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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• Investigation of pollution concentra
tions from street to urban background 
using low-cost sensors. 

• A moderate correlation was found be
tween traffic-related air pollution, noise, 
and traffic counts, influenced by wind 
speed and direction. 

• No vertical gradient was detected with 
low-cost sensors, despite low sensor 
intervariability. 

• Large-eddy simulation model runs using 
the PALM model system generally sup
ported the measured observations. 

• Vertical concentration profile is very 
sensitive to stratification.  
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A B S T R A C T   

A network of five low-cost air pollution sensor (LCS) nodes was deployed vertically on the exterior of the H. C. 
Ørsted Institute at the University of Copenhagen, Denmark, to investigate the transport of pollution from the 
road below. All LCS nodes measured PM2.5, NO2, and O3 at 1-min time resolution, and one of them also measured 
noise. Traffic was monitored with a webcam, where traffic type and levels were derived using a machine-learning 
algorithm. We investigated how well traffic-related air pollution, noise, and real-time traffic counts serve as 
proxies for one another. The correlations between NO2, noise, and traffic count exhibited relatively low values 
when considering all the data. However, these correlations significantly increased under southwesterly wind 
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direction and low wind speed, reaching R2 = 0.40 for NO2 and noise, R2 = 0.51 for NO2 and traffic volume, and 
R2 

= 0.70 for noise and traffic volume. These results indicate a common source, namely traffic, for all three 
parameters. The five LCS nodes spanning 25 m vertically had extremely low intervariability with minimum R2- 
values of 0.98 for PM2.5, 0.89 for NO2, and 0.97 for O3. The system could not detect a vertical gradient in 
pollution levels. Large-eddy simulation model runs using the PALM model system generally supported the lack of 
gradient observed in measured observations. Under slightly unstable stratification, concentration remained 
relatively constant with height for southwesterly and southerly winds. Conversely, winds from the north, west, 
and northwest showed an increase in concentration with height. For other wind directions, the concentration 
decreased with height by approximately 40 % to 50 %, which is not as strong as for neutral stratification, 
attributed to enhanced vertical mixing under unstable stratification. Based on the measurements and modeling, 
we conclude that the vertical concentration profile is very sensitive to stratification, and under these conditions, 
the concentration outside the window of a fifth-floor office is almost the same as for an office on the ground floor.   

1. Introduction 

Air pollution is a persistent and pressing problem in cities worldwide 
(Fowler et al., 2020). According to the United Nations, the proportion of 
the global population residing in urban areas exceeded 55 % in 2018, 
and this is projected to increase to 68 % by 2050, resulting in more 
densely populated regions with alarming levels of air pollution (United 
Nations, 2018). This pollution has negative impacts on society and in
dividual human health, with particulate matter (PM) with an aero
dynamic diameter smaller than 2.5 μm (PM2.5), nitrogen dioxide (NO2), 
and ozone (O3) identified as leading causes of premature mortality and 
various respiratory and cardiovascular diseases (Curtis et al., 2006; 
Franklin et al., 2015; Zhang et al., 2018, 2019a). Air pollution is tradi
tionally monitored using a sparse network of high-precision instruments 
for key gas pollutants and particulate matter, supplemented by modeling 
(Goodsite et al., 2021). More recently, high-density networks of small 
devices based on low-cost air pollution sensors (LCS) have emerged 
(Frederickson et al., 2022; Kang et al., 2022; Mead et al., 2013; Petäj 
et al., 2021). However, ground-based air pollution monitoring cannot 
describe the vertical structure of air pollution. This structure is therefore 
not typically accounted for in exposure assessments, which may lead to 
misclassification of exposures based on, for example, the elevation of an 
apartment or office (Wu et al., 2014). Vertical observations of air 
pollution can complement ground-based measurements to better char
acterize the three-dimensional structure of pollution (Hao et al., 2022). 

In recent decades, there have been multiple studies of vertical pro
files of air pollution. The most common methods include deployment of 
instruments at different heights on meteorological towers or multi- 
storey buildings (Deng et al., 2015; Du et al., 2017; Fan et al., 2021; 
Harrison et al., 2012; Janhäll et al., 2003; Moreau-Guigon et al., 2007; 
Tevlin et al., 2017; Winderlich et al., 2014), balloons and aircraft car
rying instruments (Li et al., 2015, 2018; Renard et al., 2020; Shi et al., 
2022; Wang et al., 2020, 2021; Xing et al., 2017; Zhang et al., 2019b), 
instruments mounted in unmanned aerial vehicles (UAVs) (Chen et al., 
2019; Li et al., 2018; Mamali et al., 2018; Shen et al., 2022; Song et al., 
2021; Wang et al., 2020; Zheng et al., 2021), or accumulation in lichen 
(Pirintsos et al., 2006). For vertical measurements of particulate matter, 
the review by Dubey et al. (2022) gives an overview of the techniques 
and methods. Of these methods, manned aircraft and tethered balloons 
are expensive and only capture a snapshot in time. In contrast, towers or 
buildings provide semi-permanent installation space for instruments, 
and pollutants can be continuously measured across different heights. 

Several studies have also investigated the differences in the vertical 
distribution of pollutants depending on street configuration, e.g. an open 
street, street canyon, or street canyon with viaduct (Chan and Kwok, 
2000; Ezhilkumar et al., 2021; Ezhilkumar and Karthikeyan, 2020; Li 
et al., 2007; Micallef et al., 1998a; Pirintsos et al., 2006; Väkevä et al., 
1999; Vardoulakis et al., 2002; Wong et al., 2019). Generally, the studies 
show how the dispersion and concentrations of air pollutants vary 
significantly depending on street configuration, prevailing wind direc
tion, and wind speed as well as local sources. Multiple studies have also 
investigated the vertical profile of indoor air pollutants, for instance, 

while cooking (Micallef et al., 1998a, 1998b, 1999; Qiu et al., 2019; 
Zheng et al., 2022), or both the indoor and outdoor vertical profiles 
(Micallef et al., 1998c; Wong et al., 2019). 

Higher-grade air pollution monitors for vertical measurements pre
sent several logistical challenges, whereas devices containing low-cost 
air pollution sensors have great potential, as they can be easily 
deployed with a high density over large areas, in both the horizontal and 
vertical directions. However, it is important to note that low-cost sensors 
have drawbacks and limitations relating to sensitivity, stability, and 
selectivity, which can vary depending on the type of low-cost sensor and 
even between sensors of the same type (Karagulian et al., 2019; Kumar 
et al., 2015; Morawska et al., 2018). Despite these shortcomings, 
low-cost sensors can still be extremely valuable since in many cases, it is 
not necessary to reach the same level of accuracy as for reference in
struments, but instead to know the exact level of accuracy, and use the 
data from the sensors relative to each other (Nagendra et al., 2019; Wei 
et al., 2018). The level of accuracy is typically determined by comparing 
the low-cost sensor readings with data obtained from a regulatory air 
quality monitoring station (AQMS). 

Only a limited number of studies have utilized low-cost sensors to 
establish vertical profiles of air pollution. For instance, Zheng et al. 
(2022) employed low-cost air pollution sensors to examine the vertical 
pollution levels of formaldehyde, carbon dioxide (CO2), carbon mon
oxide (CO), total volatile organic carbon, methane, and three sizes of 
particulate matters (PM1, PM2.5, PM10) in typical Chinese urban apart
ments that used a natural gas stove for cooking. Hao et al. (2022) 
measured the concentrations of nitric oxide (NO), NO2, O3, CO, PM2.5, 
and PM10 at nine different heights on the Shanghai Tower (623 m) using 
low-cost sensor devices. In another study, Bao et al. (2020)employed a 
low-cost non-dispersive infrared CO2 sensor on a tethered balloon to 
measure the vertical profile of CO2 in the lower troposphere (0–1000 m) 
in southwestern Shijiazhuang, China. Schmitz et al. (2023) measured 
NO2 and O3 concentrations in three distinct street canyons located in 
Berlin, Germany, during the winter, spring, and summer seasons, but 
found no gradients within the sites. 

In addition to air pollutants, noise has been identified as a significant 
contributor to the development and aggravation of various diseases 
(Hänninen et al., 2014). Numerous studies have explored the relation
ship between air and noise pollution, as well as the impact of environ
mental conditions on these pollutants and their correlations (Allen et al., 
2009; Can et al., 2011; Forns et al., 2016; Kim et al., 2012; Klingberg 
et al., 2017; Ross et al., 2011; Shu et al., 2014; Tenailleau et al., 2016). 
There is evidence to suggest that both traffic-related air pollution and 
noise have adverse effects on cardiovascular health and that their joint 
impact may be even greater (Beelen et al., 2009; Gan et al., 2012). For 
example, research has shown that high noise levels can amplify the ef
fects of traffic-related air pollution on heart rate variability in young 
healthy adults (Huang et al., 2013). It is important to consider noise 
measurements in order to gain a comprehensive understanding of 
multi-exposure situations at a specific location (Tenailleau et al., 2016). 
Traffic emits both noise and air pollutants simultaneously, meaning a 
strong correlation is expected. This relationship complicates health 
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impact assessments, and it becomes a potential confounder (Tétreault 
et al., 2013). Several studies have investigated the relationship between 
noise and air pollution, and their findings vary significantly (Allen et al., 
2009; Fecht et al., 2016; Ross et al., 2011). Air pollutants directly related 
to traffic emissions, such as NO and NO2, and black carbon, show 
stronger correlations compared to PM2.5 and PM10, while, there are 
significant variations between reported studies. Typically, the correla
tion is found to be highly influenced by factors such as time, location, 
weather conditions, and specific measurement parameters (Davies et al., 
2009; Khan et al., 2020; Kheirbek et al., 2014; Kim et al., 2012). The 
emergence of multiple low cost alternatives to air pollution monitoring, 
microphones, and video cameras, necessitates an exploration of whether 
noise measurements and/or real-time traffic counts can serve as a proxy 
for pollution measurements using the latest low-cost technology. 

Large-eddy simulation (LES) can be used to predict the transport and 
dispersion of pollutants in an urban environment (Kurppa et al., 2018; 
Xie and Castro, 2009). It explicitly calculates turbulent transport by the 
main energy containing turbulent eddies, while only the transport of 
small-scale eddies below the grid size of the model needs to be param
eterized. The geometries of buildings within the simulation domain are 
typically well resolved by the numerical grid. The technique is partic
ularly useful in simulating the complex flow patterns and turbulence 
that occur around buildings in urban environments. LES has been used 
to provide detailed information about the airflow and pollutant con
centrations around buildings, which can then be used to optimize the 
design of buildings for improved ventilation and pollutant dispersion 
(Gronemeier and Sühring, 2019). Overall, the use of LES in studying 
airflow around buildings in polluted cities can contribute to improving 
air quality and public health in urban environments. 

This study aims to determine the ability of low-cost sensors to 
measure the gradient in pollution between street and urban background 
in a specific street configuration. LCS nodes were vertically deployed on 
the exterior of the "C-building" at the H. C. Ørsted Institute (55.70094◦N, 
12.56151◦W) of the University of Copenhagen, Denmark, to investigate 
the diffusion of pollution moving up from street level. Additionally, the 
study aims to establish links between traffic-related air pollution, noise 
levels, and real-time traffic counts, and investigate if one of these 
quantities can be used as a proxy for another with the low-cost equip
ment utilized. 

2. Materials and methods 

2.1. Campaign and site description 

Five low-cost sensor nodes were installed on 2.5 m extruded 
aluminum masts affixed horizontally from each of the five floors of the 
H. C. Ørsted Institute’s C-building, as seen in Fig. 1. With each floor 
being approximately 5 m high, the sensor nodes covered a vertical span 
of 25 m. The sensors were deployed from November 16, 2021, to 
February 24, 2022, for a total of 100 days, and then co-located for 1 
month at a regulatory air quality monitoring station at H. C. Andersen’s 
Boulevard for calibration. 

The H. C. Ørsted Institute includes two six-story buildings (Building 
C and D) with flat roofs, as seen in Fig. 1. The road, Nørre Allé, runs 
directly in front of the H. C. Ørsted Institute from South to North. Nørre 
Allé has six lanes, two lanes for vehicles in each direction, two lanes for 
city buses through the center, and a bike and pedestrian path on either 
side of the road. A regulatory urban background air quality monitoring 
station (HCØ) is located on the roof of the D-building. The station 
measures NO2 and O3 by chemiluminescence and UV-absorption, 
respectively, with 30-min time resolution. Additionally, a gravimetric 
monitor is used for daily measurements of PM2.5. A meteorological 
station also operates from the rooftop. During the campaign, south to 
southwesterly winds were prevalent, which means that the monitoring 
location was generally upwind of Nørre Allé. Prevalent wind directions 
and wind speeds are seen in Fig. 9 in the Appendix. Wind speeds ranged 
from 0.6 to 14.4 m s− 1, with an average of 4.8 m s− 1. The diurnal dif
ference in wind data is not significant. 

Approximately 3 km away from the H. C. Ørsted Institute is the 
regulatory air quality monitoring urban roadside station at H. C. 
Andersen’s Boulevard (HCAB) in central Copenhagen. This station’s 
measurements include NO2, O3, and PM2.5, monitored by chem
iluminescence, UV-absorption, and tapered element oscillating micro
balance (TEOM) analyses, respectively, reported with 30-min time 
resolution, as well as daily gravimetric measurements of PM2.5. Both 
HCAB and HCØ are operated under NOVANA (the Danish National 
Monitoring Program for Water and Nature) program (Ellermann et al., 
2020). Note that the TEOM instrument is not accepted as a designated 
reference or field equivalent method (EPA, 2022), but is a higher-grade 
instrument that can be compared with LCS at a greater time resolution 

Fig. 1. Vertical deployment of the LCS nodes. On the left: Satellite image of the measurement site including the urban background air quality monitoring station (red 
box) on the rooftop of the D-building and the LCS node locations (blue box) on the C-building. On the right: Closer image of the five LCS nodes mounted to the C- 
building at H.C. Ørsted Institute. Satellite image from ©Google Maps (Google Maps, 2023). 
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than the gravimetric measurements. 

2.2. Low-cost sensor nodes 

Each floor of the C-building was outfitted with Gen5 nodes from 
DevLabs. The Gen5 nodes are low-cost, portable air quality monitoring 
devices encased in weatherproof housings (190 × 105 × 70 mm) 
allowing for full exposure to ambient air. The nodes are powered by USB 
cables and create a local network, allowing them to be connected to a 
WiFi network. This enables the transmission of raw data to a cloud 
database with a 1-min time resolution. The Gen5 nodes contain tem
perature and relative humidity sensors, electrochemical cells from 
Alphasense for measurement of NO2 and O3 (NO2–B43F and OX-B431, 
respectively), as well as an SPS30 sensor from Sensirion for PM2.5 
measurements (Bulot et al., 2020; Genikomsakis et al., 2018; Sensirion, 
2020). The working principle and sensor specifications are described in 
detail elsewhere (Frederickson et al., 2023; Russell et al., 2022). Noise 
levels were recorded with a prototype noise sensor from DevLabs based 
on the GMI6027P–2C44DB microphone that measures sound from 63 to 
10,000 Hz in separate wavelengths. The signal was analyzed using a 
ten-band spectrum analyzer. The average power in each band and the 
total power were recorded each minute. The noise sensor was placed on 
the second floor at the building’s edge, alongside the extruded 
aluminum mast affixed to the floor. 

2.3. Calibration and data analysis 

The analyses were conducted in R version 4.1.2 (via RStudio) (R Core 
Team, 2017). Calibration of the LCS nodes was performed by co-locating 
the LCS nodes at HCAB for one month (February 24 to April 6, 2022). 
The LCS node readings are compared with the reference data, therefore 
the LCS node readings are aggregated to match the resolution of the 
reference readings. A multivariate linear regression model was applied 
to the co-location data for each LCS to obtain the individual calibration 
coefficients used to convert the raw sensor response to a concentration. 
This equation is applied for both NO2 and O3, where their 
cross-sensitivities to each other are corrected via a3:  

[X]Ref = a0 + a1WEX + a2AEX + a3WEY                                           (1) 

Where [X]Ref is the reference measurement of pollutant, X, in ppb, and 
when X is NO2, Y is O3 and vice versa. a0 is the offset in ppb. WEX and 
AEX are the raw signals in V of the working and auxiliary electrodes, 
respectively, where a1 and a2 are their corresponding sensitivities in ppb 
V− 1. WEY is the raw signal in V of the working electrode of the cross- 
sensitive gas, and a3 is its sensitivity in ppb V− 1. Temperature effects 
were minimized by the addition of a sun shield and the remaining effects 
were corrected using the auxiliary electrode. 

For the prediction of PM2.5, the sensor response, SPS30_PM2.5, is used 
directly as input, together with the measured temperature (T) and 
relative humidity (RH):  

[PM2.5]Ref = a0 + a1SPS30_PM2.5 + a2T + a3RH                                (2) 

Where the offset (a0), sensitivity (a1), and correction coefficients (a2 and 
a3) are determined separately for each PM sensor. 

To evaluate the performance of the multivariate linear model, the 
datasets were split into training (50 %) and validation (50 %) periods 
based on the dates. The model’s performance was assessed using the 
coefficient of determination (R2), slope, intercept, root-mean-square 
error (RMSE), mean bias error (MBE), and mean absolute error (MAE). 
Once the model’s performance was established, we used the full co- 
location period to calibrate the sensors for the measurement campaign. 

The non-parametric Wilcoxon–Mann–Whitney Rank test was used to 
perform statistical analysis and compare the differences among 
measured pollutant concentrations across different floors. Statistical 
significance was considered at the 5 % level (p < 0.05). Extremely small 

p-values are rounded down to 0. 
To assess the influence of meteorological conditions on concentra

tions of NO2, O3, and PM2.5 during the campaign, we employed gener
alized additive models (GAMs). These models were constructed using 
temperature, relative humidity, wind speed, wind direction, and irra
diance as predictors for each LCS and reference instrument. The gam() 
function from the mgcv package in R was utilized for this purpose (Wood 
and Scheipl, 2020). The GAMs enabled us to quantify the extent to which 
variations in NO2, O3, and PM2.5 concentrations were explained by these 
meteorological predictors. Additionally, we generated partial effects 
plots to visually understand the impact of each meteorological variable 
on pollutant concentrations across the entire measurement range. 

2.4. Video analysis 

Traffic count data was extracted from video footage recorded using a 
low-cost Wyze Cam V3 1080p video camera. This video camera was 
chosen because of its affordability, continuous recording capability, and 
high-resolution output. The camera was placed on the second floor at the 
building’s edge, alongside the extruded aluminum mast affixed to the 
floor. Angled at approximately 45◦, it provided clear visibility of the 
traffic lanes, as seen in Fig. 2. For vehicle counting, we employed an 
open-source object counting software called Ivy (Kajoh, 2022), which 
utilizes the ’You Only Look Once’ (YOLOv3) object detection algorithm 
(Redmon and Farhadi, 2018). Implemented as a Python script, Ivy was 
capable of identifying and tracking vehicles as they moved through the 
monitored area based on visual patterns and features. The algorithm 
only counts vehicles that move through the blue counting lines and have 
a probability of above 0.75. The footage was categorized into Up and 
Down segments for the far and near road sections, respectively. An 
example of the analyzed video footage is presented in Fig. 2. In this 
depiction, the yellow box indicates the region of interest, while vertical 
blue lines denote separate counting lines for the two distinct road sec
tions. The model was manually validated through twenty 1-min videos. 
During daylight hours, it exhibited an accuracy exceeding 90 % when 
compared to human counting. The model effectively differentiated be
tween cars, buses, trucks, and motorbikes, accurately excluded bicycles 
from the count, and only counted parked vehicles once. However, the 
model’s performance notably declined during twilight and nighttime 
(from 16:00 to 07:00), and therefore this data was not used. 

2.5. PALM 

The LES method is used to simulate the wind field and pollutant 
concentrations. In this study, the state-of-the-art, PALM model system, 
release 22.10,1 is used, which was developed to simulate atmospheric 
and oceanic boundary layer flows on a wide range of spatial scales 
(Maronga et al., 2020). PALM solves the Navier-Stokes equations to 
determine the velocity field above and within the urban canopy. The 
pollutant transport and dispersion can be modeled via the Eulerian 
concentration transport equations. Equations are discretized by finite 
differences on a rectangular Cartesian grid. PALM has been successfully 
applied before to simulate urban environments including dispersion of 
air pollutants (e.g. Gronemeier and Sühring, 2019; Kurppa et al., 2018; 
Maronga et al., 2022) and it has been validated against wind tunnel 
(Gronemeier et al., 2021) and in-situ observations (Resler et al., 2021). 

In our study, simulations with PALM have been carried out to explain 
the general shape of the observed vertical concentration profiles. For 
this reason, the model setup has been chosen to provide a qualitative 
comparison with the measurements. A quantitative comparison would 
have required including various boundary conditions in much more 
detail, e.g. to take into account the temporal change of meteorological 

1 https://gitlab.palm-model.org/releases/palm_model_system/-/releases 
/v22.10. 
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conditions (daily cycle, and synoptic scale advection), effects from any 
kind of surface heterogeneity (caused by vegetation or thermal features 
of surfaces), or chemical reactions during the transport of emitted pol
lutants. Instead of exactly representing the conditions during the 
experiment, generic setups have been generated that well characterize 
typical conditions. The model domain has a size of 500 m along the 
horizontal directions and 1440 m vertically. An isotropic grid spacing of 
1 m is used near the surface, in order to well resolve the turbulence near 
the building walls. Above a height of 100 m, the grid is vertically 
stretched to reduce the demand on computational resources. The 
buildings of the H. C. Ørsted Institute are represented as shown in Fig. 1. 
Topography, vegetation, and other surrounding buildings are dis
regarded since they would have only minor effects on the flow in the 
immediate vicinity of the H. C. Ørsted Institute. Simulations are driven 
by a geostrophic wind with a magnitude of 1 m s− 1 in order to allow for 
larger timesteps, which reduces the computational time. Simulated 
mean concentration fields do not significantly depend on the magnitude 
of the geostrophic wind, as test runs with higher wind speeds have 
shown. The model is horizontally homogeneously initialized, with a 
vertical wind profile generated by a 1D-version of PALM. This profile 
represents the typical change of wind speed and direction with height in 
the atmospheric boundary layer (Ekman spiral) over a flat surface, and 
significantly helps to shorten the time until the 3D-simulation has 
reached a stationary state. A roughness length (z0) of 0.1 m is used at the 
surface and building walls. A neutral or slightly unstable temperature 
stratification is assumed, which is more or less typical for wintertime 
conditions. The unstable stratification represents a surface sensible heat 
flux of about 10 W m− 2. During the simulation, along Nørre Allé, a 
passive tracer is emitted at the surface with a constant flux of 1 g m− 2 

s− 1. The absolute value of the flux is not of importance since for the 
analysis all concentrations are normalized by the simulated mean con
centration that is observed directly above the street. 

In order to determine the impact of wind direction on the results, 
eight runs for main wind directions W, SW, S, etc. have been carried out. 

Simulations are run for 7200 s. A stationary state is reached well before 
3600 s, and model output is averaged over the last 3600 s of a run. This 
way turbulent fluctuations are almost filtered out. 

3. Results 

3.1. Calibration and intervariability 

Results from co-locating a Gen5 node at HCAB are presented in 
Fig. 3. This figure illustrates the training and validation periods of the 
calibration model for NO2, O3, and PM2.5. Evaluation statistics, along 
with the number of measurement points and measured ranges for the 
training and validation periods are provided in Tables 1 and 2 in the 
Appendix. For all pollutants, the concentration ranges were approxi
mately the same for both the training and validation periods. It was 
determined that a time resolution of 30 min for the electrochemical cells 
and 2 h for the optical PM sensors yielded the most optimal calibration 
coefficients. During the validation period, the mean R2 was 0.60 (0.02) 
for NO2, 0.79 (0.01) for O3, and 0.59 (0.01) for PM2.5 with the respective 
standard deviations shown in parentheses. The slopes were less than 1 
for all pollutants, with mean slopes of 0.8 (0.0), 0.9 (0.02), and 0.6 
(0.01) for NO2, O3, and PM2.5, respectively, indicating a slight under
estimation of the concentrations. The sizes of RMSE, MBE, and MAE 
were similar for O3 and PM2.5, and slightly higher for NO2, but still 
within acceptable limits. The intervariability between the LCS was 
consistently low for all pollutants, with the lowest R2 being 0.89 for NO2, 
0.97 for O3, and 0.98 for PM2.5. This low intervariability makes the low- 
cost sensors highly suitable for relative measurements. These results are 
similar to, or better than, those reported in (Hong et al., 2021; Rogulski 
et al., 2022; Tryner et al., 2020). 

Following deployment on the C-building, calibrated measurements 
from all Gen5 nodes were compared to reference readings obtained from 
the AQMS (HCØ), situated on the neighboring building’s rooftop. The 
correlation matrices for each LCS on its respective floor compared to the 

Fig. 2. Example frame from an analyzed video file. The frame shows the area of interest (yellow box), the Up and Down counting lines, a number of correctly 
identified cars, as well as a bus. The sum of counts for the current stage of the video are displayed in the top left corner. 
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Fig. 3. Co-location measurements of one representative LCS node with reference (Ref) instruments at 30-min time resolution for NO2 (top) and O3 (middle), and 2-h 
time resolution for PM2.5 (bottom). In the time series, the training (blue) and validation (orange) periods are shown together with their corresponding scatter plots. 
The scatter plots show the coefficient of determination between the reference and LCS measurements, a 1:1 line in black, and the regression line in red with its 95 % 
confidence interval as the grey shaded area. 

Fig. 4. Time variation of the concentration of NO2, O3 and PM2.5, noise levels and traffic count from the first floor. The traffic count is split depending on which 
direction the traffic is driving, where purple represents Up and orange represents Down. All data is with a time resolution of 1 min. 
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reference instruments are presented in Figs. 10–12 in the Appendix. 
Compared with the reference readings from HCØ, the lowest R2-values 
were 0.57 for NO2, 0.91 for O3, and 0.93 for PM2.5 (compared with daily 
gravimetric measurements). The intervariability between the LCS was 
consistently low for all pollutants, despite being located on different 
floors, with the lowest R2 being 0.78 for NO2, 0.95 for O3, and 0.99 for 
PM2.5. 

3.2. Air pollutants, noise, traffic count, and their associations 

Time variation of the concentration of NO2, O3 and PM2.5, noise 
levels and traffic count from the first floor is seen on Fig. 4. NO2 con
centrations exhibited distinct differences between weekdays and 
weekends, with higher levels observed on weekdays. During weekdays, 
substantial day-night gradients were observed, with an increase in the 
concentration of NO2 from 4:00 to 5:00, followed by a decrease after 
9:00. Additionally, in the late afternoon, there was an increase in NO2 
concentration. The NO2 concentration was characterized by a bi-modal 
pattern akin to the two rush-hour periods. This increase occurred earlier 
on Wednesdays, with a less pronounced decrease in the afternoon. The 
morning rush-hour generally had higher NO2 levels compared to the 
afternoon rush-hour period. On Mondays, an additional increase was 
seen around 20:00. Conversely, weekends displayed a slightly delayed 
rise in the morning, around 9:00, without an additional increase in the 
afternoon. During periods of elevated NO2, the concentration of O3 was 
found to be lowest, while weekends saw the highest O3 levels. As for 
PM2.5, no distinct daily patterns emerged; however, concentrations were 
consistently lower on weekends. 

Similar patterns of weekday-weekend and day-night variations were 
observed in noise levels, with higher levels on weekdays. Substantial 
day-night gradients were evident, particularly on weekdays. There was a 
rise in noise levels during the early morning (around 5:00), followed by 
a decrease post 9:00, and a minor increase around 17:00. During 
weekends, the morning rise started later, around 9:00, and exhibited a 
more gradual decline throughout the night. 

Traffic counts, recorded from 7:00 to 17:00, showed a higher volume 
of traffic heading "Down" (southward) toward central Copenhagen dur
ing the morning rush-hour. In the afternoon, traffic distribution became 
more balanced between directions. The lowest traffic counts were 
recorded during the weekend, with a steady increase from morning to 
early afternoon. 

Moderate correlations were found among the pollutants. Specif
ically, a moderate inverse correlation was observed between NO2 and O3 
(R2 = 0.47), while the correlation between O3 and PM2.5 was more 
modest (R2 = 0.25) and no correlation was seen between NO2 and PM2.5. 
Furthermore, there was no correlation between O3, PM2.5 and noise. The 
correlation between NO2 and noise levels in the overall dataset yielded a 
relatively low R2-value of 0.25. However, higher correlations are 
observed under specific wind speeds and directions, as seen in Fig. 13 in 
Appendix. A moderate NO2-noise correlation (R2 = 0.40) was found 
under southeasterly wind conditions, with wind speeds between 3 and 6 
m s− 1. Similarly, a comparable correlation was observed at lower wind 
speeds (0–3 m s− 1) for wind directions from the NW, SE, and SW, with 
R2-values ranging from 0.31 to 0.39. Conversely, no significant corre
lations between noise and NO2 were observed at higher wind speeds (ν 
> 6 m s− 1). Furthermore, the GAMs revealed that during southeasterly 
wind, noise levels explained 16 % of the variance in the NO2 concen
tration. In contrast, for other wind directions, noise explained only 4 % 
to 7 % of the variance. Wind speed was a significant factor influencing 
the noise-NO2 relationship. At low wind speeds (ν < 3 m s− 1), noise 
levels explained 12.7 % of the variance in the overall dataset. This 
percentage decreased slightly to 11.9 % for wind speeds of 3–6 m s− 1, 
and dropped significantly to below 4 % for wind speeds exceeding 6 m 
s− 1, irrespective of wind direction. 

No statistically significant relationships were observed between O3, 
PM2.5, and traffic count. The correlation between NO2 and traffic count 

as well as the correlation between noise levels and traffic count in the 
entire dataset is relatively low, with R2-values of 0.30 and 0.39, 
respectively. Nevertheless, a correlation was found between traffic 
volume and NO2, similar to noise and NO2, under specific wind direction 
and speed conditions. Specifically, under southwesterly winds and wind 
speeds of 0–3 m s− 1, the correlation of determination between NO2 and 
traffic volume was 0.51. Similarly, a strong correlation with an R2-value 
of 0.70 between traffic volume and noise was evident under the same 
conditions. Additionally, a correlation was noted between traffic volume 
and noise under southwesterly winds and higher speeds (ν = 3–6 m s− 1), 
yielding an R2-value of 0.52. For both cases, the coefficient of deter
mination between noise and traffic volume would increase when only 
considering trucks in contrast to all vehicles. For example, for south
westerly winds and wind speeds between 0 and 3 m s− 1, the coefficient 
of determination between noise and traffic volume increased to 0.81 
when considering only trucks and decreased to 0.60 when considering 
only cars. 

3.3. Comparison between floors 

The results from the measurement campaign indicated no significant 
vertical gradient in pollutant concentrations across the five floors. This 
observation is illustrated in Fig. 5 for NO2, and corresponding figures for 
O3 and PM2.5 are presented in Figs. 14 and 15 in the Appendix. Gener
ally, there was low variability between the sensors even when they were 
deployed on each floor. However, statistical analysis using the Wilcox
on–Mann–Whitney Rank test revealed significant differences among 
some measured concentrations at different floors, see Table 3 in the 
Appendix. The vertical profiles of the temperature and relative humid
ity, measured by the LCS at different floors, are shown in Fig. 20. 
Additionally, the temperature and relative humidity measured by the 
meteorological station on the rooftop are included. It can be seen that 
the temperature and relative humidity remain stable across all five 
floors. However, in general, the LCS nodes measure slightly higher 
temperatures and lower relative humidity compared to the meteoro
logical station. This is due to the heating of the electric components 
within the nodes. 

Figs. 16, 17, and 18 show partial effect plots of the GAMs for each 
meteorological variable affecting NO2, O3, and PM2.5. These plots 
illustrate the non-linear impacts of meteorological variables across their 
observed range on the concentrations of NO2, O3, and PM2.5. The 
meteorological variables account for 49.2 % to 53.5 % of the variance in 
NO2 concentration, 65.6 % to 67.4 % for O3, and 31.2 % to 31.7 % for 
PM2.5. These results align with expectations and are consistent between 
LCS and reference measurements. Any unexplained variance is likely 
due to missing data on source emissions and activity. Partial effect plots 
of the GAMs for traffic count are shown in Fig. 19 in the Appendix. The 
traffic count is categorized into Up and Down for the three measured 
pollutants. There were no significant differences in the influence of 
traffic count on the LCS readings across different floors. Therefore, we 
only present partial plots for floor 2, as this is where the video camera is 
located. Note that traffic count has the highest influence on the NO2 
concentration (~10 %), followed by O3 (~7 %) and PM2.5 (~2 %), 
therefore the scales are different for the three pollutants. For NO2 and 
O3, only traffic counts at Down contribute to the variance explained in 
the LCS readings. Higher traffic counts at Down positively influence the 
NO2 readings, while for O3, the opposite is true, with higher traffic 
counts negatively affecting O3 readings. As for the PM2.5 readings, when 
considering the error bars, traffic count generally does not influence the 
LCS readings. 

There is no significant difference between the amount of variance 
explained by the GAMs and the respective LCS floor location. Regarding 
NO2, the most influential predictors are wind direction and wind speed, 
emphasizing the significance of dilution and transport processes. Higher 
concentrations of NO2 are correlated with more stationary air parcels (ν 
< 3 m s− 1), while lower concentrations are correlated with higher wind 
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speed values (ν > 3 m s− 1). Some temperature effects on NO2 concen
trations are observed, particularly at lower temperatures (T < 0 ◦C). 

For O3, wind speed is the most important predictor. Higher con
centrations of O3 are linked to more moving air parcels (ν < 5 m s− 1), 
whereas lower concentrations are correlated with reduced movement of 
air parcels (ν > 5 m s− 1). This inverse relationship with NO2 is expected 
since O3 rapidly reacts with traffic-induced NO, forming NO2. Wind 
direction explains the majority of the variance in LCS PM2.5 measure
ments. No reference is added here since the only reference is based on 
daily gravimetric measurements, while the low-cost PM2.5 sensors uti
lize optical measurements with a 1-min time resolution. 

Our findings align with previous studies, highlighting wind speed as 
the primary meteorological factor influencing NO2 levels (Carslaw et al., 
2007; Elminir, 2007; Pearce et al., 2011). Compared to O3, NO2 exhibits 
less variance explained by meteorology, which accurately reflects the 
significant impact of local emissions and short-range transport on NOx, 
as well as the role of photochemical production of O3. The strong cor
relation with wind speed emphasizes the crucial role of dispersal and 
dilution in explaining local NO2 concentrations from a meteorological 
perspective. 

3.4. PALM results 

The main purpose of the LES, which have been performed after the 
measurements were carried out, is to model the general behavior of the 
vertical concentration profiles as a function of wind speed and wind 
direction. Some typical examples from the eight wind directions that 
have been simulated for two stratifications (neutral and slightly unsta
ble) will be presented. Fig. 6(a) shows streamlines of the near-surface 
flow at a height of 0.5 m around the H. C. Ørsted Institute for a case 
with neutral stratification and a background wind from the SW, which 
was the most prevalent wind direction during the experiment. 

Due to the turning of wind direction to the left within the atmo
spheric boundary layer, the near-surface wind is oriented more south- 
southwest instead of southwest. Streamlines separate at the south
western corner of the H. C. Ørsted Institute, and several recirculation 
zones appear along the eastern side of the building, where near-surface 
air is transported against the mean wind direction from the road east of 
the H. C. Ørsted Institute towards the building. Streamlines in a vertical 
cross section oriented along west-east at the sensor position (Fig. 6(b)) 
show that the air in the vicinity of the measurement system is trans
ported directly from the surface up to the building top. The streamlines 

Fig. 5. Comparison of NO2 concentrations measured with LCS nodes at the five floors (FX denotes floor number X) of the C-building, including results from the 
reference instruments placed at the rooftop of the D-building, across various wind direction bins. 

Fig. 6. Streamlines around the H. C. Ørsted Institute in (a) a horizontal cross section at 0.5 m height, and (b) a vertical cross section, for neutral stratification and a 
background wind from the SW. The origin of the coordinate system is centered at the monitoring array. Locations of buildings are represented by grey shaded areas. 
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generally correspond with the flow field found around simple cubical- 
shaped obstacles, as found e.g. by Martinuzzi and Tropea (1993) from 
wind tunnel studies. The corresponding mean concentration field of a 
passive scalar that is released from the nearby road is displayed in Fig. 7, 
which shows cross sections at the same positions as for the streamlines. 

While most of the scalar is advected eastward, away from the 
building, the horizontal cross section in Fig. 7(a) clearly shows a near- 
surface transport of scalar from the road, where maximum concentra
tions appear, towards the building within the recirculation zones, which 
is then transported upward along the wall up to the building top, as 
evident from Fig. 7(b). 

The mean vertical concentration profile at the location of the mea
surement system is given in Fig. 8(a), together with the profiles obtained 
for the other simulated wind directions. In order to better visualize the 
change with height, concentrations for each of the profiles have been 
normalized with the concentration value at the lowest model grid point 
(0.5 m), respectively, so all profiles start at that point with a relative 
concentration of 1. For a background wind direction from the SW, the 
concentration is almost constant with height (fluctuations are probably 
due to insufficient time averaging), while for other directions a general 
decrease with height is observed. For wind directions from W and NW, 
concentrations decrease about 20 % to 30 % up to the fifth floor, while 
for the other wind directions, the decrease is about 70 % to 90 %. Above 
rooftop height, concentration values rapidly decrease to almost zero, 
which in turn implies that the rapid increase below the rooftop is an 

effect of the recirculation zone, which is strongest for wind directions 
from the W and NW. For slightly unstable stratification, as is typical for 
winter daytime conditions, the scalar is transported to greater heights 
due to better vertical turbulent mixing (see non-zero concentrations 
above roof level in Fig. 8(b)). Under such conditions, the concentration 
is still constant with height for a background wind from the SW, but also 
from the S, while for winds from the W and NW even a significant in
crease of concentration with height is observed. For other wind di
rections, the concentration decreases by about 40 % to 50 %, which is 
not as strong as for neutral stratification, due to the better vertical 
mixing under unstable stratification. 

4. Discussion 

The study aimed to establish links between traffic-related air pollu
tion, noise levels, and real-time traffic levels with the low-cost equip
ment utilized. We utilized a video camera together with image detection 
to count traffic. Cameras offer a non-intrusive way to monitor traffic in 
contrast to other methods, such as pneumatic road tube counting, 
piezoelectric or magnetic sensors, or inductive loops (Ayaz et al., 2022), 
which are labor intensive, expensive to install, and require physical 
installations on the road. However, for our campaign, a separate 
detection model would need to be developed for vehicles with head
lights switched on, in order to use the night-time data. 

We found that wind direction and speed significantly modified 

Fig. 7. Concentration of a passive scalar around the H. C. Ørsted Institute within (a) a horizontal cross section at 0.5 m height, and (b) a vertical cross section, for 
neutral stratification and a background wind from the SW. The scalar is normalized with the mean value directly above the street. The origin of the coordinate system 
is centered on the monitoring array. Locations of buildings are represented by grey shaded areas. 

Fig. 8. Mean vertical profiles of passive scalar at the measurement location for the eight simulated wind directions, (a) for neutral stratification, and (b) for slightly 
unstable stratification. Note that the y-axis scale is expanded to 50 m, even though the rooftop height is approximately 25 m. 
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pollutant concentrations, noise levels, and the correlations between 
them. Our results showed a moderate correlation between NO2 con
centration, noise, and traffic counts under the conditions of southwest
erly wind direction and low wind speed, suggesting that all three 
parameters have a common source, namely, traffic. Ross et al. (2011) 
found similar results, where they show how noise levels are temporally 
correlated with traffic and combustion pollutants and correlations are 
modified by the time of day, noise frequency, and wind. They found no 
correlation between NO2 and noise when all hours were included, but 
NO2 and noise were correlated when hours with high wind speeds were 
excluded. 

The design of buildings can significantly affect both air and noise 
pollution levels, including factors such as building height, density, and 
material. Urban sound propagation is impacted by reflections from 
surfaces such as building facades and roofs, diffraction from edges, ab
sorption, and scattering from irregular building surfaces. Environmental 
factors such as wind speed, wind direction, temperature, and tempera
ture gradients can also greatly influence the correlation between air and 
noise pollution (King et al., 2016; Weber, 2009). Therefore, traffic noise 
may be confounded by atmospheric wind and, potentially, by distant 
noise. Sound travels faster in the direction of the wind and slower 
against it. Temperature gradients can also impact outdoor sound waves, 
for instance from road traffic, by refracting them towards or away from 
the ground (Khan et al., 2018). 

The correlation between air and noise pollution and traffic is highly 
dependent on various conditions and factors. Previous studies have 
found strong relations between these parameters, while others have not 
found any correlation. This suggests that the relationship likely applies 
only to specific conditions. Therefore, noise levels could serve as an 
indicator of air pollution, but it requires careful parameterization and is 
applicable only in situations where precise determinations are not 
necessary. Consequently, it is crucial to measure local meteorological 
conditions such as temperature, wind speed, and wind direction, and to 
have a comprehensive understanding of the surrounding environment. 
For more accurate monitoring of air pollution, there is no substitute. 

Another aim of the study was to assess the ability of low-cost sensors 
to measure pollution gradients between street level and urban back
ground. The measurement campaign conducted at the H. C. Ørsted 
Institute building revealed no significant vertical gradient in pollutant 
concentrations across its five floors. However, according to PALM 
analysis, under neutral stratification, the relative concentration profiles 
for wind directions W and NW exhibited a decrease of approximately 20 
% to 30 % up to the fifth floor, whereas, for other wind directions, the 
decrease was about 70 % to 90 %. In slightly unstable conditions, which 
are more realistic for the measurement campaign, the pollutants were 
transported to higher heights due to improved vertical turbulent mixing. 
Under such conditions, the concentration remained relatively constant 
with height for a background wind from the SW and S. However, for 
winds from the N, W, and NW, an increase in concentration with height 
was observed. For other wind directions, the concentration decreases by 
approximately 40 % to 50 %, which was not as pronounced as in neutral 
stratification, attributed to the enhanced vertical mixing under unstable 
stratification. 

Overall, the simulations show a significant dependence of the vertical 
profile of concentration on the wind direction, which is to be expected 
since the building has a powerful impact on the near-surface flow field. It 
needs to be considered here, that the thermodynamic stability also affects 
the direction of the near-surface wind, so profiles for the same back
ground wind direction but for different atmospheric stability may be hard 
to compare. Finally, we note that the wind sweeps evenly over the top of 
the building in all simulations showing that the rooftop is a good location 
for the ’urban background’ monitoring station (at least under stable or 
slightly unstable stratification) as it is predicted to receive negligible 
contamination from local emissions from Nørre Allé. To further investi
gate the ability of the low-cost sensors to capture height-related pollution 
variations, we examined the p-values for each wind direction category, as 

presented in Tables 4, 5, and 6 in the Appendix. The results indicated that 
when LES simulations suggested the presence of a gradient between 
specific floors, the NO2 sensor readings exhibited significant differences. 
Conversely, when LES simulations indicated no gradient in a particular 
wind direction bin, the NO2 sensor readings did not show significant 
differences. For example, when considering the wind directions west and 
northwest, the p-values between most floors suggest significant differ
ences in NO2 concentration readings, consistent with the results from the 
LES simulations during slightly unstable stratification. In contrast, for the 
wind directions south and southwest, where LES simulations suggested 
almost constant concentration with height, the p-values from the floor 
comparisons indicate that NO2 concentration is not significantly different 
between most floors. However, such relationships were not observed for 
O3 or PM2.5. It is important to note that while some sites may be statis
tically different from each other, there is no clear evidence of a vertical 
gradient in any of the pollutants across various heights. It should be noted 
that if more unstable conditions were considered, which might better 
simulate real-life scenarios, the gradients might become less distinct. The 
LCS nodes might accurately represent the air entering the building when 
windows are opened. Nonetheless, measured and modeled results of this 
study suggest that there is no substantial variation in concentration levels 
between working on the first floor and the fifth floor, for the building 
studied. The findings highlight the vertical concentration profile’s sensi
tivity to stratification and the crucial role of location in determining air 
pollution gradients moving upward from a road. Generally, the dispersion 
and concentrations of air pollutants vary significantly depending on street 
configuration, prevailing wind direction, and wind speed as well as local 
sources. To obtain accurate assessments of pollutant gradients, mea
surement towers, which should be not affected by local circulations 
generated by nearby buildings or vegetation, are more suitable. 

5. Conclusion 

The combination of a video camera and machine learning algorithms 
was shown to be a very cost-effective method for automatically deter
mining traffic volume and type. We found moderate correlations be
tween traffic-related air pollution, noise, and traffic volume under 
specific conditions. During southwesterly winds and low wind speed, we 
observed significant correlations, with an R2-value of 0.40 for NO2 and 
noise, 0.51 for NO2 and traffic volume, and 0.70 for noise and total 
traffic volume. This implies that noise levels and traffic counts can serve 
as indicators for air pollution, particularly in situations where a precise 
determination is not necessary. However, it is necessary to also measure 
local meteorological conditions, such as wind speed and direction, and 
for accurate monitoring of air pollution, there is no substitute. 

This study found that the low-cost air pollution sensors were unable 
to detect a pollution gradient along the side of a 5-floor building (25 m), 
even though the low-cost sensors showed minimal sensor intervari
ability (R2-values of 0.98 for PM2.5, 0.89 for NO2, and 0.97 for O3). The 
pollution was enhanced relative to the urban background, with the 
excess pollution arising from the nearby road. LES simulations were 
used to corroborate the idea that air is swept vertically up the side of the 
building depending on wind direction from the roadway which would 
lead to as high pollution concentrations outside the window of a fifth- 
floor office, as for an office on the ground floor. The vertical concen
tration profile is very sensitive to stratification, but the model results in 
general support the measurement observations. Based on the low 
intervariability between the LCS nodes, LCS nodes can effectively indi
cate a vertical gradient in street configurations if there is a significant 
variation in air pollution with height. Vertical structure of air pollution 
in the urban environment is not typically accounted for in exposure 
assessments, which may lead to misclassification of exposures based on, 
for example, the elevation of an apartment or office, therefore wider 
adoption of vertical exposure measurements would improve exposure 
assessments and urban air pollution models. 
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A. Appendix.     

Fig. 9. Wind rose showing the wind directions and wind speeds during the campaign.   
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Fig. 10. Correlation matrix of the reference and the Gen5 nodes’ calibrated NO2 measurements with 30-min time resolution during the complete measurement 
period, displaying scatter plots (bottom left), density diagrams of distribution of data (diagonal), and pairwise Pearson’s correlation coefficients (top right). Within 
the scatter plots are linear regression fit lines (blue), and a 1:1 line (black line). Note the different scales.  
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Fig. 11. Correlation matrix of the reference and the Gen5 nodes’ calibrated O3 measurements with 30-min time resolution during the complete measurement period, 
displaying scatter plots (bottom left), density diagrams of distribution of data (diagonal), and pairwise Pearson’s correlation coefficients (top right). Within the 
scatter plots are linear regression fit lines (blue), and a 1:1 line (black line). Note the different scales.  
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Fig. 12. Correlation matrix of the reference and the Gen5 nodes’ calibrated PM2.5 measurements with 24-h time resolution during the complete measurement period, 
displaying scatter plots (bottom left), density diagrams of distribution of data (diagonal), and pairwise Pearson’s correlation coefficients (top right). Within the 
scatter plots are linear regression fit lines (blue), and a 1:1 line (black line). Note the different scales, and that the reference is a low volume sampler with a 1-day 
time resolution.  
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Table 1 
Evaluation statistics for the training of the LCS nodes with the multivariate linear calibration model. The mean is an average over all nodes with their corresponding 
standard deviations (SD). The number of measurement points and reference instrument ranges during LCS node readings availability are also noted.  

Pollutant Sensor R2 Slope Intercept RMSE MBE MAE Points Range 

NO2 Gen5-282 0.69 0.69 8.3 6.9 0 6 354 0.3–81.7 ppb 
Gen5-283 0.66 0.66 9.2 7.1 0 6.3 
Gen5-284 0.7 0.7 8.2 6.8 0 6 
Gen5-285 0.7 0.7 8.2 6.8 0 5.9 
Gen5-286 0.69 0.69 8.3 6.9 0 5.9 
Mean 0.69 0.7 8.4 6.9 0 6 
SD 0.02 0.02 0.44 0.09 0 0.13 

O3 Gen5-282 0.98 0.98 0.6 1.3 0 0.9 354 0.09–41.8 ppb 
Gen5-283 0.98 0.98 0.5 1.2 0 0.9 
Gen5-284 0.98 0.98 0.6 1.3 0 0.9 
Gen5-285 0.98 0.98 0.5 1.2 0 0.9 
Gen5-286 0.98 0.98 0.5 1.1 0 0.8 
Mean 0.98 1 0.5 1.2 0 0.9 
SD 0 0 0.05 0.06 0 0.06 

PM2.5 Gen5-282 0.72 0.72 2.7 2.2 0 1.9 270 0.8–22.4 μg m− 3 

Gen5-283 0.73 0.73 2.6 2.1 0 1.9 
Gen5-284 0.71 0.71 2.8 2.2 0 2 
Gen5-285 0.71 0.71 2.8 2.2 0 2 
Gen5-286 0.72 0.72 2.7 2.2 0 1.9 
Mean 0.72 0.7 2.7 2.2 0 1.9 
SD 0.01 0.01 0.08 0.02 0 0.03   

Table 2 
Evaluation statistics for validation of the LCS nodes with the multivariate linear calibration model. The mean is an average over all nodes with their corresponding 
standard deviations (SD). The number of measurement points and reference instrument ranges during LCS node readings availability are also noted.  

Pollutant Sensor R2 Slope Intercept RMSE MBE MAE Points Range 

NO2 Gen5-282 0.6 0.76 5 9 − 1.5 7.1 327 2.7–76.6 ppb 
Gen5-283 0.58 0.68 10.7 8.4 2.1 7.5 
Gen5-284 0.64 0.8 5.1 8.7 − 0.2 6.5 
Gen5-285 0.6 0.77 5.2 9.1 − 0.9 7 
Gen5-286 0.6 0.76 6 9 − 0.6 7.1 
Mean 0.6 0.8 6.4 8.9 − 0.2 7 
SD 0.02 0 2.4 0.3 1.4 0.4 

O3 Gen5-282 0.8 0.92 1 3.7 − 1.3 2.6 328 8.8–49.8 ppb 
Gen5-283 0.78 0.88 1.4 3.7 − 2.2 3.1 
Gen5-284 0.8 0.95 0.9 3.8 − 0.7 2.5 
Gen5-285 0.78 0.92 1.2 3.9 − 1.3 2.8 
Gen5-286 0.79 0.92 1.3 3.8 − 1.2 2.7 
Mean 0.79 0.9 1.2 3.8 − 1.3 2.8 
SD 0.01 0.02 0.2 0.1 0.5 0.2 

PM2.5 Gen5-282 0.6 0.63 4.9 2.4 1.8 2.8 328 0.3–33.4 μg m− 3 

Gen5-283 0.57 0.63 4.7 2.5 1.7 2.8 
Gen5-284 0.58 0.61 4.9 2.4 1.8 2.9 
Gen5-285 0.6 0.62 4.8 2.4 1.7 2.8 
Gen5-286 0.58 0.62 4.8 2.5 1.8 2.9 
Mean 0.59 0.6 4.8 2.4 1.8 2.8 
SD 0.01 0.01 0.1 0.1 0.1 0   
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Fig. 13. Scatterplot of NO2 vs. noise levels depending on wind direction and wind speed (WS). The correlation of determination between the NO2 and noise levels for 
each scatterplot is shown, together with a 1:1 line in black, and the regression line in red with its 95 % confidence interval as the grey shaded area. Note that due to 
the limited availability of data within each wind direction bin, calculations were performed for only four wind direction ranges: 0–90◦ representing Northeast, 
90–180◦ representing Southeast, 180–270◦ representing Southwest, and 270–360◦ representing Northwest.  
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Fig. 14. Comparison of O3 concentrations measured with LCS nodes at the five floors (FX denotes floor number X) of the C-building, including results from the 
reference instruments placed at the rooftop of the D-building, across various wind direction bins.  

Fig. 15. Comparison of PM2.5 concentrations measured with LCS nodes at the five floors (FX denotes floor number X) of the C-building, including results from the 
reference instruments placed at the rooftop of the D-building, across various wind direction bins. Note that the reference is a low volume sampler with a 1-day 
time resolution.  
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Table 3 
Wilcoxon-Mann-Whitney U-tests of NO2, O3, and PM2.5 concentrations at the five floors. Extremely small p-values are rounded down to 0. The p-values in bold are 
above 0.05. HCØ is the urban background reference station on the rooftop of the neighboring building.  

NO2 Floor 1 Floor 2 Floor 3 Floor 4 Floor 5 

Floor 2 0.098     
Floor 3 0 0    
Floor 4 0 0 0.5   
Floor 5 0 0 0 0  
HCØ 0 0 0 0 0  

O3 Floor 1 Floor 2 Floor 3 Floor 4 Floor 5 

Floor 2 0     
Floor 3 0.45 0    
Floor 4 0.018 0 0.0016   
Floor 5 0 0 0 0  
HCØ 0 0 0 0 0.28  

PM2.5 Floor 1 Floor 2 Floor 3 Floor 4 Floor 5 

Floor 2 0.37     
Floor 3 0 0.004    
Floor 4 0 0.008 0.89   
Floor 5 0.75 0.56 0 0.0013  
HCØ 0.039 0.026 0.011 0.0128 0.032   

Fig. 16. Partial effects plots of each meteorological variable as calculated by the generalized additive models for NO2 for each floor. The y-axes are in units of NO2 
concentration (ppb) but are labeled according to the smoothing functions applied by the GAM for each independent variable.  
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Fig. 17. Partial effects plots of each meteorological variable as calculated by the generalized additive models for O3 for each floor. The y-axes are in units of O3 
concentration (ppb) but are labeled according to the smoothing functions applied by the GAM for each independent variable.  
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Fig. 18. Partial effects plots of each meteorological variable as calculated by the generalized additive models for PM2.5 for each floor. The y-axes are in units of PM2.5 
concentration (μg m− 3) but are labeled according to the smoothing functions applied by the GAM for each independent variable.  
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Fig. 19. Partial effects plots of traffic count, Up and Down, as calculated by the generalized additive models for NO2 (top), O3 (middle), and PM2.5 (bottom) for floor 
2. The y-axes are in units of the pollutant of interest (μg m− 3 or ppb) but are labeled according to the smoothing functions applied by the GAM.  
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Table 4 
Wilcoxon-Mann-Whitney U-tests of NO2 concentrations at the five floors within each wind direction bin. Extremely small p-values are rounded down to 0. FX denotes 
floor number X and the p-values in bold are above 0.05. HCØ is the urban background reference station on the rooftop of the neighboring building.   

F1 F2 F3 F4 F5  F1 F2 F3 F4 F5 

Northeast Southwest 

F2 0.26     F2 0.01     
F3 0 0    F3 0.0069 0.77    
F4 0.0046 0 0   F4 0.053 0.38 0.49   
F5 0 0 0.82 0.001  F5 0.061 0.38 0.45 0.97  
HCØ 0 0 0.092 0.019 0.18 HCØ 0 0 0 0 0 

East West 

F2 0.097     F2 0.37     
F3 0.79 0.13    F3 0 0    
F4 0.96 0.087 0.66   F4 0 0 0.16   
F5 0.027 0 0.012 0.043  F5 0 0 0 0.0028  
HCØ 0.0026 0 0 0.0044 0.48 HCØ 0 0 0 0 0 

Southeast Northwest 

F2 0.17     F2 0.13     
F3 0.38 0.55    F3 0.0021 0    
F4 0.77 0.26 0.53   F4 0.0062 0 0.7   
F5 0.059 0 0.0048 0.032  F5 0 0 0.0015 0  
HCØ 0 0 0 0 0 HCØ 0 0 0 0 0 

South North 

F2 0.76     F2 0.80     
F3 0.024 0.013    F3 0.44 0.32    
F4 0.97 0.77 0.018   F4 0.93 0.86 0.43   
F5 0.0061 0.0032 0.72 0.0042  F5 0.13 0.078 0.38 0.091  
HCØ 0 0 0 0 0 HCØ 0.0054 0.002 0.0082 0.007 0.38   

Table 5 
Wilcoxon-Mann-Whitney U-tests of O3 concentrations at the five floors within each wind direction bin. Extremely small p-values are rounded down to 0. FX denotes 
floor number X and the p-values in bold are above 0.05. HCØ is the urban background reference station on the rooftop of the neighboring building   

F1 F2 F3 F4 F5  F1 F2 F3 F4 F5 

Northeast Southwest 

F2 0     F2 0.0012     
F3 0 0.034    F3 0.87 0    
F4 0 0.53 0.0069   F4 0.13 0.09 0.085   
F5 0.75 0 0 0  F5 0 0 0 0  
HCØ 0.014 0 0 0 0.008 HCØ 0 0 0 0 0.94 

East West 

F2 0.13     F2 0     
F3 0.74 0.052    F3 0.75 0    
F4 0.83 0.17 0.57   F4 0.073 0.0074 0.15   
F5 0 0 0 0  F5 0 0 0 0  
HCØ 0 0 0 0 0.085 HCØ 0.004 0 0.0013 0 0.011 

Southeast Northwest 

F2 0.052     F2 0.029     
F3 0.53 0.01    F3 0.028 0    
F4 0.99 0.057 0.48   F4 0.66 0.0056 0.066   
F5 0 0 0 0  F5 0 0 0.0012 0  
HCØ 0 0 0 0 0.41 HCØ 0 0 0 0 0 

South North 

F2 0.06     F2 0.017     
F3 0.23 0.0024    F3 0.64 0.056    
F4 0.71 0.027 0.39   F4 0.16 0.30 0.35   
F5 0 0 0 0  F5 0.55 0.0035 0.28 0.048  
HCØ 0 0 0 0 0.25 HCØ 0.19 0 0.080 0.0077 0.51   
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Table 6 
Wilcoxon-Mann-Whitney U-tests of PM2.5 concentrations at the five floors within each wind direction bin. Extremely small p-values are rounded down to 0. FX denotes 
floor number X and the p-values in bold are above 0.05. HCØ is the urban background reference station on the rooftop of the neighboring building.   

F1 F2 F3 F4 F5  F1 F2 F3 F4 F5 

Northeast Southwest 

F2 0.29     F2 0.52     
F3 0.039 0.27    F3 0.014 0.06    
F4 0 0.012 0.13   F4 0.075 0.23 0.51   
F5 0.0079 0.092 0.55 0.31  F5 0.49 0.18 0.0017 0.015  
HCØ 0 0 0 0.0016 0 HCØ 0.12 0.095 0.056 0.075 0.14 

East West 

F2 0.54     F2 0.7     
F3 0.44 0.87    F3 0.0045 0.013    
F4 0.32 0.67 0.78   F4 0.0043 0.012 0.93   
F5 0.31 0.61 0.73 0.95  F5 0.88 0.61 0.0026 0.0028  
HCØ 0.76 0.69 0.7 0.66 0.7 HCØ 0.001 0.001 0 0 0.0014 

Southeast Northwest 

F2 0.61     F2 0.76     
F3 0.58 0.99    F3 0.16 0.087    
F4 0.56 0.96 0.96   F4 0.068 0.038 0.65   
F5 0.64 0.95 0.92 0.9  F5 0.35 0.23 0.62 0.33  
HCØ 0.015 0.01 0.01 0.012 0.012 HCØ 0.001 0.001 0.001 0.002 0.001 

South North 

F2 0.44     F2 0.88     
F3 0.14 0.47    F3 0.43 0.33    
F4 0.32 0.81 0.63   F4 0.19 0.15 0.47   
F5 0.88 0.52 0.17 0.38  F5 0.57 0.45 0.87 0.41  
HCØ 0.004 0.0035 0.003 0.0038 0.0041 HCØ 0.089 0.089 0.095 0.10 0.089   

Fig. 20. Temperature (left) and relative humidity (right) measured internally by the LCS nodes on the five different floors with FX denoting the floor number.   
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