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Mapping seasonal PM; s distribution in Novi Sad

From sensor-based observations to land use
regression modelling
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Abstract— Air pollution in Serbia is characterized by
pronounced seasonal variability, with the heating period
representing the most critical phase in terms of fine particulate
matter (PMzs). Understanding both short-term dynamics and the
spatial distribution of PM: s in urban environments remains a key
challenge. This study focuses on the assessment of PMozs
variability in Novi Sad, combining high-resolution sensor
measurements with spatial modeling perspectives. A field
campaign was conducted at 21 locations across urban, industrial,
mixed-use, and background environments during heating and
non-heating seasons. The use of low-cost sensors enabled detailed
insight into short-term fluctuations and daily patterns of PMa;s
concentrations. Wind and pollution roses were employed to
explore dominant dispersion patterns and to better understand
the influence of prevailing meteorological conditions on pollutant
transport. To support data reliability, sensor measurements were
compared with reference measurements, demonstrating a
satisfactory level of agreement and confirming their suitability for
further analysis and spatial interpretation. As a key outcome,
high-resolution seasonal prediction maps of PMz.s are presented
as an extension of previously developed Land Use Regression
(LUR) models for Novi Sad, representing the first implementation
of this approach in Serbia. These maps reveal spatial distribution
patterns, pollution hotspots, and potential exposure gradients
across the urban area. In addition, a preliminary assessment of
chronic health impacts based on PMa:s exposure at selected
monitoring locations will be discussed. Particular attention will be
given to the interpretation of prediction maps and their role in
understanding spatial exposure patterns in urban environments.

Keywords— urban environment, particle pollution, land use
regression modeling, health risk assessment

I. INTRODUCTION

Particle pollution represents one of the most important
challenges of wurban air quality worldwide. Various
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anthropogenic activities contribute to the emission of fine
particulate matter (PMs), which is considered one of the most
harmful air pollutants from a health perspective, since it can
penetrate deep into the respiratory system and lead to a range of
adverse health outcomes [1-3]. The World Health Organization
identifies long-term exposure to PM,s as one of the leading
environmental risk factors globally [1]. In many European
cities, air pollution shows strong seasonal patterns [4-5], with
notably higher concentrations during the heating seasons. This
is mainly driven by increased residential combustion practices
and unfavorable meteorological conditions that limit pollutant
dispersion [6]. Serbia is particularly affected by this seasonal
pattern and is often recognized as one of the countries with
severe winter air pollution episodes [7], largely due to the
widespread use of diverse household heating systems and high
traffic density [8]. Understanding the spatial distribution of
PM, s within urban environments is therefore crucial for reliable
exposure assessment and effective air quality management.
However, in Serbia, traditional stationary monitoring networks
are often too sparse to capture fine-scale spatial variability
within cities. As a result, low-cost sensor (LCS) devices have
increasingly been used to improve the spatial and temporal
resolution of air pollution measurements [9-11]. Although these
LCS devices require careful calibration and validation, many
studies have confirmed their usefulness when combined with
reference measurements [10, 11].

Alongside LCS measurements, Land Use Regression (LUR)
modeling has become one of the most widely used approaches
for explaining spatial variability in urban air pollution [12, 13].
The LUR model is a popular method used in health studies
[14], has the potential for high predictive efficiency, and is used
to estimate air pollution intercity and even state-level variation
of pollutants [15]. These models rely on statistical relationships
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between measured pollutant concentrations and environmental
predictors such as traffic intensity, land use, population density,
industrial zones, and green infrastructure [16, 17]. Depending
on the available data and the pollutants of interest, each model
includes a specific set of predictor variables [18]. Some of the
recent studies have highlighted the potential and benefits of
combining LUR models with high-resolution LCS data and
GIS-based predictors to improve spatial resolution and
exposure assessment [19]. In parallel, machine learning (ML)
techniques are also being integrated into these frameworks,
further improving model performance. Reference [20] showed
that LCS data, when properly quality-controlled and combined
with LUR approaches, can successfully predict monthly PM; s
concentrations in urban areas, supporting their use in exposure
assessment and epidemiological studies. While [21],
demonstrated that integrating LCS with microscale LUR
models enables detailed mapping of NO, and O3 at very high
spatial and temporal resolution, where LCS captures temporal
variability, and LUR provides spatial structure. Similarly, [22]
found that combining LCS data with LUR modeling improves
the prediction of ultrafine particle distributions, with ML
methods (Random Forest), performing better than traditional
LUR approaches and enabling reliable extrapolation from small
monitoring areas to city-scale levels.

This study represents the first attempt in Serbia to develop
seasonal high-resolution PM; s LUR models based on calibrated
LCS measurements. Data configuration was built on a
previously conducted campaign in Novi Sad in which the first
seasonal gravimetric-based PM,s LUR (gr LURpwm25) models
were developed for the same study area [23]. Additionally, the
study investigates seasonal and intra-urban variability of PM3 s
concentrations. The analysis includes the development and
evaluation of seasonal LCS LUR models, characterization of
spatial and daily variation patterns, and comparison of
prediction maps with those derived from gravimetric-based
models. Besides these analyses, a preliminary chronic health
risk assessment was conducted for a specific set of sampling
locations. The main aim is to provide a more detailed
interpretation of air pollution patterns in Novi Sad using the
LCS devices and to identify the main spatial drivers of PMa
variability relevant for urban exposure.

II. MATERIAL AND METHODS

A. Study area

The presented urban study was conducted within the
administrative territory of the Novi Sad municipality. Novi Sad
is a major urban-industrial center and the administrative capital
of the Autonomous Province of Vojvodina. The city
experiences frequent seasonal ambient air pollution, particularly
pronounced during the heating periods. Measurements were
distributed across the urban conurbation comprising Novi Sad,
Petrovaradin, and Sremska Kamenica.  Conurbation
encompasses diversity in land use and emission sources that
contribute to pronounced spatial variability in PMoss
concentrations across the study area.

B. Sampling frame

The PM, s sampling campaign was conducted during both
the winter and summer seasons across 21 locations in Novi Sad.

The sampling network included sites within the urban core of
Novi Sad and surrounding areas, as well as locations at the
urban-industrial, industrial, and background interfaces, and
additional sites in Petrovaradin and Sremska Kamenica (Fig. 1).
So, the sampling sites were classified into urban (URB),
industrial (IND), mixed-use (URB/IND), and background
(BCQG) categories (Table 1).
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Fig 1. Map of sampling sites within the sampling frame

Measurements were carried out during 2020 and 2021, with
the campaign extended due to the COVID-19 pandemic. PM; s
concentrations were measured using LCS devices continuously
co-located with reference gravimetric samplers (Leckel LVS3).
Each site was monitored over a 10-day period using a rotational
sampling pattern, ensuring full spatial coverage. LCS provided
high time-resolution data, which were calibrated through co-
location with a reference monitoring station operated by the
Serbian Environmental Protection Agency (SEPA). The
majority of locations were urban, characterized by varying
traffic intensity and diverse heating practices during winter,
representing dominant sources of PM.

TABLE 1. MEASURING LOCATIONS SPECIFICATION

Id Location Latitude | Longitude Location type
1 VCSCII];Ia 4526928 19.83304 URB — trgfﬁc, district
Maslese heating area
2 | Temerinskiput | 4529313 | 19.83101 | . , URB-waffic,
individual heating area
3 Svetoza‘r'a 45.28565 19.82087 URBY/IND - residential,
Savkovica low traffic area
4 | Sopocanska | 4526471 | 19.83378 | URB-residential, low
traffic area
5 Sirine I 45.22417 19.86177 URB - residential area
6 | SaveLjubojeva | 4526074 | 19.7998 URB - residential, no
traffic area
7 Rumenacki put | 45.24968 19.82467 IND — high traffic area
8 Rackog 45.23406 19.88453 URB — traffic area
9 Pavla Ivica 45.25226 19.83725 URB - residential area
10 Partizanska 45.24932 19.87728 URB - traffic area
| Mise s oag14 | 19.83448 URB - traffic area
Dimitrijevi¢a
12 | Juraja Krizani¢a | 45.27573 19.80066 URB — traffic area
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13 Jevrejska 4522818 19.89271 URB - high traffic area

14 | Janka Cmelika | 45.26472 19.80861 URB - low traffic area

15 Hajduk 4524167 | 1980375 | URB-mixedheating
Veljkova 4 area

16 Hajduk 4525749 | 19.8238 URB - traffic area
Veljkova 11

17 Jire¢ekova 45.26078 19.80913 BCG - background area

18 | Darinke Gruji¢ | 45.24124 19.85262 URB - residential area

19 Bulevar 4523936 | 19.78643 URB - mixed heating

patrijarha Pavla
20 | Beogradski kej 45.25608 19.85465 URB - traffic area
21 Balzakova 45.23787 19.83439 URB - residential area

Monitoring equipment was installed at heights of 1-3 m
above ground level, typically on terraces or rooftops, and
positioned at varying distances from city roads to capture
representative ambient conditions, while minimizing micro-
scale influences.

C. Particle LUR model development and verification
1) Potential predictors

Seasonal PM,s concentrations and a collected set of
environmental predictors were used to develop LUR models
for the winter and summer seasons. Predictor variables were
derived using QGIS and included land cover, land use, traffic
intensity, road characteristics, distance to the Danube River,
and population density (Fig. 2). These predictors represent
environmental and anthropogenic factors potentially
influencing the spatial variability of PM,s concentrations.
Expected directions of effect were assigned based on existing
literature and known emission sources. A more detailed
description is given in previously developed gravimetric-based
seasonal PM» s LUR models for Novi Sad [23].
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Fig 2. Potential predictors in the QGIS software

2) Model development

Model development followed a supervised forward
selection procedure, consistent with established LUR
methodologies [24] and model modification of previously
developed and applied in Novi Sad for PM, 5 pollution as well
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[23]. Initially, all predictors were evaluated using univariate
linear regression, based on Pearson correlation coefficients (r)
and statistical significance (p-values). Only predictors with
meaningful associations and expected effect directions were
retained. The model was then built incrementally, starting with
the strongest predictor and sequentially adding variables while
assessing model performance. Given the limited sample size
(N=21), strict selection criteria were applied. Predictors were
required to be statistically significant or near-significant,
consistent in effect direction, and free of missing values.
Model performance was evaluated using standard statistical
indicators, including adjusted R? as the primary measure of
explained variance, incremental contribution (Aadj. R?), p-
values for significance testing, variance inflation factor (VIF)
to assess multicollinearity, and root mean square error (RMSE)
to quantify prediction error. Three criteria guided model
development: each additional predictor had to increase
adjusted R? by at least 1%, coefficients had to maintain their
expected direction, and previously included predictors could
not change sign. The final model retained only predictors with
p-values <0.10. The final LUR model can be expressed in its
general equation form [25]:

y=PBo+Pix1+ BoXo+ . BuXnt+ € (D

where y represents the predicted PM» s concentration, Sy is the
intercept, B; are the regression coefficients, and x; are the
selected predictors.

3) Model evaluation and validation

Prediction model evaluation included verification of
regression assumptions, such as the identification of influential
observations using Cook’s distance, assessment of
heteroskedasticity using the White test, and evaluation of
residual normality through skewness and kurtosis [26]. Model
validation was performed using leave-one-out cross-validation
(LOOCYV). In this approach, each observation was iteratively
excluded, the model recalibrated, and predictions generated for
the omitted location. Validation performance was assessed
through changes in adjusted R?> and RMSE, providing an
estimate of model robustness and generalizability, particularly
suitable for small datasets [27].

4) Potential chronic health risk assessment

Potential chronic health risk from PM,s exposure was
assessed using a standard inhalation as the primary way of
exposure. The lifetime average daily dose (LADD) was
calculated as the average daily intake over a lifetime, based on
measured PM, s concentrations and exposure parameters such
as inhalation rate, exposure frequency and duration, and body
weight. Health risk was characterized using the hazard quotient
(HQ), defined as the ratio of LADD to the reference dose. HQ
values below 1 indicated negligible risk, while values above 1
suggested potential adverse health effects from chronic
exposure [28]. The analysis was conducted for different
populations (children, adults, the elderly, as well as males and
females) and age groups (3-9, 10-17, 18-29, 30-59, and >60) to



account for differences in exposure patterns and susceptibility
from a seasonal shift perspective.

III. RESULTS AND DISCUSSION

A. Estimated seasonal PM> s concentrations in Novi Sad

Since 48h PM,s wmeasurements were not conducted
simultaneously across all sampling locations, temporal
variability was previously addressed through a correction
procedure to avoid bias in spatial comparisons. All PM
observations were standardized to a common seasonal baseline
using data from a SEPA reference monitoring site, with
seasonal (winter and summer) mean concentrations applied.
Obtained values represented estimated seasonal PMass
concentrations and are shown in Fig. 3.
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Fig 3. Estimated seasonal PM, 5 concentrations

By the descriptive statistical analysis of estimated PM, s
seasonal concentrations, pronounced differences between
summer and winter periods were revealed, both in terms of PM
concentration levels and spatial variability (Table 2). Estimated
seasonal PM»s concentrations during the summer period
indicated generally low pollution levels, characteristic of the
non-heating season. The mean PM, s concentration was 12.65
pg/m?®, accompanied by a relatively low standard deviation
(SD) of 3.16 pg/m’, suggesting limited spatial variability and
relatively homogeneous emission sources across the study area.
The median (MED) value of 12.25 pg/m? closely matches the
mean, indicating a near-symmetric distribution without a strong
influence of extreme PM values. The concentration range was
from 3.88 upg/m’ to 1791 pg/m’, where the lower
concentrations reflected low-emission environments or
background, while the upper concentration bounds were linked
to more localized sources, such as traffic-influenced urban
areas. Regarding quartile values, the 25" percentile and 75%
percentile of 11.72 pg/m® and 14.09 pg/m?®, respectively,
indicated that the majority of observations are concentrated
within a relatively narrow interval, further confirming low
spatial heterogeneity. Relatively stable and uniformly
distributed PM»s concentrations across the sampling area
reflect weaker emission sources and more favorable
atmospheric dispersion.

TABLE 2. DESCRIPTIVE DATA FOR ESTIMATED SEASONAL PM, s VALUES

Statistics data Summer season Winter season
Mean 12.65 35.50
Median 12.25 32.83
Std. Deviation 3.16 8.08
Variance 9.99 65.23
Minimum 3.88 24.18

292

Maximum 17.91 53.90
25th percentile 11.72 3041
50th percentile 12.25 32.83
75th percentile 14.09 38.99

Opposite to the non-heating period, the heating season is
characterized by substantially elevated PM,s concentrations
and increased spatial variability. Estimated seasonal PM;s
values ranged greatly, from 10.36 pg/m’ to 81.67 pg/m’,
indicating the occurrence of moderate and extremely high
pollution levels. Particularly high values were observed in
suburban areas, reflecting pronounced heterogeneity in heating
systems and fuel types (wood, coal, rubber) during the heating
season. The MED value of 32.83 ug/m? was lower than the
mean, indicating that higher concentration values contributed to
the overall average. The SD of 8.08 pg/m? confirmed
significantly greater spatial variability compared to the summer
conditions. The concentration range was from 24.18 pg/m?® to
53.90 pg/m3, representing a threefold increase compared to
summer, highlighting the presence of localized high-
concentration hotspots. The max value of 53.90 ug/m> notably
exceeds the seasonal mean, suggesting the influence of strong
local emission sources and/or unfavorable dispersion
conditions. Quartile values of 25™ and 75" percentiles were
30.41 pg/m® and 38.99 pg/m’, further indicating a broad
distribution of values across sampling locations.

B. Spatial variability of seasonal and daily PM
concentrations

The spatial differentiation of PM» s concentrations across
sampling locations directly reflected the influence of local
emission sources, land-use characteristics, and seasonal
factors. URB locations, which constitute the majority of
sampling sites (18), during the summer were primarily
influenced by traffic emissions from different types of vehicles
(passenger cars, city transportation, and trucks). These types of
sites are expected to contribute substantially to elevated PM s
concentrations due to the combined effects of exhaust
emissions, non-exhaust particles, and, in the winter, residential
heating. These locations, therefore, had concentrations from
3.88 ug/m?® to 17.91 pg/m? in summer, and from 24.18 pg/m3
to 53.90 ug/m® in winter. URB/IND and IND locations had
average concentrations of 14.09 pg/m?® and 14.45 pg/m?® during
summer and 44.79 pg/m® and 38.99 pg/m® during winter.
These areas are characterised by similar emission sources such
as traffic, residential heating, and low industrial activities,
depending on the season. Generally, sampling locations placed
on the edge of the urban core during the winter (in suburban
areas) had the highest concentrations, due to mixed heating
systems. Pollution levels in the urban core originated
predominantly from traffic, considering that the city's heating
plant does not use dirty fuels. Urban BCG sites during summer
and winter had higher concentrations of 11.19 ng/m?* and 37.31
pug/m?, particularly during the winter, compared to other
locations. Higher pollution levels could be the consequence of
regional pollution or pollution resulting from atmospheric
transport.

Additionally, daily PM, s variability confirmed pronounced
spatial and seasonal differences between monitoring site types



(Fig. 4). Spatial variability was mostly determined by the
proximity and intensity of local anthropogenic emission
sources. Daily PM> s levels at URB locations generally range
from 7 pg/m® to 22 pg/m3, while winter values frequently
exceeded 50-65 pg/m® during short-term pollution episodes.
The lowest daily concentrations were observed at URB sites
placed in suburban areas such as Tatarsko brdo and Adice,
where summer values occasionally dropped below 5 pg/m?,
indicating favorable ventilation and weaker local emission
influence. IND and URB/IND locations exhibited the strongest
seasonal contrasts and the highest overall variability. During
summer, IND concentrations ranged from 8.4 pg/m’ to 21.5
pg/m?®, while URB/IND sites showed values between 9.6 and
17.1 pg/m3. In winter, the IND site recorded concentrations
between 20.2 pg/m’ and 59.3 pg/m® (average value 33.7
ng/m?), whereas the URB/IND location showed the highest
overall levels, ranging from 8.8 pg/m® to 95.4 pug/m3 with an
average concentration of 41.4 pg/m® Although winter
concentrations increased at all sites, the BCG location still
maintained comparatively lower and more stable values
relative to the more emission-affected areas. The BCG daily
PM levels, concentrations during both seasons, were between
8.6 ng/m? and 23.9 pg/m? in the summer, and from 9.5 pg/m3
to 54.1 pg/m? in winter. These values indicated that, despite
regional winter pollution accumulation, the absence of strong
nearby emission sources reduced the intensity of short-term
concentration peaks compared to the URB/IND location.
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293

C. Pollution roses and potential wind influence

Summer pollution roses provided relatively low and stable
PM, s concentrations, ranging between 6-26 pg/m* (Fig. 5). No
statistically significant relationship was observed between wind
speed and PM,s levels, indicating that meteorological

conditions had a limited influence on PM dispersion during this
period. Instead, variations in air quality were primarily
governed by local emission sources in the immediate vicinity of
the monitoring locations.

Fig 5. Pollution roses for an individual location in the summer period

In contrast, the winter revealed a much stronger influence of
wind on PM 5 concentrations. Correlation analysis showed that
seven locations exhibited statistically significant relationships
between wind speed and PM,s, with moderate to strong
negative correlations from 0.65 to 0.88 (p=0.004 and
p=0.0008). This confirmed that low wind speeds contributed to
the accumulation of particles in the near-surface atmospheric
layer. Wind direction also played a critical role, with the
highest concentrations, reaching up to 100 pg/m3, recorded
under easterly winds. At locations characterized by intensive
traffic (such as Partizanska and Jevrejska streets) and
residential areas dominated by individual heating systems (such
as Sopocanska and Temerinski put), these wind conditions were
associated with elevated PM,s levels, indicating a direct
contribution from traffic emissions and solid fuel combustion.
Winter pollution roses are given in Fig. 6.
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Fig 6. Pollution roses for an individual location in the winter period



D. Seasonal PM s LUR model development and evaluation

1) Summer model
a) Model development

The LCS-based summer LUR model (LURpwm25 summer) for
Novi Sad was developed by using only one statistically
significant predictor, forest area 1000m. This predictor
represents the forested and green areas within a 1000 m buffer
around the sampling locations, and reflects the influence of
vegetation and natural surfaces on PM, s spatial distribution
during the non-heating period. The final LURpMm2.5_summer model
achieved an R?=0.36 and adj.R?=0.33, indicating that
approximately 33% of the spatial variability in PMays
concentrations could be explained by the selected predictor.
The incremental contribution of the predictor (AR?>=0.36) only
confirmed that the predictor independently explains a
considerable proportion of the observed variance. The model
was highly statistically significant (p=0.005), indicating a
robust relationship between surrounding green areas and PM; s
concentrations. Importantly, the regression coefficient
associated with the predictor was negative (B = -9.47 x 107),
demonstrating that increased forest and green-area coverage is
associated with lower PM,s concentrations. The regression
equation of the LURpm2.5_summer model is given in equation 2:

y =14.16 —9.47 * 1076 forest_area_1000m

Recent studies supported the role of vegetation as a
significant predictor in PM,s LUR models. Study [29]
identified the proportion of mixed forest within a 5000 m
buffer as a statistically significant negative predictor of PM> s
concentrations, confirming the role of forest ecosystems in air-
pollution reduction. Similar findings were reported in recent
high-resolution studies [31, 32], where dense LCS networks
successfully isolated vegetation-related spatial PM, s gradients
during non-heating conditions, when the influence of
residential heating emissions was absent.

b) Model evaluation

The model predictive uncertainty was relatively low, with
an RMSE value of 2.51 pg/m®. Considering the lower overall
summer variability and SD value of 3.06 pg/m?, this result
indicated good predictive performance and suggested that the
summer model effectively captures the dominant spatial
patterns of PM,s during the non-heating season. The lower
RMSE also reflects more homogeneous atmospheric
conditions and reduced short-term emission variability. Further
evaluation confirmed the statistical reliability of the model.
Since only one predictor was retained in the final equation,
multicollinearity was not present with VIF=1.00. Residual
analysis showed no influential observations, with all Cook’s
distance values remaining below the critical threshold of 1,
while comparison of residuals and predicted values showed the
absence of substantial heteroscedasticity (Fig. 7).
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Fig 7. Comparison of residuals with predicted values

In addition, residuals demonstrated acceptable distribution
characteristics, including moderate skewness of 0.579 and a
negative kurtosis value of -1.05, indicating that the
assumptions of linear regression were adequately satisfied. The
Q-Q plot confirmed that the residuals distribution closely
followed the expected normal distribution, with only minor
deviations observed at the distribution tails (Fig. 8).
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Fig 8. Q-Q plot of standardized residuals for the LURpM2.5 summer model

The absence of strong anthropogenic predictors, such as
traffic or residential heating indicators, suggests that summer
PM, s concentrations are less influenced by intensive local
emissions and more dependent on land-cover structure,
vegetation presence, and urban morphology.

¢) Model validation

The results from the LOOCV validation process revealed
R?=0.757, RMSE=3.159 nug/m?, mean absolute error (MAE) of
2.519 pg/m’, and mean absolute percentage error (MAPE) of
24.29%. The obtained R? value indicated that approximately
76% of spatial variability in PM,s concentrations was
explained during validation, demonstrating strong predictive
performance (Fig. 9).
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Fig 9. Estimated versus predicted PM, 5 values for the LOOCV validation

Lower RMSE and MAE values supported the robustness of
the summer model, although certain deviations were observed
at individual locations, where the model tended to slightly
underestimate or overestimate concentrations. Prediction errors
remained relatively small across most monitoring locations,
reflecting the more homogeneous atmospheric conditions and
reduced influence of dominant combustion-related sources
during the non-heating season. These discrepancies were
observed at several locations, suggesting that local micro-scale
influences or short-term variability could not be fully captured
by the single-predictor model.

2) Winter model
a) Model development

The winter Land Use Regression (LURpm2.5 wineer) model
was also developed using a single predictor, but in the case of
the heating period, that was suburban area 3000m. This
variable represents the suburban area within a 3000 m buffer
around each sampling location, and serves as an indirect
indicator, a proxy, of suburban residential zones characterized
by individual heating systems and mixed fuel combustion
practices. The final model achieved an R? of 0.27 and an adj.R?
value of 0.23. These results indicated that approximately 23%
of the spatial variability in winter PM» s concentrations can be
explained by the selected predictor. Although the explained
variance is lower, such performance is expected in studies with
a limited number of sampling locations and in complex urban
environments, where PM> s concentrations are influenced by
heterogeneous interacting local and regional factors. The
incremental contribution of the predictor, AR?=0.27,
demonstrated that this proxy predictor alone explained the
entire explanatory capacity of the model. The model itself was
statistically significant (p=0.02), confirming that the observed
relationship between suburban area characteristics and PM s
concentrations is unlikely to be the result of random
variability. The regression coefficient associated with the
predictor was positive (B=2.03 x 10°°), indicating that larger
suburban areas surrounding monitoring locations are
associated with higher PM; s concentrations. This finding is
highly consistent with the local emission structure of Novi Sad
during winter, especially under stable atmospheric conditions
and reduced dispersion capacity.

The regression equation of the LURpwm25 winer model is
given in equation 3:

y =30.77 + 2.03 * 107° % suburban_area_3000m

Similar observations have been reported in previous urban
LUR studies [32-35], where suburban residential density or
mixed suburban land-use classes acted as proxies for domestic
heating emissions during the cold period. Reference [32]
identified  suburban  urban = morphology,  building
characteristics, and land-use structure as important predictors
of winter PM,s variability, while [33] emphasized the
combined influence of meteorological conditions, traffic
infrastructure, and land-use characteristics during heating
periods. Pollution patterns associated with residential heating,
but also traffic-related emissions during cold periods, were
reported by [34] and [35], where road infrastructure and
urbanized residential areas represented significant predictors of
PM, 5 concentrations.

b) Model evaluation

Winter model predictive uncertainty, expressed through
RMSE=7.08 ug/m? indicated moderate prediction error
relative to the observed winter variability (SD=8.08 pg/m?).
This suggested that the model successfully captured broader
spatial gradients in winter particle pollution, although a good
portion of localized variability remains unexplained. Such
unexplained variability is expected due to the influence of
short-term meteorological conditions, micro-scale street
geometry, and highly localized combustion sources that cannot
be fully represented through land-use predictors alone. Further
evaluation confirmed the statistical robustness of the model.
Multicollinearity was absent, residual analysis showed no
influential observations, all Cook’s distance values remained
below the critical threshold of 1, and comparison of residuals
and predicted values showed the absence of substantial
heteroscedasticity (Fig. 10).
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Fig 10. Comparison of residuals with predicted values

Regarding  residuals, they exhibited near-normal
distribution characteristics (Fig 11), with negligible skewness
and acceptable kurtosis values as in the summer model,
indicating that the regression assumptions were not violated
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and that the model was not disproportionately influenced by
extreme observations.

Standardised Residuals

T

Theoretical Quantiles

Fig 11. Q-Q plot of standardized residuals for the LURpM2.5 winter model
c) Model validation

Validation of the developed LURpm25 winer model
demonstrated solid predictive capability despite the model's
limited predictive capacity and the pronounced spatial and
temporal heterogeneity characteristic of the heating season.
Validation results yielded R?>=0.611, RMSE=6.822 pg/m?,
MAE=6.242 pg/m* and MAPE=19.58%. The obtained R?
indicated that approximately 61% of the variability in winter
PM, s concentrations was successfully reproduced during
cross-validation. Considering the complexity of winter
pollution processes, this performance can be considered robust
for a single-predictor winter LUR model. In Fig 12, the
estimated versus predicted values are shown during the cross-
validation process for winter.

Estimated vs. predicted values (winter)
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Fig 12. Estimated versus predicted PM, s values for the LOOCV validation

The RMSE value of 6.82 pg/m’ reflects moderate
prediction uncertainty, which is expected given the large
concentration gradients observed during winter. At the same
time, the MAE of 6.24 pg/m® suggested that average
deviations between predicted and estimated concentrations
remained relatively consistent across locations. The slightly
higher prediction error compared to summer confirms that
winter PM,s pollution is influenced by localized episodic
emission events that are more difficult to fully capture through
land-use predictors alone. Locations associated with mixed
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heating systems and suburban residential areas exhibited the
largest deviations, indicating strong micro-scale variability in
combustion-related emissions.

E. Comparison of seasonal LCS PM 5 and gravimetric PM; s
prediction maps developed for Novi Sad

In the gr LURpMm2.5 summer model, road length within a 50
m buffer was identified as the dominant predictor, emphasizing
the importance of traffic emissions during the non-heating
season as its proxy [23]. The model explained approximately
40.3% of the spatial variability in PM» s concentrations during
summer, indicating that traffic-related emissions remained one
of the principal determinants of urban particulate pollution in
Novi Sad. Similar observations were also given in [16], where
traffic-related variables consistently explained fine-scale PM s
gradients within densely urbanized areas. In contrast to the
previously developed gr LURpm2s summer model that
recognized a source-type predictor, the LURpMm2.5 summer model
within this study identified green area within a 1000 m buffer
as the principal predictor, representing a sink-type
environmental factor. The predictive performance of the model
demonstrated that even a single environmentally meaningful
predictor can successfully capture dominant summer pollution
gradients under relatively homogeneous atmospheric
conditions. The identified negative association between green
areas and PM,s concentrations is environmentally consistent
and agrees with findings reported by [36], who demonstrated
that forest land and vegetated surfaces act as significant
negative predictors of PM,s concentrations through dry
deposition and pollutant filtration processes. The mitigating
effect of urban greenery on particulate matter concentrations
was also confirmed [37], where the role of vegetation barriers
and urban forests in reducing near-road particulate pollution.
Although the predictors differed between the two summer
models, they likely described complementary components of
the same urban pollution system presented in this conurbation.
Similar complementary relationships between traffic-related
and land-cover predictors were reported by [38], where both
road infrastructure and environmental land-cover variables
significantly contributed to summer PM> s variability. In Fig.
13, summer prediction maps for a model developed based on
LCS and gravimetric data.
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Fig 13. Summer LURpy;, 5 models for: a) LCS data and b) gravimetric data

Prediction maps developed based on the LURpm25 summer
model and available land-cover data indicated a clear
mitigating influence of green infrastructure on summer PM; s
concentrations across Novi Sad (Fig. 13a). The lowest
predicted concentrations, approximately 8-12 pg/m3, were
observed within the urban core near the Danube river, as well
as in Petrovaradin and Sremska Kamenica, where larger
forested and vegetated areas are present in close proximity. In
contrast, suburban areas with lower vegetation coverage
exhibited higher predicted concentrations, indicating weaker
environmental mitigation capacity. Overall, predicted
concentrations within the LURpm2 5 summer model ranged from
8.09 ng/m3 to 14.16 pg/m®. LURpM2.5 summer model showed the
ability to reproduce meaningful spatial patterns comparable to
those obtained from gravimetric measurements, which
supports findings by [40], who demonstrated that calibrated
LCS device networks can successfully capture intra-urban
PM,s gradients suitable for LUR applications. Similar
conclusions were obtained by [40], who reported that dense
LCS  networks substantially improve the  spatial
representativeness of PM»s exposure models when properly
calibrated against reference instruments. Reference [41]
additionally emphasized that calibrated LCS devices can
provide reliable high-resolution spatial air-quality information,
particularly in areas with limited regulatory monitoring
infrastructure. These findings confirmed the applicability of
calibrated LCS devices for seasonal PM,s LUR modeling in
urban environments such as Novi Sad.

Conversely, prediction maps derived from the gr LURpm2 5
model more directly reflected the influence of local road
configuration and traffic intensity on PM, s spatial distribution.
Elevated concentrations were particularly pronounced within
densely urbanized central zones and along major suburban
traffic corridors, confirming the strong contribution of traffic
emissions during summer conditions. Predicted concentrations
in the gr LURpm2.5 model ranged from 12.43 pg/m’ to 16.09
pg/m?®, demonstrating narrower spatial gradients but stronger
association with localized emission sources compared to the
environmentally driven LURpMm2 5_summer model (Fig. 13b).
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a) Winter LURpy» s models

Both winter models, gr LURpMm25 and LURpM2.5 winter,
showed a consistent spatial structure regardless of the
monitoring approach used. Suburban land-use characteristics
within a 3000 m buffer emerged as the dominant predictor of
PM, s concentrations, indicating that winter air pollution in
Novi Sad is strongly associated with suburban residential
zones characterized by mixed heating systems and widespread
solid-fuel combustion. Comparable results were described by
[43], who observed that suburban residential and mixed land-
use areas frequently act as proxies for domestic heating
emissions during winter conditions. The gr LURpMm2 5 Winter
model additionally identified road length within a 50 m buffer
as a significant predictor, suggesting that traffic emissions
further intensify PM,s concentrations at micro-spatial scales
during the heating season (Fig. 14b). The model explained
approximately 54.8% of winter PM 5 spatial variability, which
can be considered a relatively strong predictive performance
given the complexity of winter atmospheric conditions and the
pronounced influence of short-term pollution episodes. In
contrast, the absence of the traffic predictor in the
LURpM2.5 winer model may reflect differences in temporal
resolution and LCS response characteristics (Fig. 14a). LCS
devices generally capture broader spatial gradients more
efficiently than short-term local fluctuations, particularly under
winter conditions influenced by elevated humidity, rapidly
changing combustion emissions, and complex aerosol
composition [43]. In Fig. 14, winter prediction maps are given
for a model developed based on LCS and gravimetric data.
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Fig 14. Winter LURpym» s models for: a) LCS data and b) gravimetric data

Prediction maps derived from both winter models
confirmed the dominant influence and spatial stability of
suburban heating emissions on PM,s spatial distribution.
Elevated concentrations were primarily observed in peripheral
and suburban parts of Novi Sad, characterized by mixed
residential heating systems, while comparatively lower
concentrations were predicted in central urban areas connected
to district heating infrastructure. The gr LURpm2s5 model
showed somewhat sharper spatial gradients associated with
traffic corridors and localized urban sources, whereas the
LURpM2.5 winer model captured broader regional winter
pollution patterns more smoothly. Despite these differences,
both modeling approaches consistently identified suburban
residential zones as the main winter pollution hotspots,
reinforcing the reliability of calibrated LCS for seasonal LUR
applications. Regarding the consistency between LCS and
gravimetric-based spatial PM,s patterns, [39] demonstrated
that calibrated LCS networks can successfully reproduce
spatial data. According to previously mentioned in summer
models, calibrated LCS data can provide reliable high-
resolution PM» s information for urban air-quality modeling
and exposure studies, particularly in areas with limited
regulatory monitoring infrastructure, as confirmed by [41].

F. Potential chronic health risk assessment in Novi Sad

The estimated results indicated a clear seasonal variation in
PM, s concentrations and associated health risks. During the
summer period, PM,s concentrations and associated health
risks were significantly lower compared to winter. However,
HQ wvalues still exceeded 1 in several population groups,
indicating a persistent but reduced chronic risk (Fig. 15).
Similar short-term exposure approaches for preliminary risk
assessment have been applied in some previous studies when
long-term data were unavailable [44], while epidemiological
evidence confirmed a 2.8% increase in mortality per 10 pg/m?
increase in PMays exposure [45]. Highest summer HQ values
were observed in the 30-59 and >60 age groups (for males 1.87
and 1.86, and for females 1.74 and 1.70), confirming higher
susceptibility among middle-aged and elderly populations [46].
Gender differences were present but less pronounced than in
winter, likely due to more uniform exposure conditions during
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the warm season [47]. Generally, HQ values remained below 2,
indicating moderate exposure levels without extreme risk.
Spatial patterns in summer followed emission distribution, with
higher risks in traffic-dominated areas and lower values in
zones with higher vegetation cover, consistent with LUR results
highlighting the protective role of green infrastructure (Fig 15).

> 60years .
30-59years ...
18-29years ...
10-17years ...,
3-9years ...
0.0 0.5 1.0 1.5 2.0

® AVG HQ females ® AVG HQ males

Fig 15. Potential chronic risk during the summer

In winter, exposure levels and risks increased substantially,
with HQ values ranging from 3.35-3.79 for males and 2.10-3.60
for females, exceeding the safety threshold (HQ>1) across all
age groups (Fig. 16). The highest risk was observed in the 30-
59 age group, followed by elderly individuals (>60 years) [46].
Even children (3-9 years) showed elevated HQ values (>2),
indicating high vulnerability during the heating season. These
patterns are primarily driven by residential heating emissions
and unfavorable meteorological conditions, consistent with
regional findings [48,49]. Previous estimates also indicate a
substantial health burden in Serbia, with approximately 221,626
years of life lost over 10 years due to PMys exposure [48].
Regarding gender differences, they were more pronounced in
winter, with consistently higher HQ values for males, in line
with studies reporting greater male susceptibility to PM,s-
related health outcomes under combustion-dominated
conditions [50]. These differences may be attributed to
physiological factors, exposure patterns, and the winter-specific
composition of particulate matter rich in combustion-derived
pollutants [48, 49].
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Fig 16. Potential chronic risk during the winter



G. Novi Sad study limitations

The presented study has several practical limitations. First,
the relatively small number of monitoring locations, which is
minimal for developing these models according to the literature,
may have limited the explanatory power of the seasonal LUR
models and reduced the possibility of including multiple
predictors. Second, although LCS devices were calibrated
against reference measurements and demonstrated satisfactory
agreement, LCS-based observations may still contain
uncertainties related to environmental conditions (temperature
and relative humidity) and temporal drift. Third, the developed
models do not explicitly include meteorological predictors,
which may influence short-term PM, s variability, particularly
during winter pollution episodes. Finally, some localized micro-
scale emission sources and street-canyon effects may not be
fully captured by land-use predictors alone. Despite these
limitations, the models successfully reproduced the dominant
spatial patterns of seasonal PM,s concentrations in Novi Sad
and have great value as the first such models developed in
Serbia.

IV. CONCLUSION

The study demonstrated that combining calibrated LCS
observations with LUR modelling and GIS-based analysis
provides an effective approach for producing high-resolution
seasonal PM; s maps in Novi Sad. The results revealed clear
seasonal differences, with lower and more homogencous
concentrations during summer, influenced mainly by
environmental conditions, and higher, more spatially variable
concentrations in winter driven by residential heating and
traffic emissions. Winter pollution hotspots were mainly
located in suburban residential areas, while summer patterns
were characterized by the influence of green and forested
zones acting as local sinks. Despite uncertainties associated
with LCS measurements, the LCS-based models showed good
agreement with gravimetric-based approaches and successfully
captured the main spatial gradients of PM,s. Besides pollution
estimation in Novi Sad, health risk assessment indicated higher
chronic exposure risks during the winter period, particularly
for vulnerable population groups, consistent with the spatial
distribution of predicted concentrations. The findings
suggested that LCS-integrated LUR modelling can be a
practical and cost-effective tool for urban air quality
assessment and exposure mapping in environments with
limited monitoring data.
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