44*
(n. days = 1387)
o “ v O O )
\Qé\\’ Q\NL \@O Q\\Q d ry\. Q\\O
S & ¥ N
N
N}
Calm wind days A O Aa «xs [P
(n. days = 868) UHII 0.43™  -0.40 u‘
o “ 9 O O >
QIR \\"kO <z\\$ = N
S & ¥ 9 & B
N
X
Cold-air pooling il
nights UHIl - -0.22° 0!33+= RO 0.33
(n. days = 242)
< Q\"’Q & % < V\O \Y\O \\0'5
Q\\ \\Q Q\\ \)Q\ $O”p 0Q
S N O N
X
Heatwave episodes = o s
(n. days = 212) UHII YA -0.36 0.35 0.49
Q 2 1 O @) <
X RN o N
N}

Fig. 7. Spearman rank correlation coefficients between UHII and UPII for the entire period under investigation (2019-2023) and for selected meteorological events.
Darker colours denote stronger correlations, while lighter tones indicate weaker correlations. Squares with no annotation correspond to not statistically significant
correlations (p-value>0.05). Statistical significance is marked as follows: *(p-value <0.05), ** (p-value <0.01), and *** (p-value <0.001). For each category, the

number of days falling within that category is reported.

while Bonacquisti et al. (2006) simulated a maximum UHII of 5.0 °C,
depending on seasonal variability, urban geometry, and surface thermal
properties. More recently, Cecilia et al. (2023), assuming a linear rela-
tionship between measured air temperature and imperviousness,
observed midnight UHII peaks of 3.4 °C. These findings are consistent
with the present study, which reports a mean UHII of 2.0 °C (Table S1),
with daily values ranging from —2.5 °C to 5.0 °C. The observed differ-
ences are primarily attributable to the temporal reference: while Cecilia
et al. (2023) focused on 00:00, UHII here is calculated as the mean
during the entire nocturnal period (22:00-06:00 CET), yielding a more
integrated estimate (Fig. 3a).

Atmospheric pollution in Rome has reduced in recent years thanks to
targeted environmental policies (Di Bernardino et al., 2022).
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Nevertheless, atmospheric pollutant concentrations remain notably
higher in the urban centre compared to the rural areas, except for Os,
resulting in positive UPII for NO, (mean: 27.3 pg/m?®, standard devia-
tion: 9.6 pg/m>) and NO (mean: 18.8 pg/m>, standard deviation: 9.6 g/
mg) (Table S1). In line with Di Bernardino et al. (2025), UPII exhibits
winter maxima and summer minima, particularly for PM;o, NO, and
NO, (Fig. 3b-3g). In winter, increased vehicular traffic and domestic
heating elevate emissions, especially in the urban areas, while atmo-
spheric stability and reduced solar radiation inhibit vertical and hori-
zontal pollutant dispersion. In contrast, rural areas show relatively
constant pollutant levels throughout the year, reinforcing the urban-
—rural difference that defines UPIL. Consequently, these seasonal dif-
ferences arise from the combined effects of local emission patterns and



A. Di Bernardino et al.

Atmospheric stagnation +

Atmospheric Research 332 (2026) 108702

Calm wind (IS  -0.56%+ _0.7 3Kk 0.55%%* 0.64***
(n. days = 833)
S o2 o O O o
Q\\Qé\ \\Q@ \§2\\ QQ\\ éO'bé \§2\\
N N N
K
Atmospheric stagnation +
Cold-air pooling nights _ 0.2 oy
(n. days = 187) UHIl - 0. 0.55
o o >
\\Qéx \va \BQ\\O
N 3
Atmospheric stagnation +
Heatwave j y Hokok _0.65%+* Fokk
(1 daysi= 185) UHII 0.33 : 0.39
o o oY O O o>
Q\\@ S QQ@ o“\\é $°§ N
K
N N \§\\
Calm wind +
Heatwave .
(n. days = 118) [V[N[ME -0.63%+ -0.73%xx 0.54%**
R Q\,;p oY O \$0 \0'5
Q\\ Q\\Q Sz\\ \)Q\\ $0'1, 0Q\
N N N
N
Calm wind +
Cold-air polling nights o 0.32%kk 0.54x%%
(n. days = 116) el
o o >
Q@’» R\ 2 \\O
\32\\ \)Q\\Q QQ
Atmospheric stagnation +
g:lant‘lwvgl\f/'lg & IS -0.63++* -0.72%x* D)5 3%xs
(n. days = 116)
o 3 O >
\Q\w Qé\m s ,§ <2\\0
S 8 <
Atmospheric stagnation +
Calm wind + l o o
Cold-air pooling nights Slhill £.30 0252
(n. days = 115) : } : :
K o oV ] o>
& & & & $o¢\$ &
N N 2 &

Fig. 8. Spearman rank correlation coefficients between UHII and UPII for combination of co-occurring selected meteorological events. Darker colours denote
stronger correlations, while lighter tones indicate weaker correlations. Squares with no annotation correspond to not statistically significant correlations (p-val-
ue>0.05). Statistical significance is marked as follows: *(p-value <0.05), ** (p-value <0.01), and *** (p-value <0.001). For each category, the number of days falling

within that category is reported.

peculiar meteorological conditions.

The seasonal co-variability analysis (Figs. 5 and 6) reveals a gener-
ally negative association between UHII and UPII for NO, PM;o, PMy s,
and O3 during winter. This suggests that higher UHII is often associated
with reduced urban-rural pollutant contrasts, likely due to enhanced
boundary layer development and pollutant dispersion during warmer
urban nights. Conversely, in summer, this relationship becomes weaker,
especially for aerosols, reflecting stronger photochemical activity and
more efficient mixing, which diminishes the spatial pollutant difference.
The UPII for O3 remains predominantly negative across UHII intervals
and seasons, except for the highest UHII values in spring and summer,

supporting the role of NO titration in O3 destruction reactions in high-
emission urban cores.

Correlation analysis over the entire 2019-2023 period (Fig. 7) re-
veals strong negative associations between UHII and UPII for NO (p =
—0.60), PM;o (p = —0.45), NO3 (p = —0.35), and PMy 5 (p = —0.34). In
contrast, UHII is positively correlated with O3 (p = 0.54) and NOy/NO (p
= 0.42), further indicating that the air mass is aged and that it is at a
great distance from the emission sources. Also, the Os formation is
enhanced by elevated solar radiation and, consequently, by higher at-
mospheric temperatures. Its concentrations tend to be higher in rural
areas, where biogenic Volatile Organic Compounds (VOCs) are
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abundant and NO levels are relatively low, limiting the titration process
that would otherwise degrade Os, determining a positive correlation
with UHII (Zhang et al., 2023; Guo et al., 2024). These results reflect the
complex interplay between thermodynamic conditions, emission sour-
ces, and atmospheric chemistry. When the analysis is restricted to
selected meteorological events, the strength of the UHII-UPII correla-
tions becomes more pronounced. In particular, heatwave and calm wind
conditions show the highest absolute correlation values, with negative
correlations peaking for NO and positive correlations for Os. The anal-
ysis of compound events reveals further amplification of these associa-
tions, in particular during days featuring co-occurring of heatwaves and
calm winds or atmospheric stagnation (Fig. 8). This demonstrates that
concurrent adverse weather events can intensify the coupling between
urban heat and pollution anomalies, highlighting the importance of
considering compound atmospheric conditions when assessing urban
environmental risks.

Our findings are consistent with studies from other urban contexts.
Hereher et al. (2022), using satellite-based products, reported maximum
UHII values at Greater Cairo (Egypt) during winter, along with strong
seasonal correlations with NOo (R®=0.59in spring) and CO (R?=0.51
in winter). Similarly, Nasar-u-Minallah et al. (2025) identified signifi-
cant positive correlations between UHII and both NO, and CO in Lahore
(Pakistan). Li et al. (2020), employing observational data and WRF-
Chem simulations in Berlin (Germany), observed UPII peaks during
cold winter days and summer heatwaves, underlining the role of
boundary layer dynamics and air temperature in promoting pollutant
accumulation. Similar to this work, they identified a negative correla-
tion between UHII and UPII for PM, particularly marked in summer. Li
et al. (2018) further reported a nighttime UHII-UPII correlation of
—0.31 for near-surface PMj, attributing it to aerosol-induced longwave
radiation trapping and reduced solar input. Wang et al. (2021), ana-
lysing the Yangtze River Delta (China), identified positive correlations
between daytime UHII and Os and negative ones with PM; o, PMy 5, NOo,
sulfur dioxide (SO5), and carbon monoxide (CO). In India, Arunab and
Mathew (2024) and Mathew and Arunab (2025) found moderate posi-
tive correlations between UHII and CO, NO,, and Os, while reporting
weaker associations with formaldehyde, aerosols, and SO,. In contrast,
Mishra and Mathew (2022) found weak correlations between UHII and
aerosol optical depth in Delhi (India), with R? ranging from 0.002 to
0.480.

Multiple linear regression analysis (Table 3) highlighted daily
average air temperature and wind speed as the primary meteorological
predictors of UPII, especially for NO (f1 = 9.99 and ps = 8.05 "C/(m/s) ),
O3 (B1 =5.10 and f5 = 5.04 "C/(m/s) ), and NO, (p1 = 4.41 and ps = 3.45
‘C/(m/s) ), while lower influence is found for the particulate matter
fractions. These findings align with Lokoshchenko and Alekseeva
(2023), who found that average daily wind speed and cloudiness were
the dominant factors influencing UHII in Moscow (Russia), with multi-
ple correlation coefficients of 0.82 and 0.76, respectively. Morris et al.
(2001) reported similar dependencies in Melbourne (Australia), where
nocturnal UHII scaled inversely with approximately the fourth root of
wind speed and cloud cover. Finally, Rybarczyk et al. (2025) identified a
strong positive association between PMy 5 concentrations and air tem-
perature in Quito (Ecuador), emphasizing the feedback between thermal
conditions and aerosol amount. Patterns observed in Rome are consis-
tent with other cities across climates, indicating that UHII-UPII dy-
namics share common mechanisms. On the other hand, this association
is clearly modulated by meteorological conditions, particularly air
temperature and wind speed, and further shaped by local factors, such as
urban morphology and emission characteristics. These results have
practical implications: urban planning measures can target periods of
heightened heat and pollution stress (e.g., summer heatwaves, winter
stagnation events) and inform environmental policies for mitigating
combined heat and air pollution exposure.

Despite the robustness of the adopted methodology and the
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comprehensive multi-year dataset, several limitations of the present
study must be acknowledged. First, the reliance on fixed urban and rural
stations may not fully capture the spatial heterogeneity of urban envi-
ronments or the influence of specific local sources. The geographical
mismatch between this rural site and the location of the meteorological
stations used for UHII calculations may introduce uncertainties, espe-
cially under heterogeneous emission and dispersion conditions. A more
spatially resolved approach, integrating multiple rural and peri-urban
reference sites, would reduce this potential bias and allow for a more
robust characterization of urban-rural contrasts. Similarly, the temporal
window analysed (2019-2023) limits the capacity to identify long-term
trends and potential shifts induced by climate change or emission policy
changes. Then, the UHII-UPII diurnal mismatch complicates direct
comparison. In fact, UHII typically reaches its maximum intensity dur-
ing nighttime hours, primarily due to the thermal inertia and high heat
storage capacity of urban materials, which release accumulated heat
after sunset. In contrast, UPII tends to peak during daytime, when
anthropogenic emissions, particularly from vehicular traffic, residential
heating, and industrial activities, are at their highest. Besides, the study
focuses exclusively on atmospheric dynamics and thermodynamic con-
ditions, without explicitly accounting for radiative feedback and
photochemical processes, which are known to significantly modulate
both pollutant concentrations (e.g., ozone formation) and the energy
balance of urban areas. As such, the results primarily reflect the influ-
ence of meteorology-driven dispersion and accumulation mechanisms
and may underestimate the role of chemical transformation and aero-
sol-radiation interactions. In addition, it is important to stress that
statistical correlations presented in this study do not imply strict
causation. Mechanistic interpretations, such as the role of daytime
emissions trapped in the nocturnal boundary layer, are intended as
physically consistent hypotheses aligned with established atmospheric
processes, rather than direct inferences from the correlation analysis
alone. Finally, this study relies on linear regression models to explore the
statistical relationships between UPII and meteorological variables, with
adjusted R? values ranging from 0.24 to 0.49 (see Table 3). This in-
dicates that a substantial fraction of the variability in UPII, particularly
for PMj 5 and Os, remains unexplained by the meteorological predictors
included in the present analysis. Several factors may account for this.
First, key atmospheric variables that modulate both pollutant concen-
trations and urban thermal dynamics, such as planetary boundary layer
height, cloud cover, and incoming solar radiation, could not be incor-
porated because they are not routinely measured by the operational
monitoring networks used in this study. These parameters strongly in-
fluence vertical mixing, photochemical activity, and dilution processes,
and their absence inevitably limits the model’s ability to capture day-to-
day variability in UPIL Second, the coarse temporal resolution of par-
ticulate matter data (available only as daily averages from ARPA Lazio)
may further smooth short-term variability and reduce the model’s
sensitivity. Additionally, secondary formation processes (particularly
for O3 and fine particles) are inherently non-linear and can respond to
complex interactions between emissions, solar radiation, and chemical
reactions that are not adequately represented by linear models. For these
reasons, the regression results should be interpreted as first-order ap-
proximations of meteorological influence on UPII. More advanced ap-
proaches, such as non-linear regression, generalized additive models
(GAMs), machine learning algorithms, or causal inference frameworks
integrating statistical analysis with numerical simulations, could better
capture the complex and potentially non-linear interactions between
urban climate and air quality.

To address these limitations, future research should consider
expanding the temporal coverage to include longer climatic periods,
testing machine learning algorithms, and adopting more flexible or
spatially resolved definitions of UHII and UPIL Integrating radiative and
photochemical components into the analytical framework, possibly
through coupled atmospheric chemistry and radiative transfer models,
would allow for a more complete assessment of the feedback
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mechanisms between urban warming and air pollution. As demon-
strated, cloud cover and incoming solar radiation play a fundamental
role in the association between UPII and UHII. Incorporating radiative
and photochemical processes would allow a more complete assessment
of feedbacks between urban warming and air pollution, providing
valuable insights for sustainable urban management.

6. Conclusions

This study presents a comprehensive analysis aimed at exploring the
relationship between UHII and UPII over the city of Rome (Italy) over
the period 2019-2023, using observations of air temperature, atmo-
spheric particulate matter fractions (PM;o and PMj 5) and gaseous pol-
lutants (NO, NOg, and Os) concentrations, together with the NOy/NO
ratio. UHII-UPII interactions were examined through lag-correlation
analysis, multiple linear regression, and Spearman rank correlations,
including evaluations under specific meteorological conditions.

The key findings can be summarized as follows:

e UHII and UPII exhibit pronounced but opposite seasonal cycles for all
pollutants except for O3, with UHII peaking in summer and UPII in
winter. This pattern reflects seasonal differences in anthropogenic
emissions, boundary layer dynamics, and atmospheric stability;
during summer, high UHII frequently coincides with medium-to-
high UPII levels, especially for PM;y, PMsy s, NO, and NOs. This
highlights the concurrent stress from heat and pollution under
summer conditions;

the lag-correlation analysis demonstrates that UHII is most strongly
associated with UPII when it is shifted one day backward. This result
is physically consistent, considering that UHII is calculated from
nighttime temperatures, which reflect the atmospheric conditions
influenced by pollutant emissions from the previous day. During
stable nighttime conditions, these pollutants tend to remain trapped
in the nocturnal boundary layer, enhancing UPII;

air temperature and wind speed emerge as the dominant meteoro-
logical drivers of UHII-UPII variability, influencing both heat accu-
mulation and pollutant dispersion;

correlation analysis reveals generally negative relationships between
UHII and UPII for PM; o, PM> 5, NOo, and NO, and positive correla-
tions for the NO,/NO ratio as well as for Os, largely dictated by their
opposing seasonal behaviours and by photochemical and titration
mechanisms;

calm wind conditions and heatwave events, also co-occurring,
significantly amplify the UHII-UPII coupling, particularly for Os,
NO, and PM; . This highlights the synergistic role of adverse weather
conditions in enhancing both urban warming and pollution exposure
risks.

Overall, the results show that UHII-UPII interactions arise from a
combination of meteorological drivers, emission patterns, and chemical
processes, and cannot be interpreted solely through thermal anomalies
or pollutant loadings.

Beyond its scientific contribution, the proposed framework may also
be used as a predictive tool to simulate future UHII and UPII scenarios
under different climatic and land-use conditions, including increasing
greenhouse gas emissions, when UHI effects may amplify climate change
impacts. Such applications can support the design of mitigation and
adaptation strategies, such as nature-based solutions, optimized venti-
lation corridors, or targeted emission reduction policies. Moreover, the
framework offers socio-economic insights by highlighting implications
for health risks, energy demand, and uneven exposure among urban
populations, thus supporting the design of adaptation strategies that are
both effective and equitable. More broadly, the results contribute to
ongoing efforts aligned with Sustainable Development Goals 11 and 13
of the 2030 Agenda for Sustainable Development (Walsh et al., 2022).
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