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Abstract. A three-month air quality measurement campaign was conducted in spring 2023 near a busy highway in Espoo, 

Finland. The measurement site featured a high (6.5 m) noise barrier built adjacent to the highway. Additionally, there was a 15 

gap in the noise barrier at the selected measurement site, providing an opportunity to study the air quality impacts of the noise 

barrier. Several air quality measurement devices were installed behind the noise barrier and in the gap at distances of 10, 20 

and 40 m from the side of the highway. Additionally, 15 passive samplers were deployed to monitor NO2 concentrations across 

the study area, mobile measurements were conducted using the ATMo-Lab mobile laboratory on the highway, and concurrent 

flights with drones equipped with AQ monitors were performed along the highway. 20 

The effects of the noise barrier on PM10, PM2.5, lung deposited surface area (LDSA), particle number concentration (PNC), 

NO2, and black carbon (BC) were quantified based on the analysed measurement data. Furthermore, the measurements were 

compared with simulated pollutant concentrations from a local-scale Gaussian air quality model (Enfuser) with a nearby 

obstacle detection and concentration reduction method incorporated in the model to address the effects of the noise barrier in 

the study. 25 

The noise barrier was found to effectively reduce pollutant concentrations behind the barrier. The most notable reductions 

were observed closest to the highway. The greatest reductions were observed for PM10 (mostly road dust) while gaseous 

concentrations, such as NO2, exhibited less pronounced decreases. 

1 Introduction 

Traffic strongly influences air quality near highways through both exhaust emissions (Hilker et al., 2019; Sofowote et al., 30 

2018) and wearing products originating from pavement, tyres and brakes as well as NaCl from winter salting (Denby et al., 
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2016; Kupiainen et al., 2016; Pirjola et al., 2010; Sofowote et al., 2018; Vouitsis et al., 2023). These emissions pose risks to 

both human health and climate (Baensch-Baltruschat et al., 2020; WHO, 2021). The composition and size of particulate 

emissions from traffic vary, largely depending on the source. Combustion processes produce vast amounts of black carbon and 

organic-containing nanoparticles (Rönkkö & Timonen, 2019). The non-exhaust particles from traffic tend to be in the coarse 35 

mode size range and contain a mix of organics, metallic trace elements and NaCl from road salting (Denby et al., 2016; Vouitsis 

et al., 2023). Advancements in exhaust after-treatment technologies have been highly effective in reducing particulate 

emissions from traffic (Gren et al., 2021). These systems, combined with the increasing electrification of vehicles, have already 

led to a large reduction in exhaust-related emissions. Current EU legislations on particle emissions from traffic exhaust are so 

stringent that, in some jurisdictions, non-exhaust particles now represent a larger share of traffic-related particulate matter 40 

emissions (Fussell et al., 2022). In Europe, the upcoming Euro 7 legislation will also regulate tyre and brake wear emissions.  

The worldwide interest in reducing atmospheric pollutants is of great importance. This is reflected by the WHO air quality 

guidelines that include pollutants such as PM2.5, PM10, O3, NO2, SO2 and CO. However, ultrafine particle number concentration 

(PNC) and elemental carbon (EC) are also included in good practice statements and systematic measurements of them are 

encouraged (WHO, 2021). Also, much stricter limits for various pollutants are going to be implemented with the new EU air 45 

quality directive, with an obligation to measure ultrafine particle (UFP) and black carbon (BC) concentrations (European Air 

Quality Directive, 2024). 

Distance from the road has been found to strongly affect pollutant concentrations, with notable decreasing gradients observed 

for NO and NO2 as distance increases from roads (Thoma et al., 2008). Pollutant concentrations perpendicular to highways 

have been found to follow logarithmic gradients, with the steepest decrease occurring near the road (Zheng et al., 2022).. 50 

Similarly shaped gradients of pollutant concentration on the side of the highway have also been observed as a function of time 

after being emitted on the road (Kangasniemi et al., 2019). The gradients for particles are found to be more pronounced for 

larger particles (Zheng et al., 2022). In an earlier study, noise barriers have been found to reduce NOx concentrations by 23 % 

at 5 m behind the noise barrier (Tezel-Oguz et al., 2023). Notably lower concentrations have been observed for traffic-related 

ultrafine particles, BC, CO and NO2 concentrations behind the noise barrier compared to areas with no noise barrier, even at 55 

300 m behind the noise barrier by Baldauf et al. (2016). The steepness of the pollutant gradient has been found to be strongly 

dependent on the flow dynamics (Enroth et al., 2016). This would suggest that noise barriers strongly affect the dispersion of 

pollutants on the roadside. The beneficial effects of noise barriers on air quality have also been reported by Li et al. (2021). 

Several modelling approaches have been developed to meet the demand for accurate and timely information on urban AQ 

(Johansson et al., 2022; Rolstad Denby et al., 2020). The spatial variability of pollutant concentrations within an urban 60 

environment is pronounced, which poses a challenge for air quality modelling systems. To facilitate operational, timely 

production, the urban-scale models are mostly Gaussian dispersion models. However, the proper modelling of fluid dynamics 

in a complex environment would need more sophisticated tools such as Lagrangian particle simulations or Large Eddy 

Simulations (LES) (Hellsten et al., 2021). Unfortunately, the computational cost of using such sophisticated tools makes the 
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adoption of such approaches infeasible when the assessment time period exceeds several days, or the modelling area fully 65 

covers a city. 

The objectives of this study can be summarised to: what is the effect of the noise barriers on the pollutant gradients and 

concentrations on the side of a highly trafficked highway, and how do the modelling results compare to the measurements? 

More specifically, this study aimed to characterise the influence of a noise barrier on air quality near a highway using a sensor 

type and mobile measurement platforms. Sensors were used to measure PM10, PM2.5, NO2, BC, LDSA and NO2 concentrations 70 

as a function of distance (10, 20 and 40 m) from the highway, both behind a noise barrier and in an open area. PNC was also 

measured using sensor measurement, but only at 20 and 40 m poles. In addition, two condensation particle counters (CPCs) 

were used to study PNCs at the 20 m distances. Mobile measurements were conducted on the adjacent highway with the mobile 

laboratory.  Additionally, fifteen passive samplers were deployed to monitor NO2 concentrations around the measurement 

location. 75 

Another aim of this study was to test the capability of a Gaussian urban-scale dispersion model to quantify the effects of urban 

obstacles such as noise barriers while using computationally lightweight methods, which are feasible for operational use. The 

data included here provides urgently needed information about the influence of noise barriers and can be used to make better 

annual air quality maps for roadside locations for city planners.  
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2 Methodology 80 

2.1 Measurement campaign location and infrastructure 

 

Figure 1: Measurement infrastructure at the measurement site. The noise barrier has been marked to figure with orange lines. The 

measurement poles behind the noise barrier (NB10m, NB20m, and NB40m) have been marked with red, and the measurement poles 

in the open area (O10m, O20m, and O40m) have been marked with blue. Passive NO2 samplers (PAS_N100m, PAS_N37m, 85 
PAS_S1m, PAS_S20m, PAS_6m, PAS_NB60m, PAS_NB86m, PAS_O60m and PAS_O86m) have been marked in yellow. There were 

also passive samplers located in the main measurement poles.  Also, a mobile laboratory is presented in the figure. (© Google Earth 

2024) 

Measurements were conducted from March 1st to May 31st of 2023 near a busy highway (60°12'10.7"N, 24°44'14.1"E) that 

connects two major cities (Helsinki and Turku) in Southern Finland. According to (DigiTraffic, 2024), the daily traffic flow 90 

at the highway was approximately 63,000 vehicles/working day with an average speed of 85 km/h. The share of heavy-duty 

vehicles was approximately 5% during working days (Monday to Friday). The measurement site was located between a 

warehouse and the highway (Fig. 1). Next to the highway, approximately 7 m from the highway, a 6.5 m high noise barrier 
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had been built. Additionally, there was a 100 m gap in the noise barrier in front of the warehouse. The area around the 

measurement poles between the noise barrier and the warehouse was flat with only grass and no obstacles, including trees that 95 

could have affected the dispersion of pollutants. 

2.2 Fixed instrumentation at the campaign site 

Two rows of measurement poles were installed at distances of 10, 20 and 40 m from the highway (Fig. 1). One row of sensors 

was situated behind the noise barrier (poles named NB10m, NB20m, NB40m) while the other row was placed in the open area 

(O10m, O20m, O40m). The measuring height of the air quality sensors was about 2 m. In addition to the measurement poles, 100 

15 NO2 passive samplers were set around the measurement location. Six of the passive samplers were located at the 

measurement poles, and the other 9 in locations seen in Fig. 1. The passive samplers were measuring from February to May. 

The results were calculated monthly, but the March data were excluded because of data quality issues.  

Following air quality parameters related to street dust and exhaust gases were measured: PM10 and PM2.5 (particle mass with 

diameter < 10 or 2.5µm, Vaisala model AQT530, Note: AQT530 Vaisala measured particle size > 0.6 µm, Petäjä et al. (2021)), 105 

NO2 (AQT530, Vaisala; IVL type passive samplers), black carbon (BC; AE51, AethLabs; ObservAir, DSTech), particle 

number concentration (PNC, AQ Urban, Pegasor) and lung deposited surface area (LDSA; AQ Urban, Pegasor; Partector, 

Naneos). Vaisala AQT530 sensor is described by Petäjä et al. (2021), Pegasor AQ Urban by Kuula et al. (2020), BC sensors 

by Chen & Lin (2013) (AE51) and Caubel et al. (2019) (ObservAir). IVL-type passive sampler for NO2 is described by Ferm 

(1991) and Ayers et al. (1998). Two CPCs, Airmodus A30 (modified by the manufacturer to the 7 nm cut size; Airmodus Ltd., 110 

Helsinki, Finland – briefly described in Wlasits et al., 2024) and Brechtel 1720 (Brechtel Manufacturing, 258 Hayward, USA 

– described in BMI, 2021) were used to measure total particle number concentrations for particles larger than 7 nm at poles 

O20m and NB20m, respectively. However, these additional measurements fall out of the scope of this work and can be used 

as data input in future studies. Before and after the highway campaign, the air quality sensors were tested in co-location 

measurements with reference instruments at air quality monitoring stations. In the colocation measurements, the BC sensors 115 

were compared to MAAP. The average deviation from the MAAP was calculated, and the measurement data was corrected by 

multiplying the data by the derived correction factor. A similar process was also used for LDSA sensors (Partector) to make 

the concentrations to the same level between the instruments. Additionally, Partector sensors were also made comparable to 

AQ Urban by multiplying the LDSA concentrations by 0.66. 

 120 

Data coverages of data usable in analysis for the different instruments are presented in the supplemental materials Table S1. 

For NO2, only the data from March was used as the authors wanted to be sure that all 6 instruments were functioning properly 

at the same time, and during April and May, the weather got warmer, and the measurement data seemed to include more errors 

and was therefore left out of the analysis. Also, the BC data from April and March was removed from the analysis as the large, 
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fast temperature changes between day and night caused artefacts in the data. The temperature-related issues of BC sensors are 125 

well described by Elomaa et al. (2024). 

 

2.3 Weather conditions during the measurement campaign 

The weather conditions, including hourly temperature, boundary layer height, precipitation, and water on the road, are 

presented in Fig. 2. During the measurement campaign, the meteorological conditions changed from winter conditions with 130 

subzero temperatures (minimum hourly temperature -10°C.) to spring with temperatures up to +20°C. The precipitation 

(mostly snow) was quite frequent in March, whereas only some precipitation (mostly rain) was observed in April and May. 

Especially the beginning of April was distinctively dry. The presented weather conditions are a mix of measured and modelled 

information; the boundary layer height originates from the SILAM chemical transport model (CTM) (Sofiev et al., 2015), and 

the water column height on the road surface is taken from the closest optical road weather measurement site (DigiTraffic, 135 

2024). 
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Figure 2: The weather data including A) Temperature (T), B) Boundary layer height (BLH), C) Rain, D) Water layer height on road 

(WLH), E) Wind speed (WS) and F) Wind direction (WD) during the measurement period (March 1st to May 31st, 2023). 

2.4 Mobile and drone measurements 140 

Mobile measurements on the highway were conducted using the ATMo-Lab mobile laboratory (Lepistö et al., 2023; Rönkkö 

et al., 2017). The air was sampled from the top of the windshield at a height of ~2.2 m with a flow rate of 22 lpm. An 8 km 

loop was driven on two measurement days (Monday, 20th March and Friday, 24th March) between 11 am and 3 pm, resulting 

in 300 minutes of highway measurement data. Total particle number concentrations were measured with four CPCs with 

different D50 % cut diameters: 2.5 nm (TSI 3756), 4 nm (TSI 3775), 10 nm (Airmodus A20) and 22 nm (Airmodus A23). The 145 

size distribution of particles was measured with an electrical low-pressure impactor (Dekati ELPI+). Additionally, black carbon 

mass concentration (Magee Scientific AE33), particle chemical composition (Aerodyne Research Inc, soot-particle aerosol 

mass spectrometer; SP-AMS), CO2-concentration (LI-COR LI-850) and NOx-concentration (Teledyne T-201) were measured. 
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Of the measured components, the NO2, LDSA, PNC, and BC are compared to the stationary measurements in this paper by 

using the concentrations measured with the mobile laboratory as a reference point on the road. 150 

 

Drone measurements were conducted with a custom-built multicopter built around the Tarot X6 hexacopter platform. The 

copter had a maximum flight time of 15 min. The maximum take-off weight for the copter was around 11 kg. During flight, 

the GPS locations and altitudes of the copter were recorded using (GPS – Global Positioning System – position fix). The 

scientific instrumentation was attached to purpose-built modules. The exact description of the drone is given by Brus et al. 155 

(2021). The scientific payload of the drone consisted of condensational particle counters (CPCs; model 3007, TSI Corp.; total 

count in the range from 0.01 to >1.0 µm), the mini cloud droplet analyser (mCDA, Palas GmbH) with a size range of 0.2-17 

µm in 256 bins resolution), a micro Aethalometer (model MA200, microAeth), a basic meteorological sensor 

(Bosch BME280; P, pressure; T, temperature; and RH, relative humidity), and Raspberry 4 microcomputer. The data from the 

instruments were recorded on the microcomputer with a 1 Hz resolution. The drone measurements are used in this paper for 160 

evaluating the vertical dispersion of pollutants. 

2.4 Modelling framework 

Enfuser is an urban-scale air quality model (Johansson et al., 2022). The modelling approach for local emission sources is 

Gaussian (a combination of Gaussian plume and puff methodologies), and long-range transportation of pollutants is addressed 

by incorporating a regional-scale AQ forecast to define hourly background concentrations. As a novelty, the model uses AQ 165 

measurement-driven data assimilation to adjust these background concentrations, but also emission-source specific emission 

factors on an hourly basis.  

 

Among other areas of interest, Enfuser is currently being used operationally in the Helsinki metropolitan area in Finland. The 

outputs of the model are hourly average pollutant concentrations (e.g., PM2.5, PM10, NO2, O3, PNC, BC and LDSA) at a 170 

breathing height of 2 m above ground, and this output provided is publicly available via FMI’s Open Data portal (FMI, 2024). 

The modelling resolution in the Helsinki region is 13 x 13m2, with circa two million receptor points (grid cells). In addition, 

hourly updating air quality index (AQI) visualisations based on the model results are available at (HSY, 2024). The key 

emission sources being modelled include road traffic emissions (also resuspension of particles), residential wood combustion, 

marine shipping, and local power plants.   175 

Details on the Enfuser modelling system and its input sources in the Helsinki metropolitan area have been presented in 

(Johansson et al., 2022). In summary, the most essential information sources are as follows:  

• HARMONIE numerical weather prediction model (NWP) (Bengtsson et al., 2017) is used as the main source for 

meteorological input. In addition, the local road weather measurement network gives additional information on, e.g., 

road surface moisture that impacts the modelling of PM10. 180 
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• The regional background is given by the SILAM CTM model (Sofiev et al., 2015).  

• Online AQ measurement results are extracted from the FMI Open data portal. In addition, complementary sources 

for AQ data have been included to incorporate, e.g., AQ sensors that are maintained by local authorities.  

• A wide range of heterogeneous GIS inputs is used and assimilated to characterise the modelling area and urban 

structures within the area. The most notable source in this regard is the OpenStreetMap (OSM). 185 

The Enfuser model for the whole Helsinki metropolitan area is used to predict hourly pollutant concentrations from January 

1st of 2023, up to 31st of May 2023. During the modelling, all available reference quality AQ measurement data is used in the 

model’s data assimilation (Johansson et al, 2022). During the data assimilation, model predictions are iteratively being made 

at the exact measurement locations and heights, while the background levels and emission factors are gradually adjusted to 

obtain a better agreement between the predictions and the measurement evidence. This process occurs for each hour and for 190 

each modelled pollutant species separately. However, the modelling results for sensors used in this measurement campaign 

have all been excluded from this set of inputs to facilitate an unbiased comparison against model predictions.  

 

In addition to the modelled concentration fields for the Helsinki metropolitan area, the model is used to assess high-resolution 

concentration predictions with a 4x4 m2 grid around the measurement campaign area for the duration of the campaign. The 195 

modelling duration prior to this can be regarded as a spin-up period for data assimilation methods adopted in the model. Finally, 

the modelled concentrations are compared against the measured hourly concentrations for all sensors. In this comparison, the 

model is used to predict the concentrations using the exact coordinates and listed measurement heights for all the sensors, as 

opposed to fetching the model predictions from the raster output with predefined resolution. 

2.4.1 Modelling the effects of the noise barrier 200 

The Enfuser model uses various geographic information sources to describe the modelling area and its characteristics, 

including buildings (and their heights) and other urban ,landscape properties via OSM. The overall topography is given by 

NASA SRTM. These geographic sources of information, and several others, have been pre-processed into a high-resolution 

2D datasets (4 x 4 m2) prior the use of the model (Johansson et al., 2022). The preprocessing of the geographic datasets 

facilitates faster computations via, e.g., fast building and obstacle detections around the receptor locations. The building height 205 

information is based on OSM if the height property or floor count for the object has been specified; otherwise, an approximated 

building height value is obtained from Global Human Settlement (GHS-BUILT-H R2023A).   

  

The vicinity of urban structures and their impact on the dispersion of pollutants can be addressed in a simplified manner, 

considering the limitations of Gaussian dispersion modelling techniques. The approach has been illustrated in Fig. 3. For any 210 

given location of interest (referred to as a receptor point, RP) for which model predictions are made, the surrounding area is 

first scanned to detect urban obstacles. This scanning is done in 10-degree sectors up to 125 m. In case an obstacle is detected, 
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the angle of observation and the height of the object are logged. In case there are multiple obstacles with varying heights, the 

obstacle with a higher angle of observation takes priority. 

 215 

Figure 3: Illustration of the modelling approach and known distance and height measures for reducing concentrations due to 

barriers. A singular emission source at a distance of 𝒅𝒆  is shown from a receptor point (RP) in which the concentrations are 

computed. Given the ambient wind direction, the precomputed distances to local barriers or buildings and their heights are fetched. 

In case an obstacle exists between the emitter and the RP, then the shown distance and height measures are used to apply a reduction 

for modelled Gaussian plume concentrations.     220 

Let us consider an emission source (e) at some location near the RP for which the emission release rate [µgs-1] for a pollutant 

species is known. Depending on the measurement height 𝑧, the emission release height 𝐻𝑒  and ambient wind conditions, the 

Gaussian steady-state solution can be used to estimate the concentrations at the point RP (𝑐𝑅𝑃) caused by the emitter at RP 

while ignoring the effects of urban terrain (Seinfeld and Pandis, 2016). Using the precomputed (scanned) obstacle detection 

around RP, it can be assessed whether there are obstacles between the emitter and the RP. In case there is an obstacle at a 225 

distance of 𝑑𝑏 with height 𝐻𝑏  in between the two points, a reduction caused by the obstacle is approximated, as some fraction 

of the pollutants is physically unable to disperse to the RP and remains behind the object. The reduction effect should be more 

prominent the closer the emission source is to the obstacle. However, as can be seen from Fig. 3, this distance measure (𝑑) is 

not readily available (without costly, additional checks), and we approximate it to be 𝑑 ≈ 𝑑𝑒  −  𝑑𝑏 . Using a single 

hyperparameter (𝑎), we define an approximation of how the distance to the blocker reduces the concentration 𝑐𝑅𝑃 given by: 230 

𝑅𝑑 = 1 − 𝑎𝑑, 𝑅𝑑 ≥ 0   (1) 

 

where the hyperparameter 𝑎 defines how sensitive the reduction is as a function of distance 𝑑. Simply put, with a low value of 

𝑑, the 𝑅𝑑 is close to 1 (almost full reduction) and conversely with a maximum distance value (𝑑 = 𝑎) 𝑅𝑑 is equal to 0 (no 

reduction). The physical interpretation of Eq. 1 is that the emissions originating far behind the barrier can be considered well-

mixed, and the effect of the barrier gradually and continuously loses relevance as a function of the distance.  235 
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In addition, we assume that the reduction is proportional to the elevation difference 𝐻 =  (𝐻𝑏  −  𝐻𝑒), 𝐻 ≥ 0. The strength of 

this effect is managed with another hyperparameter (𝑏) to estimate the reduction factor due to elevation difference, given by: 

𝑅𝐻 = (𝐻𝑏  −  𝐻𝑒)𝑏, 𝑅𝐻 ∈ [0,1]   (2) 

 

Finally, we can approximate the reduced concentration at RP, 𝑐′𝑅𝑃 , with 

  240 

𝑐′𝑅𝑃 ≈ (1 − 𝑅𝑑𝑅𝐻)𝑐𝑅𝑃 (3) 

 

This simplistic reduction effect modelling (using as few parameters as possible) is applied with the noise barrier located within 

the measurement campaign site; the model is also applied to other obstacles, such as buildings, while acknowledging that the 

reduction model may not provide accurate results for such more complex objects. Noise barriers are described in OSM data, 

and it would be technically possible to automatically characterise them as obstacles for the model. Instead, in this study, we 245 

have manually inserted the noise barrier as a 6.5 m tall construct into the model inputs. In reality, the barrier is thin, but due to 

the way the object detection and the mapping of objects work in the model, the modelled barrier has an artificial width of 4 m 

(the minimum surface area of any object is 4x4 m). 

 

In this study, we have used values 𝑎 = 0.0033 m-1 and 𝑏 = 0.1 m-1 for the hyperparameters. These hyperparameter values were 250 

obtained by using Monte Carlo simulation with the sensor data from NB10m, NB20m and NB40m, focusing on PNC, PM10 

and LDSA measurements. The hyperparameters that minimised the root mean squared error over all the selected species were 

chosen. Presumably, the reduction effect is likely to be different for particles and gases, however, this possibility was not 

addressed to avoid the introduction of a third hyperparameter. Finally, in the special case the RP is located within a building 

(or an obstacle), the model ignores all nearby obstacles and applies a flat reduction factor (0.15) to all local emission 255 

contributions. The modelled concentration at the RP can then be regarded as an inaccurate placeholder value for indoor air 

quality (Fig. 13). 

2.4.2 Road traffic exhaust emission modelling 

Road traffic emissions are modelled by combining hourly vehicle flow information for individual roads (given by OSM) 

coupled with vehicle class–specific emission factors. These emission factors are also flow-speed dependent, and the flow speed 260 

is also used to introduce instantaneous mixing due to the turbulence caused by the vehicles (Johansson et al., 2022). Individual 

roads are described as objects in the model with various characteristics. While these objects are not exactly lane-specific, the 

different flow directions are most often represented by separate and independent objects. For example, at the campaign site, 

the highway has two separate parallel road objects that characterise the traffic flows to the West and separately to the East 

(Fig. 4). Both objects characterise the number of lanes, but this information is only used in defining the width of the emission 265 
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source, assuming that the vehicle flows are evenly distributed to the lanes. In this study, the westbound section of the road, 

which is closer to the measurement campaign site, has a greater impact on the concentrations at the measurement locations. 

 

In the Enfuser model, the average hourly flow counts are described for each road object separately using 24 average flow 

values for working days (Monday to Friday), another 24 values for Saturdays and finally 24 values for average Sundays. This 270 

characterisation with 72 values is defined separately for cars and heavy vehicles. Additional “regional” modifiers (targeting 

all road objects) are used to address weekly variations (e.g., summer holiday months. In this study, traffic count data from the 

nearest DigiTraffic (2024) record were used to refine the average flow information applied in modelling the site area. This 

localised fine-tuning of the vehicle flows was possible since there is a traffic count sensor very close to the campaign site. As 

can be seen from the figure, the hourly flows of vehicles to the West and East are clearly different (asymmetric) for cars during 275 

working days.  

 

Figure 4: Hourly average traffic flow information incorporated into the Enfuser model. Up, the overall daily average 

flows (cars) near the campaign site are shown. Below, the implemented direction-specific hourly traffic flows are shown 
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for cars and heavy vehicles in local time. The first 24-hourly flow counts correspond to working days (Monday to 280 

Friday), and the next 48 values correspond to Saturdays and Sundays.   

2.4.3 Modelling of non-exhaust emissions from road traffic 

The modelling of coarse particle generation (e.g., via the use of studded tyres) and resuspension of the particles is challenging; 

an overview of the approach has been presented in (Johansson et al., 2022). Recently, the use of machine learning-assisted 

modelling of road dust has also been investigated (Kassandros et al., 2023). Without relying on machine learning, however, 285 

the model describes a generic weekly pattern for the usage of studded tyres in the modelling area for passenger cars. This 

information, combined with the hourly flows of vehicles (while considering the flow speed), provides an upper limit function 

for the coarse particle fraction emissions. Further, we assume that heavy vehicles also generate coarse particles through wear 

and tear. This upper limit function is then limited (scaled down) based on road surface moisture. Simply put, for a road that is 

wet or covered in ice and snow, the upper limit function is reduced to near-zero values. As a complication, the Gaussian models 290 

struggle to consider dynamic phenomena such as the generation of resuspension particles in the past; based on our previous 

studies of diurnal variability of PM10 concentrations in urban traffic monitoring stations we have learned to incorporate the 

vehicle flow information from the past two hours to obtain better agreement with modelled and measured concentrations and 

to make hourly PM10 predictions less sensitive to the most recent vehicle flows nearby. Finally, the modelled resuspension 

component is being adjusted on an hourly basis according to the recent measurement evidence via the data assimilation routine. 295 

As described by Johansson et al. (2022), the data assimilation corrections cannot address local biases (e.g., an especially dusty 

road) but modify emission factors and background concentration across the whole modelling area.    

 

2.4.4 LDSA, BC and PNC modelling 

In this study, we present results for LDSA, BC and PNC concentrations for the first time in Helsinki with the Enfuser model. 300 

The modelling approach for these new species is fairly similar to the modelling of, e.g., PM2.5, with a couple of exceptions. 

First, the emission factors are not well known for LDSA and PNC, and we rely on proxies that have been based on PM2.5 

emissions sources. Secondly, the SILAM CTM model does not provide regional background concentrations for LDSA or PNC, 

and thus, we again use a proxy based on SILAM PM2.5 background. As these preliminary emission factors and background 

estimates are almost certainly biased, we rely on Enfuser’s data assimilation method to gradually adjust these to the levels that 305 

provide the best fit against the measurement evidence. For example, we define an initial proxy factor for a given emission 

source sector (e.g., LDSA from residential sources is 6 times the emissions of PM2.5) and let this proxy factor gradually develop 

over time. The stabilisation of these freely floating emission factor parameters takes time, and this is one of the reasons the 

modelling time span has been set to begin on 1st of January. Finally, particle number concentrations are impacted by 

meteorological conditions, e.g., affecting coagulation (Gani et al., 2020). Since the measurement input for PNC (or LDSA) 310 

does not include size distributions, the modelling cannot address such effects. 
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3. Results and discussion 

3.1 Influence of the noise barrier based on measurement results 

The influence of the noise barrier as a function of distance was analysed using the measurement data, for which the results are 

shown in this section. The gradients (i.e., concentration changes with distance) of the main pollutants PM10 (> 0.6µm), PM2.5 315 

(> 0.6µm), PNC, LDSA, BC, and NO2 are shown in Fig. 5. All measured pollutants show a clear decreasing gradient in the 

open area, with the largest decreases observed between O10m and O20m poles. The steepest gradients were observed for 

particulate-related pollutants PM10 and PM2.5, which is in line with previous findings in the literature. For example, Zheng et 

al., (2022) found that larger particles have steeper and more pronounced roadside-decreasing gradients compared to smaller 

particles. The PM10 and PM2.5 gradients were likely to have been affected by the strong street dust season that enhanced the 320 

coarse particle concentrations on the highway compared to the background concentration. Additionally, the PM2.5 gradient 

might have been slightly overestimated as the sensors measured only particle sizes > 0.6 µm and therefore the street dust 

contribution to PM2.5 concentrations was exaggerated. The gradients of the large particles might also be due to the larger 

particles having slower dispersion, more efficient deposition and shorter removal times from the atmosphere compared to the 

gaseous pollutants and smaller particles (Kumar et al., 2008; Noll et al., 2001). The effect of noise barriers on NO2 325 

concentrations was less pronounced, and the effect of the noise barrier was diminished already at 20 m from the highway. 

Additionally, the decrease for PNC was notable despite measurements being available only at O20m and O40m poles 

(measurements from O10m were not available and likely would have shown the highest concentrations due to the proximity 

to the highway).  

 330 

Behind the noise barrier, all the pollutant concentrations were lower when compared to the open area, with no clear decreasing 

gradients for the pollutants. Slight decreasing gradients even behind the noise barrier were detected for PNC, LDSA and NO2, 

but for PM10 and PM2.5, there were no gradients behind the noise barrier, and the lowest concentrations were seen straight 

behind the noise barrier.  
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 335 

Figure 5: A) PM10, B) PM2.5, C) PNC, D) LDSA, E) BC, and F) NO2 gradients in the open area and behind the noise barrier. In panel 

C, the PNC gradient has been measured with AQ urban sensors, and PNCs measured with CPCs have been presented with ‘X’. IN 

panel E, the concentrations at 20 m have been measured with AE51 and concentrations at 10 and 40 m with ObservAir sensors. The 

gradients have been calculated over all the measured data. The data coverages for each parameter are presented in Supplement S1. 

3.1.1 Characteristics of aerosol at the highway  340 

During the measurement period, a mobile laboratory was used to measure pollutant concentrations on the highway for two 

days: March 20th between 12:45 and 14:50 and March 24th between 11:20 and 15:15 (local time). The corresponding stationary 

data for these hours were extracted and compared with the on-road measurements. Figure 6 represents the concentration 

gradients in the open area for BC, LDSA, NO2 and PNC. BC data from all the poles were available during both measurement 

days. For both days, BC concentrations were higher on the highway compared to the roadside concentrations. On the roadside, 345 

the BC concentrations have a similar gradient to the one seen in Fig. 5, with concentrations decreasing steeply from O10m to 
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O20m but either slightly decreasing (or even increasing) from O20m to O40m. For LDSA, data from the O20m pole on March 

24th was missing. However, higher LDSA concentrations were observed on the highway compared to the roadside on both 

days. The gradients of LDSA and BC follow a logarithmic curve, consistent with earlier roadside observations by Enroth et 

al. (2016) and Zheng et al. (2022). Coincident stationary measurements of NO2 were only available for March 20th. On this 350 

day, NO2 concentration was only slightly higher on the highway compared to the O10m pole, with a steeper decrease between 

O10m and O20m. This trend may partly reflect the conversion of traffic-emitted NO to NO2, leaving a higher proportion of 

NOx as NO on the highway. In the case of Fig. 5, it was speculated that the decrease in PNC could be steeper closer to the 

highway if measurements were available. In Fig. 6, this seems to be the case as on the 20th of March, the decrease of PNC 

between the highway and O20m is greater compared to the decrease between O20m and O40m poles. On the 24th of March, 355 

the PNC data from the O20m pole was not available, however, the concentrations on the highway and at O40m were similar 

to those measured on the 20th of March.  

 

Figure 6: A) BC Gradient with mobile measurement. B) LDSA gradient with mobile measurement. C) NO2 gradient with mobile 

measurement. D) PNC gradient with mobile measurement. The mobile measurement results have been added to the figure as 0 m 360 
points representing the side of the road.  
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 3.2 Drone measurements 

Vertical differences in PNC at the site were studied with drone measurements. These measurements were performed at the 

same time as the mobile measurement. The PNC was measured using a multicopter, flying along the highway from behind the 

noise barrier to the open area at two different heights: 2 m and 15 m. In Figure 7, the results from these measurements are 365 

presented separately in two panels for the two measurement days, 20th and 24th of March.  Each day includes four boxplots, 

corresponding to the heights of 2 m and 15 m, and with separate plots for the flight paths behind the noise barrier and in the 

open area. The measurement data nearer than 10 m the edge of the noise barrier were left out of the analysis, both in the open 

area and behind the noise barrier. 

Figure 7 shows that the median concentrations, indicated by the red horizontal line in the figure, were slightly lower at a height 370 

of 15 m compared to 2 m on both days. The effect of the noise barrier on the concentrations measured with the drone seemed 

to be smaller compared to the measured gradient presented in Fig. 5. Also, the lowest concentrations were measured in an open 

area at an elevation of 15m, although the concentrations were only marginally lower. Notable was also the large variability of 

the PNC, with the measured values varying between a couple of thousands to more than 50,000 cm-3 during both days, although 

the measurements only consisted of a total of 8 flights, 4 on each day. Each of the flights lasted for 5 to 10 minutes, and during 375 

both days. The pauses between flights were between 5 to 20 minutes. 

 

 

Figure 7: Boxplots of PNC measured with a drone in the open area (O 2m  a.g., O 15m  a.g.) and behind the noise barrier (NB 2m 

a.g., NB 15m  a.g.) separately for the 20th and 24th of March.  The median values are indicated with horizontal red lines, the blue box 380 
resembles the lower and upper 25th and 75th percentiles, the whiskers represent the lowest and highest values considered for data 

evaluation, and the outliers are marked with red plus marks. The a.g. stands for above ground. 



18 

 

3.3 Analysis of measured and modelled concentrations 

In the next sections, we present various results where modelled and measured pollutant concentrations are compared. The 

modelled and observed average pollutant concentrations for BC, PM10, LDSA, and PNC are shown in Fig. 8 for the 6 or 4 385 

measurement poles, depending on the pollutant species, over the whole measurement campaign period. The split between 

emission source categories is shown for the model predictions in the form of staggered columns. With regards to the modelled 

emission source categories, “RWC” stands for residential wood combustion, and the category “Other” stands for a collection 

of minor source categories such as shipping, power plants and aviation. It should be noted that the averaging period varies 

between the measured pollutant species, and as such, the cross-comparison of e.g., BC and PM10 at pole O10m should be 390 

avoided. The model predictions are affected by the measurement input in the whole Helsinki metropolitan area via the data 

assimilation procedure, while the campaign measurements have been excluded from the data assimilation. However, the 

campaign measurements for PM10, LDSA and PNC behind the noise barrier were utilised in a separate prior study to optimise 

the necessary hyperparameters for Eqs. 1-2. This means that the hourly emissions factors and regional scale background are 

constantly being adjusted based on the measurement evidence that is obtained outside of the campaign site. The model 395 

evaluation against the reference air quality stations that provide this input (up to 12 stations, depending on pollutant species) 

has been excluded from this paper and will be published separately.  

 

Figure 8: Modelled and observed average BC, PM10, LDSA and PNC during the campaign at the different measurement poles. The 

number of hourly data points forming the average for each pole and pollutant species has been shown as a number on top of the 400 
column.  
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The most notable difference between the modelled concentrations and the measurements is that the model underestimates PM10 

concentration in all but one of the 6 measurement locations (NB10m). At NB10m, the modelled concentration is almost one-

to-one with measured concentrations. The largest deviation of the model with measured concentrations in the case of BC is 

observed at O10m, where the average BC concentration is underestimated. Also, the model seems to expect a constant decrease 405 

for BC in the open area with increasing distance from the highway, whereas the measured concentrations were slightly higher 

at O40m compared to O20m. For PM10, the modelled and measured concentrations seem to agree mostly well, with no notable 

gradients behind the noise barrier and similar gradients in the open area with each other. Only the observed concentrations, 

especially in the open area, were higher. In the case of LDSA and PNC, the trends and concentrations of measured and modelled 

concentrations were very similar. The traffic-related particles had quite noticeable contributions to all BC, LDSA, PNC and 410 

PM10. For example, at O20m the traffic-related fractions are 70%, 45%, 69% and 75%, respectively. Additionally, in the case 

of PM10, the effect of traffic is accompanied by resuspended particles that correspond to half of the PM10 observed behind the 

noise barrier and more than half of the PM10 in the open area. The contribution of resuspension was not visible in the case of 

BC, LDSA or PNC. In the case of BC and PNC, the contribution from traffic dominated the contribution from the background, 

but in the case of LDSA, the contribution from the background exceeded the contribution of traffic at all other poles but the 415 

O10m pole. 

3.4 Measured and modelled daily mean concentrations 

The measured and modelled pollutant concentrations for the main measured pollutants BC, PM10, LDSA, PNC, and NO2 are 

compared in Fig. 9 in the form of daily averages. On the left-hand side, we show results for the pole behind the noise barrier 

that is closest to the highway and has available data for the pollutant. On the right-hand side, we show results for the pole 420 

nearest to the highway in the open area that had data available for the current pollutant. For brevity, the other remaining 

measurement locations are omitted as they resemble one of these two presented plots. We will use this style of representation 

and selection of plots in other figures as well. With regard to the presented results in this work, we focus on the less studied 

BC, PNC, LDSA and the more commonly studied PM10. 

As can be seen from Fig. 9, the amount of BC data is relatively low and thus the results attained for BC should be considered 425 

slightly more uncertain compared to results related to the other measured variables. For BC, the daily mean concentrations 

varied between approximately 0.1 and 0.8 µg m-3 behind the barrier and between 0.2 and 1.8 µg m-3 in the open area. During 

the measurement period, frequent increases were seen in the PM10 concentrations, especially during the dry periods in March 

and April. These episodes could be affected by resuspension of road pavement ground by studded tyres and salt that are used 

on the roads in wintertime to prevent slippery road conditions. This has been shown to result in frequent road dust episodes in 430 

springtime next to roads in Finland (Pirjola et al., 2010). The frequency of PM10 episodes decreased in May, likely due to 

effective road cleaning in the area, and natural cleaning of the roads by rain and wind, with the reduction in the use of studded 

tyres. During the measurement period, daily averages for PM10 reached 180 µg m-3 in the open area. But starting from late 

April, these peaks were notably lower with PM10 staying below 70 µg m-3. The high concentrations in early April may have 
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been enhanced due to the lack of rain. Behind the barrier, the concentrations were generally lower, with concentrations reaching 435 

over 90 µg m-3 in early April but later staying mostly below 40 µg m-3. For LDSA, the observed concentrations behind the 

barrier and in the open area were at similar levels, being only slightly lower behind the noise barrier with a daily average 

reaching up to 23 µm-2 cm-3. For PNC, the concentrations were somewhat smaller behind the noise barrier, especially the 

observed daily maximum concentrations that reached 21000 cm-3 behind the noise barrier compared to 30000 cm-3 in the open 

area. 440 

 

 

Figure 9: Modelled and observed daily average pollutant concentrations of BC, PM10, LDSA and PNC for selected measurement 

locations (NB20m or NB10m and O20m or O10m). 
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Fig. 9 shows that the model has the tendency to underpredict PM10, LDSA and PNC before the end of March. After April, 445 

however, the model has the tendency to overpredict concentrations, especially with PNC and LDSA. The underestimations of 

concentrations were most notable during days with the highest concentrations in March. This phenomenon was visible in all 

the pollutants, but most clearly in PM10. These further underline that there seem to be some difficulties in modelling the road 

PM10 emissions during snow cover and the use of studded tyres. The simultaneous under-prediction of PNC during this time 

could also indicate difficulties in the modelling of atmospheric stability and local wind during winter conditions. During the 450 

low-concentration days, the agreement between the modelled and measured results was better. Interestingly, the weather also 

got drier approximately at the same time (Fig. 2). For BC, the change of model accuracy could not be evaluated as the data is 

limited to only March. However, during that time, the time series of the observed and predicted concentrations were very 

similar behind the noise barrier. However, in the open area, the model seems to underestimate the BC concentrations. When 

comparing the modelled and measured daily concentration averages, it is seen that the model agrees with the measured data 455 

better during April and May compared to March. 

In Table 1, two chosen accuracy indicators (Factor-of-two, Pearson correlation) for the hourly modelled concentration against 

the sensor measurements (all locations) have been presented. There was a strong hourly variability in the measurement data 

that could not be captured by the model. None of the 6 measurement locations stands out, showing that the modelling accuracy 

was evenly matched in all locations. The most challenging hourly variability to model could be observed with O10m measuring 460 

PM10; approximately half of the time, the ratio of the measurement and the observed concentration was between 0.5 and 2. 

LDSA had clearly the highest agreement in terms of Pearson correlation as well as with the Factor-of-two indicator, while the 

worst correlation could be observed with PNC. Interestingly, the modelling of both LDSA and PNC relies on proxy information 

for emission factors and data assimilation-based learning, and this approach works well with LDSA but is less effective with 

PNC. 465 

 

Table 1: Accuracy indicators for hourly modelled and measured concentrations for PM10, LDSA, PNC and BC. FAC2 stands for 

Factor-of-two, and PCC stands for Pearson correlation coefficient. The definitions of these indicators can be found in the 

Supplements. 

 PM10  LDSA  PNC  BC  

  FAC2 PCC FAC2 PCC FAC2 PCC FAC2 PCC 

NB10m 0.60 0.53 0.88 0.56       
NB20m 0.61 0.55 0.89 0.62 0.73 0.40 0.68 0.53 

NB40m 0.63 0.57 0.88 0.64 0.73 0.38    
O10m 0.51 0.55 0.87 0.67    0.61 0.55 

O20m 0.56 0.60 0.86 0.63 0.71 0.50 0.65 0.55 

O40m 0.62 0.62 0.88 0.64 0.73 0.43 0.64 0.49 
 470 
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3.5 Diurnal variability of pollutant concentrations 

The average diurnal profiles for the selected pollutants are presented in Fig. 10. Similar plots for PM2.5 and NO2 are included 

in the supplementary material. Additionally, the supplementary material provides a breakdown of the modelled diurnal profiles 

by emission source categories. Diurnal profiles for the measured and modelled results are presented separately for BC, PM10, 

LDSA and PNC for all available poles. It is important to note that these pollutants do not have completely overlapping time 475 

series, which might contribute to slight differences in their diurnal patterns. This issue is particularly relevant for BC, which 

has data only for March. The modelled contributions from different sources to the diurnal profiles are presented in Supplement 

S1 and discussed in the related text. 
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 480 

Figure 10: Average diurnal variation of modelled and measured concentrations for BC, PM10, PNC and LDSA presented separately 

for all available measurement poles. 

When compared to the measured and modelled BC diurnal profiles, the modelled concentrations were consistently lower at all 

the poles and had similar diurnal patterns with traffic having minor peaks in the morning and evening rush hours at around 8 

am and 4 pm. The observed BC concentrations peaked at approximately 1.5 µg m-3 at 4 pm and reached a minimum of around 485 

0.2 µg m-3 at 3 am. In contrast, the modelled BC concentration had a maximum of 1.0 µg m-3, notably lower than the observed 

values. Additionally, the observed BC concentrations showed a second peak around 9 pm, with a concentration of 1.3 µg m-3, 

which was not observed in the modelled BC diurnal. Both modelled and measured BC concentrations showed a similar 
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minimum of 0.2 µg m-3 during the early morning hours, with negligible differences between poles at this time. A noticeable 

difference between the modelled and measured concentrations lies in their gradients. In this sense, for the modelled 490 

concentrations, the decrease was gradual with increasing distance from the highway, and concentrations were lower behind 

the noise barrier. In contrast, for the observed concentrations, most of the reduction occurred between the O10m and O20m 

poles, with relatively similar concentrations at the other poles.  

 

For PM10, the modelled and measured diurnals had similar shapes, with concentrations reaching a minimum in the early 495 

morning hours and being elevated with the traffic. The measured PM10 reached its maximum of around 85 µg m-3 during the 

afternoon rush hour and the minimum value below 20 µg m-3 during the early morning hours. The modelled PM10 

concentrations reached their maximum of approximately 75 µg m-3 at 10 am, and a minimum value below 20 µg m-3 similarly 

to the measured PM10 in the early morning hours. The diurnal pattern of all the poles was very similar, with only the 

concentrations decreasing with increasing distance from the highway. 500 

 

The observed LDSA concentration had a bimodal diurnal with two distinct modes at 8 am and 2 pm with concentrations of 21 

and 22 µm-2 cm-3, respectively. Whereas the modelled LDSA diurnal had only one clear mode at 7 pm with concentrations of 

25 µm-2 cm-3. During the afternoon, the modelled LDSA was also elevated with concentrations around 18-20 µm-2 cm-3, but 

no clear mode was visible. Both the observed and modelled LDSA concentrations reached the minimum at around 4-5 am, 505 

with the concentrations around 9 µm2 cm-3 for both. Similar concentrations for traffic environments have also been reported 

in cities of  Helsinki (13.2 – 35.4 µm-2 cm-3) and  Tampere (12.2 – 47.9 µm-2 cm-3) (Kuula et al., 2020; Lepistö et al., 2023). 

Similar LDSA concentrations (9.4 µm-2 cm-3) to the minimum have been observed in urban background areas in Helsinki 

(Kuula et al., 2020). In Helsinki, in residential areas, the LDSA concentrations are measured between the urban background 

and traffic environments at 12 – 22.6 µm-2 cm-3 (Kuula et al., 2020; Lepistö et al., 2023). Similar concentrations of 22.5 µm-2 510 

cm-3 at residential areas have also been measured at Raahe (Lepistö et al., 2023). Modelled LDSA concentrations have earlier 

been compared to measured LDSA concentrations in Finland at traffic environment and urban background, with mean absolute 

errors of 3.7 and 2.3 µm-2 cm-3
, respectively (Fung et al., 2022).  

 

The peak for observed diurnal PNC was around 19000 cm-3, and it was observed around 8 am. The second mode peak of the 515 

PNC was observed at around 15000 cm-3 at 2 pm. The modelled PNC showed similar diurnal and maximum values to the 

measured ones, with a maximum of around 20000 cm-3 at 7 am and an afternoon peak of 17000 cm-3 at 4 pm. Both the modelled 

and observed diurnals had their minimum in the early morning hours and PNC of around 5000 cm-3. Notably, in the case of 

observations, NB40 had a lower concentration than NB20 during the whole day, whereas in the case of modelled PNC, NB40 

and NB20 had very similar concentrations throughout the day. In the case of observed concentrations, there was a reduction 520 

in PNC when moving further away from the highway and the lowest PNC were measured behind the noise barrier. 
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Overall, the modelled and measured diurnal profiles were quite similar, and the largest differences were observed for the BC 

concentrations. For all the pollutants, the lowest concentrations were measured during the early morning hours before the 

traffic started to increase, and the highest concentrations were during the daytime, indicating strong contributions from traffic. 525 

All the measured pollutants BC, PM10, LDSA and PNC also reached similar concentrations at each of the poles during the 

early morning hours. This enhances the trustworthiness of the sensor results, as during this period, when traffic's contribution 

to concentrations was minimal, the sensors were effectively performing collocated measurements. Under these conditions, the 

sensors should display similar concentration readings if the instruments are functioning properly. Additionally, the model 

results during this time were on a very similar level to the measured results, which implies that both the model and sensors 530 

were effective in measuring the background concentrations. 

3.6 Modelled and measured concentrations as a function of wind direction 

In Fig. 11, conditional averages as a function of wind direction for measured and modelled concentration are shown for PM10, 

LDSA, PNC and BC. Again, on the left-hand side, we show the concentrations behind the noise barrier and at the open area 

on the right-hand side. HARMONIE NWP meteorology was used in the modelling, and thus the presented averages are based 535 

on HARMONIE wind directions. There are an unequal number of data points for different wind directions; at worst, for BC 

measurements, there are only 20 data points available to compare measured and modelled hourly concentrations when the 

wind direction is between 330 to 360°. The measurement site was located on the northern side of the highway that was oriented 

in the West-southwest to East-northeast direction, and therefore, when the wind is blowing between approximately directions 

of 90 to 225°, the air mass passes over the highway. 540 

 

As expected, the traffic emissions (and resuspension of particles) were most prevalent with wind directions between 90 to 270° 

that corresponded to the location of the highway from the measurement site. As can be seen from the results for NB10m, the 

model overestimated the blocking effect of the barrier (i.e., the model underestimated concentration) when the wind direction 

was orthogonal to the highway. Similarly, when the wind was blowing directly from the highway, the PM10 concentrations 545 

were underestimated at O10m. When the wind was not blowing from the direction of the highway, the model under-predicted 

PM10 at the O10m pole. This could indicate that the model underestimated the effect of speed on PM10 emissions from the 

highway, as the high-speed limit at the site is 100 km/h, which is unique in the Helsinki metropolitan area measurement 

locations and no similar underestimations are observed at reference stations.  

The model also underpredicted the PM10 concentrations between 300 and 30 degrees in the open area. Similar underprediction 550 

was not observed behind the noise barrier. The under-prediction of concentrations in the wind directions 300 to 360 was not 

limited to PM10 but was also observed for LDSA, PNC and BC. For LDSA, PNC and BC, underestimation of concentrations 

was also observed behind the noise barrier. The most notable underestimation was observed for BC at O10m with wind 

directions between 300 to 360 degrees (which was the direction of the storage building behind the measurement area), possibly 

indicating that there was a combustion source in this direction that was not considered by the model. In the case of BC, the 555 
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source could have been car workshops on the roadside of the storage building situated behind the measurement site in this 

direction. The cars running in front of these workshops could have caused some elevated concentration when the wind was 

blowing from this direction. 

 Underestimation of concentrations at O10 might also indicate contributions from traffic to even when the wind was not coming 

from the direction of the highway, which the model was not able to capture. Also, any dry surface with resuspension particles 560 

can act as a dust source given sufficient meteorological conditions, but this possibility has been omitted from the model. 

Despite the observed differences, the simplistic treatment of the noise barrier in a Gaussian dispersion model still results in a 

reasonable agreement between measured and modelled concentrations.  
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Figure 11: Modelled contributions of different sources to PM10, LDSA and PNC and observed concentrations at different poles as a 565 
function of ambient wind direction (HARMONIE NWP). The first wind direction (< 30°) contains data points when the wind has 

blown from a direction that is between North (0°) and 30 degrees from North towards East. 

3.7 NO2 Passive samplers 

To capture the effect of exhaust gases around the measurement area. The NO2 concentrations were measured via the passive 

samplers (locations shown in Fig. 1). In Fig. 12, the measured and modelled NO2 concentrations are presented for data averaged 570 

over February, April and May. The results during March suffered from quality issues and have therefore been omitted from 

this paper. The highest observed and modelled concentrations are seen for PAS_6m, which was located on the roadside of the 
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noise barrier in the proximity of the highway. This location is especially challenging for Gaussian models, as the close by noise 

barrier can affect the micrometeorology near the road. Overall, the modelled and measured NO2 concentrations were in good 

agreement, especially in the locations behind the noise barrier. The largest differences were observed for the poles closest to 575 

the highway (PAS_010m, PAS_O20m and PAS_6m). The measured NO2 averages were consistently lower than the measured 

concentrations. Further, in open areas, the decreasing trend of NO2 is quite minor while the model suggests a more intuitive 

and expected decreasing trend as a function of distance. Additionally, the NO2 concentrations measured at the poles with 

passive samplers were lower compared to the measurements used for calculating the gradients. The lowest concentrations both 

modelled and measured were seen for PAS_100m, which was the pole situated furthest from the road. 580 

 

Figure 12: Observed concentrations (µm m-3) with passive NO2 samplers compared against Enfuser predictions for data averaged 

over February, April and May. 

3.8 Modelled geographical distribution of pollutants 

In Fig. 13, the modelled concentrations (at 2 m above ground) are presented around the Helsinki metropolitan area and in more 585 

detail around the measurement site. We have selected to show the PM10 monthly average concentrations for April. However, 
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similar geographical distributions are available for all focused pollutant species and for all months during the campaign period. 

The presented monthly average has been processed from hourly concentration distributions as the Enfuser model estimates 

these as its main, publicly available output.  

   590 

The model predicted the highest concentrations overall in the Helsinki area around the largest highways, with the concentration 

scale reaching up to 100 µg m-3. Overall, the concentrations were seen to decrease quite sharply with increasing distance from 

highways on a large scale. In the zoomed-in figure of the measurement location, the noise barriers are seen in the figure as 

light green lines (very low concentrations at the location of the barrier) on the northern side of the highway. In the figure, the 

effects of utilising Eqs. 1-3 can be seen in the area where the gap in the noise barrier is located; the modelled concentrations 595 

in the gap are clearly higher than the ones behind the barrier. Further, the modelled concentration behind some of the buildings 

is also reduced due to the obstacle reduction method, showing that the capability is not limited to specific obstacles such as 

noise barriers. 
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 600 

Figure 13: Modelled average PM10 concentrations during April 2023 in the overall Helsinki metropolitan area and near the 

measurement campaign site. 

4. Conclusions 

Overall, the noise barrier of 6.5 m in height was found to be effective in reducing the measured concentration of pollutants 

behind the barrier. The concentrations behind the noise barrier were lower for all the measured pollutants, PM10, PM2.5, PNC, 605 

LDSA, BC and NO2. The difference between the open area and the area behind the noise barrier was the largest for PM10 and 
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the smallest for NO2. Measurement data also showed that concentrations of all pollutants decreased as a function of distance 

from the highway, with the steepest gradients being observed nearest to the highway. The decreasing gradient was strongest 

for the PM10 and least noteworthy for NO2 behind the noise barrier. The decreasing gradients were less clear, and for example, 

PM10 had the lowest concentrations closest to the road at NB10 pole, with higher concentrations at NB20 and NB40. Indicating 610 

that the noise barrier effectively blocks the dispersion of PM10 from the road, but when the distance to the road increases, the 

concentrations from the open area get mixed with the airmass again elevating the concentrations. 

 

Modelled concentrations of all pollutants showed good agreement with measurements. This success can partly be attributed to 

tailored modelling of nearby traffic flows, which were adjusted to match the real vehicular flow data. This flow customisation 615 

was performed separately for the two traffic flow directions and for passenger cars and heavy vehicles. The largest difference 

between modelled and measured pollutants was observed for PM10, which was underestimated compared to the measurement 

near the campaign site. This may indicate that the model underestimates the speed dependency of coarse particle emissions, as 

the high-speed limit of 100 km/h at this site is unique in the Helsinki metropolitan area and no similar underestimation was 

observed at other reference stations (not shown in this paper). Another notable underestimation by the model was observed 620 

with BC in the pole closest to the highway in the open area. 

 

The noise barrier was considered in the modelling by defining it as an obstacle. A statistical reduction for concentrations was 

applied based on the distance from the emitter to the obstacle and the height difference between the obstacle and the emitter. 

The simplified modelling approach captured the real-life effect of the noise barrier; however, more research would be needed 625 

to generalise and properly parametrise the approach. The simplistic reduction model used two hyperparameters that were 

calibrated based on the measurement data, using Monte Carlo simulation. In this simulation, the parameter values were varied 

to find an optimal state that results in as low as possible prediction error in terms of RMSE for PNC, PM10 and LDSA. Only a 

handful of values for each hyperparameter were tested, as the overfitting of a simple statistical reduction model with only a 

few measurement locations providing calibration data should be avoided. Another limitation of the optimal parameter 630 

assessment comes from the fact that the barrier height was constant, i.e., the applicability of the simple model remains untested 

with different barrier heights. Nevertheless, the simplistic reduction model has room for improvement, provided that a more 

thorough training set is available. One option is to utilise the CFD models’ output and calibrate a more generalised reduction 

method if steady-state concentrations provided by the CFD model (e.g., a LES model) are realistic proxies for true 

concentrations.  635 

  

The modelled NO2 average was compared against passive NO2 measurements. According to the results, these were in general 

agreement with the exceptions in two samplers close to the highway (PAS_6m and PAS_O10m). With these two samplers, a 

strong overprediction was seen during February and April, but not during May. These discrepancies may have been the result 

of simplified in-plume NOx-Ozone photochemistry that is being used in Enfuser and meteorological effects affecting the 640 
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passive samplers. It is also possible that the passive sampler measurements during April were biased indicators for true 

concentrations. In this paper, we have demonstrated the benefits of combining measurements and modelling approaches in the 

analysis of air quality. The measurement data can be used to improve modelling capabilities, and the modelling results help to 

understand and analyse the obtained measurement data.  
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