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Abstract 

Air pollution is a significant and pressing environmental and public health concern in urban areas, primarily driven 
by road transport. By gaining a deeper understanding of how traffic dynamics influence air pollution, policymak-
ers and experts can design targeted interventions to tackle these critical issues. In order to analyse this relationship, 
a series of regression algorithms were developed utilizing the Google Project Air View (GPAV) and Dublin City’s 
SCATS data, taking into account various spatiotemporal characteristics such as distance and weather. The analysis 
showed that Gaussian Process Regression (GPR) mostly outperformed Support Vector Regression (SVR) for air quality 
prediction, emphasizing its suitability and the importance of considering spatial variability in modelling. The model 
describes the data best for particulate matter  (PM2.5) emissions, with R-squared  (R2) values ranging from 0.40 to 0.55 
at specific distances from the centre of the study area based on the GPR model. The visualization of pollutant concen-
trations in the study area also revealed an association with the distance between intersections. While the anticipated 
direct correlation between vehicular traffic and air pollution was not as pronounced, it underscores the complexity 
of urban emissions and the multitude of factors influencing air quality. This revelation highlights the need for a mul-
tifaceted approach to policymaking, ensuring that interventions address a broader spectrum of emission sources 
beyond just traffic. This study advances the current knowledge on the dynamic relationship between urban traffic 
and air pollution, and its findings could provide theoretical support for traffic planning and traffic control applicable 
to urban centres globally.
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1 Introduction
Air pollution stands as one of the most pressing envi-
ronmental challenges of the twenty-first century, posing 
significant threats to human health and the well-being 

of ecosystems around the world. This issue is not 
merely a local or regional concern; it has far-reaching 
global implications that demand international coop-
eration and innovative solutions. In urban areas, where 
population density, industrial activities, and transpor-
tation converge, air pollution tends to be more concen-
trated and its impact more severe [27]. Cities are often 
hotspots for emissions of pollutants such as nitrogen 
dioxide  (NO2), particulate matter  (PM2.5), and carbon 
dioxide  (CO2) [2]. As a result, urban populations are 
particularly vulnerable to the adverse effects of polluted 
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air, including respiratory illnesses, cardiovascular dis-
eases, and reduced quality of life [9].

Dublin, the capital and largest city of Ireland in terms 
of population, is not exempt from these challenges. 
Firstly, it is consistently ranked as one of the most con-
gested cities in the world, as reported by TomTom in 
2022 [24]. Furthermore, according to a recent report 
from the European Environment Agency (EEA) in 
2022, the city’s air quality standards are below accept-
able levels [5]. More particularly, air quality monitoring 
results from 2021 showed that  PM2.5 mainly from burn-
ing solid fuel in our homes, and  NO2 mainly from road 
transport, remain the main threats to good air quality. 
EPA monitoring shows that  PM2.5 and  NO2 levels are 
within the current European Union (EU) legal lim-
its, however these pollutants exceed the World Health 
Organisation (WHO) Air Quality guidelines (AQGs) 
for health.

The correlation between traffic and air pollution is 
well-established in the literature, and the impact of dif-
ferent variables such as road incline, vehicle type, fuel, 
etc., has been analysed [1, 6–8, 12–14, 26]. However, 
detailed insights into this relationship within the specific 
context of Dublin remain limited. On separate occasions, 
Tang et al. [21–23] assessed the impact of different traffic 
management strategies on air quality and public health 
in Dublin, based on modelled traffic conditions from 
2013. Findings revealed the influence of various strate-
gies on air emissions and traffic, highlighting that urban 
transport systems are dynamic ecosystems. Changes in 
one location can have effects that extend beyond just 
the immediate area. Furthermore, Quintyne et  al. [18] 
examined the potential impact of COVID-19 transport 
restrictions in Ireland, particularly emphasizing their 
repercussions on air quality and respiratory hospital 
admissions. During the COVID-19 pandemic, Ireland 
implemented several transport restrictions, including a 
significant reduction in public transportation services, 
restrictions on non-essential travel, and stringent lock-
down measures that limited movement to within a cer-
tain distance from homes. Results showed that during 
the period of transport restrictions, there was a reduc-
tion in the annual mean  NO2, and a decrease in hospi-
tal admissions for respiratory system diseases. Despite 
the valuable insights these studies provide, a gap exists 
in our understanding of the complex dynamics between 
urban traffic patterns and air pollution emissions in Dub-
lin, particularly through a data-driven lens. A data-driven 
approach is crucial as it will allow for empirical analy-
sis based on real-world data, ensuring more accurate 
and context-specific insights [20] into the relationship 
between traffic patterns and air pollution. Access to high-
resolution datasets offers the opportunity to dive deeper 

into this relationship, potentially revealing patterns and 
correlations previously unseen.

This study seeks to address the aforementioned gap 
by implementing a data-driven approach that combines 
state-of-the-art machine learning (ML) algorithms with 
high-quality datasets. Utilizing the Google Project Air 
View (GPAV) [3] dataset and local traffic data [4], we 
delve into the dynamics between Dublin’s traffic patterns 
and its air pollution levels. Over 50 million street-level 
air quality data measurements were released by Dublin 
City Council (DCC) and Google as part of GPAV. The 
mapped, street-by-street air quality data is a first for an 
Irish city and provides unique street level insights that 
will help inform current and future environmental and 
climate policies, and planning efforts. The findings are 
intended to guide policymakers and urban planners in 
creating effective strategies to improve air quality in 
Dublin.

The remainder of the paper is structured as follows: 
Section  2 provides a detailed overview of the datasets 
used, the methods employed, and the machine learning 
algorithms implemented. Section 3 presents the results of 
our analysis, highlighting key findings and the relation-
ships discovered between urban traffic patterns and air 
pollution levels in Dublin. Section  4 offers a discussion 
on the implications of these results, their significance in 
the broader context of urban planning and policymak-
ing, and the potential applications for other urban areas. 
Finally, Section  5 concludes the study with a summary 
of the main points, recommendations for future inter-
ventions, and suggestions for further research in this 
domain.

2  Methods
The following section describes the methods and steps 
adopted for the purpose of this study (Fig. 1). To assess 
the relationship between urban traffic patterns and air 
pollution emissions in Dublin, two primary very high-
resolution data sources were used: 1) GPAV dataset, 
which provides detailed spatiotemporal resolution air 
quality measurements (1  s intervals), including levels of 
Nitric Oxide (NO), Ozone  (O3), Carbon Monoxide (CO), 
 NO2,  PM2.5, and  CO2 at street level; 2) Traffic counts 
dataset, collected from the DCC’s Sydney Coordinated 
Adaptive Traffic System (SCATS), providing information 
on hourly vehicle counts at various locations throughout 
the city. The GPAV dataset was made available through 
collaboration with Dublin City Council and Google. This 
data is publicly accessible at Google Air View Data–Dub-
lin City. The traffic count data from SCATS is also pub-
licly available at Traffic Counts Datasets. The availability 
of these datasets ensures that the results can be repli-
cated by other researchers. Finding correlations between 
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traffic counts and the mentioned pollutants is important 
for several reasons such as public health, environmental 
impact, policy and planning and public awareness. While 
 O3 is not directly emitted from transportation sources, 
traffic emissions are the primary sources of its main pre-
cursors:  NOx and volatile organic compounds (VOCs). 
Therefore, it is imperative to investigate the relationship 
between traffic conditions and  O3 pollution. Additionally, 
the Meteorological Weather Station Dataset including 
temperature, wind speed, wind direction, pressure, and 
rainfall, publicly available from Met Éireann, the Irish 
Meteorological Service, was leveraged [16]. The data was 
interpolated to align with the nearest weather station, 
ensuring relevant and localized meteorological inputs 
were incorporated into the analysis. Finally, the datasets 
were synchronized based on spatiotemporal overlap. This 
ensured that each hourly air quality measurement from 
the GPAV dataset corresponded with traffic counts and 
meteorological data. An initial exploratory data analysis 
was conducted to visualize and understand the underly-
ing patterns and relationships in the data.

The case study encompasses areas proximal to the city 
centre of Dublin, including parts of both the inner and 
outer city sectors (Fig.  2). The study area includes 29 
intersections, defined as the points where two or more 
roads cross or meet, which are depicted with yellow stars 
in the figure. However, traffic data was available for only 
19 of them. The time period concerned 12 months from 
May 2021 to April 2022. The time period selected for this 
analysis was determined by the availability of the GPAV 
data. This timeframe includes critical seasonal variations 

and the residual impacts of COVID-19 restrictions, 
which are essential for understanding the dynamics of 
urban traffic patterns and air pollution in Dublin. These 
factors contribute to the observed trends and provide a 
valuable context for interpreting the results. Analysing 
data over a one-year period is important for several rea-
sons, especially in the context of studying phenomena 
with temporal variations, such as traffic and air quality. 
Many factors such as seasonal variability, anomalies, peak 
and off-peak patterns are not neglected allowing robust 
results, a deeper understanding of the monitored phe-
nomena, and improved policy formulation.

Besides estimating the correlation between air pollu-
tion and traffic using Pearsons’ r, we utilized two distinct 
machine learning algorithms to better examine the rela-
tionship between traffic patterns, meteorological factors, 
and air pollution levels:

• Support Vector Regression (SVR): A deterministic 
regression algorithm renowned for its computational 
efficiency [19]. SVR was employed due to its capacity 
to handle vast datasets efficiently, drawing focus on 
support vectors to predict air pollution levels based 
on traffic volume and meteorological insights.

• Gaussian Process Regression (GPR): A probabilistic 
regression algorithm, GPR was chosen for its ability 
to provide intrinsic uncertainty estimates, allowing 
for a more nuanced understanding of the predictions 
[10]. Though more computationally intensive than 
SVR, its adaptability in modelling intricate data pat-
terns offers a robust approach for this study.

Fig. 1 Methodological flow diagram
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Each model was trained using traffic volume data 
from SCATS, meteorological data from Met Éireann, 
and air quality data from the GPAV dataset (70% train-
ing–30% testing). Performance was assessed using 
Root Mean Square Error (RMSE), and R-squared  (R2) 
score. The  R2 value indicates how well the model’s pre-
dictions match the actual data. It ranges from 0 to 1, 
where a higher value signifies a better fit. An  R2 value 
closer to 1 means that the model explains a larger 
portion of the variance in the data. In environmental 
modelling,  R2 values around 0.5 or higher are generally 
considered acceptable, though this can vary based on 
the complexity and variability of the data. RMSE meas-
ures the average magnitude of the prediction errors, 
providing insight into the model’s accuracy. Lower 
RMSE values indicate better predictive performance, 
with values closer to zero representing minimal dif-
ferences between predicted and observed values. 
The acceptable range for RMSE depends on the spe-
cific context and units of the data being analysed. The 
probabilistic nature of GPR also allowed for an explo-
ration into uncertainty estimates, providing a layer of 
depth to the analysis.

Finally, a head-to-head comparison between the 
SVR and GPR models was conducted. This compara-
tive analysis aims to underline the strengths and weak-
nesses of each algorithm, granting researchers, urban 
planners, and policymakers’ clear insights into the 
complex dynamics of traffic volume, meteorological 
factors, and air quality in Dublin.

3  Results
In the following section, the findings derived from the 
analysis are given. Figure  3 displays the distribution of 
air pollution levels in Dublin for various pollutants dur-
ing the studied period. The results discussed relate to the 
entire range of values within each box plot, where the 
boxes represent the interquartile range (IQR) of the data. 
The red line within each box plot indicates the median 
value, providing a measure of the central tendency. As 
it can be seen, there is an observable peak in  NO2 dur-
ing specific months, i.e., September to December. The 
median values during these months also indicate elevated 
 NO2 levels, suggesting increased vehicular activity or 
other seasonal factors like heating during these months. 
Additionally, the spread of values within these months is 
considerable, pointing to variability in daily  NO2 levels 
which could be influenced by factors such as traffic vol-
ume fluctuations and weather conditions. The months of 
January and February 2022 also show relatively high  NO2 
levels, although not as pronounced as the September to 
December period. NO levels appear steadier, with only 
minor month-to-month variations, while the median 
values are relatively consistent, indicating a more stable 
emission source. The  O3 concentrations present a distinct 
pattern, with a noticeable rise during spring months, 
i.e., March, April, May. The median values during these 
months are also higher. Examining the CO and  CO2 
emissions, it can be observed that both concentrations 
display spikes in particular months as well, e.g., Decem-
ber. Notably, while the average/median values for CO 

Fig. 2 Study area with buffer zones (UTM zone 29)
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and  CO2 emissions in September and May, respectively, 
are higher than those recorded for December, the peak 
values observed in December highlight significant short-
term increases likely influenced by specific events or con-
ditions during that month. Lastly, the  PM2.5 levels suggest 
a pronounced concentration during specific intervals, 
e.g., December to January, and March. The median val-
ues during these intervals are also elevated, likely due to 
increased heating activities and lower atmospheric dis-
persion rates during the winter months. It is important 
to note that while this study did not include an analysis of 
the relationship between these pollutant concentrations 

and weather conditions, factors such as wind speed, tem-
perature inversions, and other meteorological conditions 
can significantly influence air pollution levels. When 
analysing air quality metrics, we observe distinct differ-
ences between regional and global standards. The  PM2.5 
concentration, for instance, is consistently within the EU 
threshold of 25  µg/m3 during the observed timeframe 
[5]. Yet, it surpasses the more stringent WHO AQG set 
at 5 µg/m3 [17]. When examining the air quality pollut-
ants indicative of road transport emissions, particularly 
 NO2, we find that its concentration repeatedly exceeds 
the WHO AQG recommendation of 10 µg/m3 over much 

Fig. 3 Monthly distribution of pollutant emissions in Dublin
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of the investigation period. Nonetheless, it adheres to 
the EU permissible level of 40 µg/m3, mirroring the pat-
tern noticed with  PM2.5. Further, with regard to CO, the 
established thresholds as delineated by the EU and WHO 
AQG are 10  µg/m3 and 4  µg/m3 respectively. The gath-
ered data suggests that CO levels in the region consist-
ently align with these benchmarks.  O3, while not a direct 
emission, is pivotal to monitor due to its standing as a 
significant anthropogenic greenhouse gas. The data elu-
cidates that its levels are in accordance with the EU’s 
prescribed norms (120 µg/m3). However, during the sum-
mer months of June through August, the concentration 
surpasses the WHO’s stricter threshold of 60 µg/m3. It’s 
important to underscore that the reference points uti-
lized in this study were based on average annual metrics.

Figure 4 provides an overview of the monthly distribu-
tion of traffic counts in the study area. Throughout this 
period, a notable consistency emerges in the median 
traffic counts, underscoring a stable flow of traffic for 
the majority of the year. This consistency is further mir-
rored in the middle 50% of the data, especially evi-
dent during months like June and July 2021. However, 
there is discernible variability in the extreme values. For 
instance, December 2021 witnesses a significant decrease 
in the minimum traffic count, possibly suggesting sea-
sonal effects or an external influencing event during this 

period. During this time, Ireland experienced new public 
health measures due to COVID-19, including restrictions 
on hospitality, reduced capacity for indoor events, and 
advice to limit social contacts, which likely contributed 
to the observed decrease in traffic counts. Conversely, 
an upward trend in maximum traffic counts becomes 
apparent as we transition from the latter part of 2021 
to early 2022, with months such as February and March 
2022 showcasing heightened traffic on their busiest days. 
Despite these fluctuations in extremes, the Interquartile 
Range remains largely unwavering across months, imply-
ing that the core traffic activity, or the central majority 
of observations, maintained its steadiness. The overall 
spread of the data and the position of the median within 
each monthly box also hint at a slight skew in traffic 
counts for certain months.

Upon cross-referencing Figs. 3 and 4, potential patterns 
and observations that should be highlighted are: a) Con-
centration Peaks and Traffic: The notable peak in  NO2 
from September to December could potentially coin-
cide with factors such as increased vehicular activity or 
heating during colder months. However, the traffic data 
doesn’t show a corresponding surge in this period, sug-
gesting other factors might be influencing  NO2 concen-
trations; b) Decreased Traffic, Increased Emissions: An 
intriguing pattern emerges in December 2021 where the 

Fig. 4 Monthly distribution of traffic in study area
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data shows substantial variance in traffic counts alongside 
elevated levels of multiple pollutants  (NO2, CO,  CO2, and 
 PM2.5). The month records the lowest traffic counts on 
several days but also witnesses the highest counts of the 
year on others, resulting in a wide distribution of traffic 
data for December. The median traffic count for Decem-
ber sits above the monthly average, underscoring that 
while many days experienced low traffic, there is a signifi-
cant number of days with elevated traffic counts as well. 
The lower quartile (25%) for December traffic is markedly 
low, showcasing the minimum traffic days as the lowest 
of the year. Conversely, the upper quartile (75%) repre-
sents the highest traffic counts observed throughout the 
entire year. This divergence between low and high traf-
fic days in December might correlate with the observed 
spike in pollutant concentrations. The days with minimal 
traffic show a disconnection with the elevated pollutant 
levels, suggesting that the sources of pollution on those 
days might not be traffic-related. These might be attrib-
uted to alternative emission sources, such as residential 
heating, industrial activities, or other non-vehicular pol-
lution contributors that are typically higher in the winter 
months due to colder weather conditions, which increase 
the need for heating, and energy consumption patterns. 
On the other hand, the days with exceptionally high traf-
fic in December could be contributing significantly to the 
pollution levels, potentially due to increased vehicular 
emissions from a larger volume of cars or possibly less 

efficient vehicle operation in colder temperatures. Addi-
tionally, the occurrence of thermal inversion, which are 
stronger in the winter season, may be a cause of the high 
levels of air pollution in December. There will be less ver-
tical circulation as the warmer air rises above and the 
cooler air stays near the surface. Hence, pollutants from 
vehicular traffic also become trapped in the lower level 
of the atmosphere, leading to higher concentrations of 
air pollutants [15, 25]; c)  O3 Observations: While  O3 is 
not a direct emission from traffic, its higher levels dur-
ing spring (and surpassing WHO guidelines during June–
August) might be linked to chemical reactions influenced 
by vehicular emissions under specific meteorological 
conditions; d) Stability of Traffic and NO Levels: The NO 
levels remain relatively steady, aligning with the observed 
stability in median traffic counts. This might suggest a 
direct correlation between consistent traffic flow and sta-
ble NO levels.

The following figure (Fig.  5) represents the average 
distribution of  CO2 emissions in the study area and the 
average traffic volumes in each intersection. As it can be 
noticed, not a clear pattern can be identified from the 
data presented in the figure. It becomes evident that the 
relationship between  CO2 emissions and traffic volumes 
is not straightforward. Unlike some other environmen-
tal and traffic studies that reveal a strong correlation 
between increased traffic and higher emissions [11, 14], 
our data does not exhibit such a straightforward trend. 

Fig. 5 Average distribution of  CO2 emissions in study area



Page 8 of 12Tafidis et al. European Transport Research Review           (2024) 16:47 

Several factors could contribute to this lack of a clear pat-
tern. It’s important to note that the  CO2 emissions meas-
urements obtained from GPAV data encompass various 
emission sources within the area, not limited solely to 
traffic-related emissions. This broader scope of emissions 
data accounts for multiple factors, including industrial 
processes, residential activities, etc. On the other hand, 
some intersections in close proximity experienced higher 
levels of air pollution, potentially due to increased con-
gestion and vehicle idling. However, this isn’t the case 
for the central intersections of the studied area. Even 
though the average traffic values at these intersections 
are significant, high values of  CO2 were observed in only 
one instance. Overall, the highest concentrations of  CO2 
emissions were recorded on major streets.

No distinct trends were identified for the other pollut-
ants as well. Figure  6 presents the average distributions 
of  NO2 (Fig.  6a) and PM2.5 (Fig.  6b) for the examined 
period. It is worth noting that, when comparing the dis-
tributions of  CO2,  NO2, and PM2.5, specific locations or 
links exhibit notably high concentrations of the respec-
tive pollutants.

To better comprehend the relationship between traffic 
volumes and concentrations of key pollutants, Pearson’s 
correlation coefficients were estimated. Overall, no sig-
nificant correlations were found. Among the examined 
pollutants, CO and  CO2 revealed the most notable cor-
relations (r = 0.2401 and r = 0.2377), with their p-value of 
0.0833 and 0.0866 indicating no significance.

Figure 7 presents the comparison between the GPR and 
SVR model results for all the pollutants in relation to the 
distance of the centre of study area.

In the analysis of air pollution parameters, it’s impor-
tant to note that these parameters can be affected by 

factors beyond the immediate study area. Moreover, 
within the study region, we observe varying levels of air 
pollution at different points. To address this complex-
ity, we have employed a spatial averaging approach. This 
approach considers the influence of traffic parameters 
and meteorological data at various distances or radii 
from the centre of the study area, allowing us to model 
changes in air pollution parameters comprehensively. In 
this context, we have measured average pollution param-
eter levels at varying distances from the centre of our 
study area. These average values serve as the basis for our 
pollution modelling. To be specific, we conducted aver-
aging within radii ranging from 700 to 1700 m from the 
study area’s centre, and subsequently assessed accuracy 
and modelling errors.

More analytically: For PM2.5, it can be observed that 
for the SVR model, the highest accuracy and the low-
est error are at a distance of 1200 m from the study area 
centre, with an  R2 value of 0.13 and a RMSE of 3.7. In 
contrast, the GPR model achieves its best performance 
at a distance of 900  m, where the  R2 value is 0.54 and 
the RMSE is 3.1. The substantial difference in  R2 values 
between the two models indicates that GPR may be bet-
ter equipped to handle the intricacies and spatial varia-
bility associated with PM2.5 emissions. For CO, the GPR 
model achieved a  R2 value of 0.33 at a distance of 1300 m 
with a RMSE value of 0.06. The model performed overall 
better than the SVR model where very low  R2 values were 
recorded. Concerning the  CO2 levels, the SVR model 
performed slightly better with an  R2 value of 0.35 at 
700 m and RMSE value of 0.01, highlighting better effec-
tiveness in capturing  CO2 concentration trends. For NO 
the GPR model returned negative  R2 values, although for 
 NO2, delivered better results at most distances compared 

Fig. 6 Average distribution of  NO2 (a) and PM2.5 (b) emissions in study area
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Fig. 7 Comparison between GPR and SVR model results
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to SVR. Finally, in terms of  O3 levels, it was observed that 
the GPR model recorded better performance with an  R2 
value of 0.34 at 800  m from the study area centre, and 
RMSE of 14, while the SVR model achieved an  R2 value of 
0.21 and RMSE of 18 respectively. Given the  R2 values of 
each parameter, we can suggest that although the models 
provide some insights with moderate fits on some occa-
sions, overall, they leave a lot of variance unexplained 
demonstrating that there are other variables not captured 
by the models.

4  Discussion
This study aimed to investigate the complex relationship 
between urban traffic patterns and air pollution emis-
sions in Dublin using high-resolution datasets. By lever-
aging advanced machine learning techniques, we sought 
to uncover detailed insights that could inform urban 
planning and policy-making. The findings reveal several 
key patterns and implications that are discussed below.

Air Quality Patterns: The concentration patterns of 
various air pollutants unveiled in this study offer critical 
insights into Dublin’s air quality dynamics. Notably, the 
peak in  NO2 levels during specific months, particularly 
from September to December, suggests the influence 
of seasonal factors and potential sources that warrant 
further investigation. In contrast, NO levels exhibited 
steadier values with minor month-to-month variations, 
indicating a more consistent emission source or less sen-
sitivity to seasonal changes.  O3 concentrations displayed 
a seasonal rise during spring months. This seasonality has 
implications for public health and necessitates measures 
to monitor and manage ground-level  O3 concentrations 
during these periods. The observed spikes in CO and 
 CO2 emissions during specific months underscore the 
need for a more in-depth investigation into the contrib-
uting factors. Additionally, the pronounced concentra-
tion intervals of  PM2.5 levels highlight the complexity of 
fine particulate matter pollution in the Dublin area.

Traffic Patterns: The stability of traffic flow through-
out most of the year indicates a consistent traffic activity 

in the study area. However, the observed fluctuations 
in extreme values, such as the decrease in the mini-
mum traffic count in December 2021 and the increase 
in maximum traffic counts in early 2022, warrant further 
investigation.

Emissions and Traffic: Preliminary exploration of the 
data showed that simple linear models might be insuf-
ficient to capture the depth and breadth of the relation-
ships inherent in the datasets. The not clear relationship 
between emissions and traffic volumes suggests the pres-
ence of multiple emission sources within the study area. 
This observation led to the employment of advanced 
machine learning models like SVR and GPR.

Model Performance: The better performance of the 
GPR model compared to SVR for various pollutants at 
specific distances emphasizes the importance of consid-
ering spatial variability in air quality modelling. Overall, 
the  R2 values suggest a narrative of models offering some 
insights but with considerable unexplained variance, 
hinting at external variables or deeper complexities not 
captured by the current modelling framework.

Transferability and Broader Implications: While our 
study focuses on Dublin, the methodologies and insights 
presented here offer a robust framework for other urban 
areas. Cities with different industrial activities, public 
transport usage, and climatic conditions can adapt our 
modelling techniques to their specific needs. The prin-
ciples underlying our approach to understanding the 
interplay between traffic and air pollution are widely 
applicable, providing valuable theoretical support for 
urban traffic planning and control globally.

The main limitations of this study concern the follow-
ing areas: While the SVR and GPR are advanced mod-
elling techniques, they rely heavily on the quality and 
comprehensiveness of the data they are trained on. Their 
inability to capture all the variance in our study may indi-
cate that there are vital variables missing or that there 
are intricate non-linear relationships yet to be identi-
fied. We centred our analysis on traffic and meteorologi-
cal conditions as the primary influences on air pollution. 

Fig. 7 continued
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However, a plethora of external factors, such as indus-
trial activities, changes in the usage of public transport, 
or significant events in the city, were not integrated into 
our assessment but could substantially impact pollutant 
levels. Geographically, our research is confined to Dublin 
City Centre, providing valuable insights specific to this 
urban context. While direct extrapolation to other cit-
ies or regions should be approached with caution due to 
variations in traffic, weather conditions, and urban infra-
structure, our findings contribute to a broader under-
standing of urban air pollution dynamics. They highlight 
the importance of considering local context in environ-
mental management and policy formulation. Cities with 
different industrial activities, public transportation usage, 
or climate conditions may require tailored approaches to 
effectively address their unique air quality challenges.

The findings of this study also underscore the intri-
cate relationship between traffic patterns and air pol-
lution levels in Dublin, providing crucial insights for 
policy formulation, and environmental management. The 
observation that traffic volume doesn’t always align with 
pollution peaks suggests the presence of other significant 
contributors to the city’s air quality issues, urging policy-
makers and urban planners to adopt a broader perspec-
tive beyond just traffic management. As another novel 
aspect of our research, we tried to determine the optimal 
averaging distance for modelling air pollution parameters 
alongside various environmental factors in an urban set-
ting. Our analysis showed that different distances worked 
better for different air pollution parameters, with 900 m 
being the most suitable for some, while others required 
different distances to match the data effectively. These 
results also illuminate the path for future research, 
emphasizing the need for more encompassing studies 
that integrate additional variables, explore potential non-
linear relationships, and extend the temporal scope to 
capture long-term trends.

5  Conclusions
In this study, we tried to understand the impact of urban 
traffic on air pollution in the Dublin area by utiliz-
ing high-quality datasets. Leveraging cutting-edge ML 
regression techniques, including SVR and GPR, we devel-
oped prediction models for various air pollution param-
eters. Our study integrated urban traffic count data and 
meteorological information, exploring multiple buffer 
zones from the study area’s centre. Our findings suggest 
that while there exists a connection between traffic and 
air pollution, the relationship is dynamic, influenced by a 
range of factors beyond mere vehicle counts.

The applied machine learning models, SVR and 
GPR, provided valuable insights into pollutant trends. 
Yet, the variance left unexplained suggests room for 

refining these models, incorporating additional param-
eters, or exploring potential non-linear relationships. 
The effectiveness of our models was assessed based 
on higher  R2 values and lower RMSE values. Overall, 
GPR outperformed SVR for most air pollution param-
eter, showcasing its potential for more accurate air 
quality predictions. This study represents a prelimi-
nary step toward unravelling the complex relationship 
between urban traffic and air pollution. The application 
of advanced ML methodologies to novel data sources 
underscores the importance of leveraging modern 
technology for environmental research.

Dublin being the study’s focal point, the insights 
gathered offer valuable lessons for urban centres glob-
ally. Our findings emphasize the complexity of urban 
air pollution dynamics and highlight the need for holis-
tic, multi-pronged solutions that consider a variety of 
local factors. While direct extrapolation to other cities 
should be approached with caution due to unique local 
conditions, the methodologies and approaches used 
in this study provide a robust framework that can be 
adapted and applied to different urban contexts.

This study has revealed the intricate interplay 
between traffic patterns and air pollution levels, under-
scoring that traffic volume alone does not account for 
pollution peaks. This suggests that urban air quality 
management requires a comprehensive understanding 
of multiple contributing factors, including industrial 
processes, residential activities, public transporta-
tion usage, and meteorological conditions. The novel 
aspect of determining optimal averaging distances for 
modelling air pollution parameters also offers valu-
able insights. Different distances worked better for dif-
ferent pollutants, suggesting that urban planners and 
researchers should tailor their approaches based on 
specific environmental and infrastructural conditions.

Future studies should explore the nuances of air qual-
ity dynamics, delve into the identification of specific 
pollution sources, and consider the influence of various 
factors beyond traffic and meteorology.
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