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ABSTRACT 

 
Scientific literature has overlooked how PM2.5 concentrations vary with varying pedestrian 

heights near a roadway. Understanding this is important because walking is an essential 
commuting element of a sustainable transportation system, and pedestrians’ height varies 
widely. Therefore, the focus of the current study is to bridge this gap using results from CALINE 
4 model and mobile PM2.5 measurements. In CALINE 4, a simple pedestrian pathway depicting 
the selected study site located near the Sardar Patel Road, Chennai, India, was simulated. The 
PM2.5 concentrations were estimated on this pathway at varying heights (0.1–1.8 m) in 135 
simulated runs. Subsequently, the sensitivity of the PM2.5 exposure difference across heights was 
explored with varying ambient PM2.5 concentrations, wind speed, traffic volume, and traffic 
compositions. Results indicated that the PM2.5 concentrations reduced with increasing heights of 
pedestrians in all the modelled runs. When this PM2.5 exposure difference was investigated with 
varying surrounding conditions, it was found that the difference in PM2.5 exposure across heights 
was influenced by the wind speed, traffic volume, and traffic composition. Ambient PM2.5 
concentrations had no discernible effect on it. Car-dominated traffic with a higher mode share of 
heavy commercial vehicles was marked with the highest PM2.5 exposure difference across heights. 
For traffic volume, it was observed that for every 100 vehicles hr–1 increase in traffic volume, the 
PM2.5 exposure difference increased by 0.13 µg m–3 m–1 in the range of pedestrian’s height. For 
wind speed, calculations suggested that for every 1 m s–1 increase in wind speed, the PM2.5 
exposure difference was reduced by 0.095 µg m–3 m–1 in the range of pedestrian’s height. Finally, 
to bolster the modelling results, mobile PM2.5 measurements (using portable, low-cost optical 
particle sensors) were conducted near a busy urban roadway at two different heights, 80 cm and 
150 cm, during peak and off-peak hours. The results of mobile measurements were found to be 
consistent with CALINE 4 modelled results. 
 
Keywords: PM2.5, CALINE 4, Pedestrian exposure, Exposure gradient 
 

1 INTRODUCTION 
 

Ambient air pollution is a significant environmental problem threatening several lives. 
Epidemiological studies have provided substantial evidence relating routine ambient air pollution 
exposure to adverse health outcomes (Atkinson et al., 2016; Nawahda et al., 2012; Patra et al., 
2021c). Overall, one out of ten deaths worldwide could be attributed to air pollution (Guilbert et 
al., 2019). World Health Organization (WHO) estimates that about 91% of the world's population 
resides in areas where air quality exceeds the prescribed limits (WHO, 2021). Road traffic is one 
of the primary sources contributing to this deteriorated air quality in urban areas (Carvalho et al., 
2018; Hassanpour Matikolaei et al., 2019; Kanok and Waheed, 2006; Matz et al., 2019). Traffic-
related air pollution is a unique combination of particles and gaseous compounds that can come 
directly from tailpipe exhaust, tire and brake wear, road dust re-suspension, and secondary aerosols 
(Amouei Torkmahalleh et al., 2020). Concerns about traffic-related air pollution are higher because 
emissions occur at lower heights, contributing to surface pollution (Guilbert et al., 2019). Amongst
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the major traffic-related pollutants, Particulate Matter (PM) is identified as a major component, 
which is the leading cause of infant mortality and affects more people than any other pollutants 
(Wang et al., 2020). Commuters close to traffic face elevated levels of fine particulate (PM2.5; 
particulate matter having a size less than 2.5 µm) concentrations (Kumar and Goel, 2016). The 
situation is worsening as the vehicle population increases worldwide, along with an increase in 
vehicle kilometres travelled and traffic congestion. Therefore, it has become the need of the hour 
to understand and characterize the traffic-related PM concentrations at different commuting 
conditions. 

Walking is an essential commuting element of a sustainable transportation system, which 
reduces dependency on motorized vehicles, fosters community living, and enhances the local 
economy (Luo et al., 2018). It also helps maintain individual fitness and improves public health 
(Laverty et al., 2013). However, with the increasing number of motorized traffic on roads, pedestrians 
are forced to walk by streets with heavy traffic and are exposed to elevated fine particulate levels. 
Consequently, several researchers have attempted to understand the factors influencing 
pedestrians’ exposure to PM2.5. In Delhi, India, a study reported that the measured on-road PM2.5 

concentrations exceeded the ambient PM2.5 levels by an average of 40% (Goel et al., 2015). 
Recent research in Singapore has shown that pedestrian particle exposure is the worst among 
other commuting modes (Tan et al., 2017). 

Literature suggests pedestrian routes marked with heavy traffic congestion, bus stops, or 
traffic intersections are associated with higher levels of PM2.5 (Boarnet et al., 2011; Goel and 
Kumar, 2015; Greaves et al., 2008; Qiu and Li, 2015; Schneider et al., 2015; SM et al., 2019). Qui 
and Li (2015) indicated that PM2.5 exposure to pedestrians is also influenced by the intersection 
design. Another study reported that both underpass and overpass intersections reduce pedestrians’ 
PM2.5 exposure significantly (Qiu and Peng, 2015). In addition, researchers have indicated that 
the hour of commuting also influences the PM2.5 pedestrian exposure. For example, Quiros et al. 
(2013) reported that PM2.5 exposure for pedestrians during evening hours is less than morning 
and afternoon hours. Besides, apart from surrounding conditions and the time of the day, 
meteorological variables such as wind speed and wind direction are also reported to affect the 
PM exposure levels. In general, as wind speed increases, dispersion occurs both vertically and 
along the wind direction, influencing PM concentrations both horizontally and vertically (Conte 
et al., 2018; Holmes et al., 2005; Molnár et al., 2002). 

While several studies on pedestrians’ exposure to fine particulates have been published, most 
of them focus on understanding the variation of PM2.5 levels with commuting conditions, traffic 
volume, and meteorology. However, a key aspect, i.e., the variability of PM2.5 exposure for different 
pedestrian heights, has been overlooked. Naively one may expect that pedestrians with shorter 
height are exposed to higher pollutant concentrations than the tall pedestrians while walking 
along a busy roadway, on account of their breathing zone being closer to the vehicle exhausts. 
Studies have been reported in the literature that suggests a significantly lower concentration of 
pollutants at higher floors relative to ground floors (Goel and Kumar, 2016). However, similar 
evaluation for different pedestrian heights has received little critical attention in the scientific 
literature. It is crucial to consider this aspect because the heights vary widely between children 
and adults. Knowing the vertical gradient of PM2.5 exposure across this range can provide valuable 
insights into potential health risks. Certain limited literature suggests that the concentration of 
particles and carbon monoxide is greater at a child's height than at an adult's height near 
roadways (Kaur et al., 2007; Wang et al., 2021). However, the factors influencing this concentration 
difference have not been investigated. Therefore, the current study aims to understand how 
PM2.5 exposure varies with different pedestrian heights near urban roadways, and explores how 
this exposure difference varies with varying traffic volume, wind speed, traffic composition, and 
ambient PM2.5 concentration. For the same, a Gaussian plume line source model, CALINE 4 (Benson, 
1988; Fung et al., 2013), is used. Finally, mobile PM2.5 measurements were conducted near a busy 
arterial in Chennai, India, to experimentally verify the simulation results. 

Numerous methods are available to measure particle mass concentrations. The U.S. Environmental 
Protection Agency (U.S. EPA) has set the gravimetric filter method as a reference to measure 
PM2.5 levels (U.S. EPA, 1997). These methods are accurate and precise but are not capable of 
providing temporal information (Sousan et al., 2016a). Another method, namely Cascade impactors, 
utilize a combination of the gravimetric method and chemical analysis to determine particle mass 
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(Hinds, 1999). Microscopy is another highly accurate method for determining particle mass 
concentration. However, all these methods are labor-intensive, time-consuming, and expensive. 
Another set of instruments exist that calculate the particle mass indirectly by estimating the 
particle number concentration. Examples of such instruments are scanning mobility particle sizer 
(SMPS) and aerodynamic particle sizer (APS) (Sousan et al., 2016a). These instruments make 
appropriate assumptions about particle density to measure the mass concentration. While these 
methods are fast and automatic, their expensive nature makes them impractical for personal 
exposure evaluations. For the same, optical particle counters are used. Optical instruments 
measure the intensity of light scattered by aerosol particles, which is used to estimate the particle 
mass concentrations (Hinds, 1999). Mobile PM measurements using optical particle counters are 
quite feasible due to their low-cost and portable nature, making it easy to collect data by carrying 
it during the daily commute. 

Consequently, the use of low-cost sensors for urban surveillance and personal exposure 
studies in the scientific community has been growing recently. For instance, low-cost PM sensors 
have been used in various environments such as residential and occupational environments 
(Krause et al., 2019; Merico et al., 2019; Moreno-Rangel et al., 2018; Omidvarborna et al., 2021; 
Patra et al., 2021c), traffic environments (Chen et al., 2019; Forehead et al., 2020), and urban 
hotspots (Feenstra et al., 2019; Lim et al., 2019; Magi et al., 2019; SM et al., 2019). The network-
wide implementation of low-cost sensors to obtain high spatio-temporal resolution data on PM2.5 
has also gained popularity (Bi et al., 2020; Datta et al., 2020; Gao et al., 2015; Zikova et al., 2017). 

The current study uses two low-cost optical PM2.5 sensors (Models: Sensiron SPS30 and 
Panasonic PM2.5) for outdoor mobile PM2.5 measurements, which need elaborate calibration to 
have high accuracy. Due to the lack of availability of two portable low-cost PM2.5 sensor units 
from the same manufacturer during the study, the measurements were conducted using two 
different low-cost PM2.5 sensors, which are similar in performance. The selected sensors use the 
same measurement techniques and have identical detection limits. Additionally, to ensure 
agreement, numerous co-location tests were performed between the sensors and also with a 
laboratory-grade particle counter. However, in this study, the outdoor co-location was done for 
only a limited period. Because of this, the study makes no attempt to comment on any quantitative 
estimation of PM2.5 differences between pedestrians of varying heights. It only compares the 
values to understand the relative impact. Overall, the study presents a novel examination of 
PM2.5 concentration variation across the height of pedestrians that has been overlooked in the 
pedestrians’ pollutant concertation evaluation literature. 
 

2 METHODS 
 

The approach and execution adopted in this study can be grouped into two categories. They 
are CALINE 4 Simulation and mobile measurements. The following sections outline the research 
methodologies for both these categories. 
 
2.1 CALINE 4 Simulations 

The current study aims to understand how PM2.5 concentration changes with changing pedestrian 
heights near roadways. For the same, the California Line Source Dispersion Model (CALINE 4) is 
used. CALINE 4 is the most widely used vehicular pollutant dispersion model (Dhyani et al., 2013). 
It is a line-source air quality model developed by the California Department of Transportation. It 
employs the Gaussian diffusion equation and the mixing zone concept to model traffic pollutant 
dispersion (Benson, 1984). The model discretizes a roadway link into series of finite segments, 
then estimates the pollutant concentration in each segment, and finally adds up those estimates 
to determine the pollutant concentration for a specific receptor position (Majumdar et al., 2008). 
The concentration at a receptor point (x, y, z) is calculated using Eq. (1) (Chen et al., 2009).  
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where, C is the concentration of pollutant; q is the line source’s length; σy and σz are the horizontal 
and vertical Gaussian dispersion parameters; H is the source height; and y1 and y2 are the 
endpoints of the divided finite line sources. 

Evaluation studies have been performed assessing how well the CALINE 4 simulated pollutant 
concentrations match the real-world emissions. Agharkar (2017) compared the PM2.5 concentrations 
forecasted by CALINE 4 in the City of Cincinnati and reported good agreement (p = 0.9482) with 
the measured on-site data. Goud et al. (2015) evaluated the performance of CALINE 4 to estimate 
the PM2.5 concentration at a traffic intersection in Bangalore, India and reported the performance 
to be valid and acceptable. Prakash et al. (2016) predicted the PM10 concentrations along a highway 
in Mysuru, India, and reported the predicted concentrations to be comparable with the monitored 
values (R2 = 0.943). Besides good modelling functionality, CALINE 4 offers several advantages over 
other pollutant dispersion models, such as the need for lesser input data, smooth user interface, 
and ability to reliably predict air quality up to 500 m (Dhyani et al., 2013; Dhyani and Sharma, 
2017; Majumdar et al., 2010). The abovementioned advantages motivated the use of CALINE 4 
in the current study to explore the vertical difference in PM2.5 concentrations near roadways in 
the range of pedestrian height. However, a major limitation of the CALINE 4 model is that the 
Gaussian dispersion model does not incorporate the recent developments in turbulence theory 
(Batterman et al., 2010). Also, CALINE 4 does not model the non-exhaust portion of traffic-related 
particle emissions (Chen et al., 2009). 
 
2.1.1 Model formulation 

A simple 3-lane link geometry (shown in Fig. 1) was used as an input in the CALINE 4 model. 
Nineteen receptors (points where PM2.5 concentrations were calculated as the output of the 
model) were placed at a lateral distance of 6 m from the drawn link, each separated by a distance 
of 10 cm in the vertical direction. Overall, the PM2.5 concentrations up to a height of 180 cm were 
analyzed. 

Different input conditions were used to run the CALINE 4 model. This was done to understand the 
sensitivity of the vertical differences in PM2.5 across the receptor points with changing surrounding 
conditions. For the same, three regimes (Low, Medium, and High) of wind speed and ambient PM2.5 
concentrations were considered in the analysis. Similarly, three regimes for traffic volumes were 
also considered. The values corresponding to each regime for these variables are summarized in 
Table 1. These values were chosen because the average PM2.5 concentration of Chennai is 33 µg m–3 
(Chen et al., 2020); the traffic volume in the stretch during peak hour is around 2300 vehicles h–1 
(Sampathkumar et al., 2018); and, the wind speed referring to Beaufort scale of light and gentle 
breeze in low wind speed category, moderate breeze in medium wind speed category, and Fresh 
and strong breeze in high wind speed category (Salvacao et al., 2015). In addition to these input 
parameters, the effect of traffic composition on the vertical differences in PM2.5 was also explored. 
To do so, five categories of traffic compositions were included. They were, Category I (Car-60%, 
2-Wheeler (2W)-20%, Light Commercial Vehicles (LCV)-10%, and Heavy Commercial Vehicles 
(HCV)-10%), Category II (Car-20%, 2W -60%, LCV-10% and HCV-10%), Category III (Car-40%, 2W-
40%, LCV-10% and HCV-10%), Category IV (Car-60%, 2W-20%, LCV-5% and HCV-15%), and 
Category V (Car-20%, 2W-60%, LCV-5% and HCV-15%). The emission factors of PM2.5 for each 
vehicle type were taken from the Automotive Research Association of India (ARAI, 2007). 

For each CALINE 4 model run, one regime from each input variable (listed in Table 1) was chosen 
along with a vehicle composition category. For instance—medium ambient PM2.5 concentrations 
with low wind speeds and high traffic volume with Category III composition. Therefore, considering 
all the permutations, a total of 135 simulated runs were performed, and the concentrations of 
PM2.5 at receptors in each run were recorded. These concentrations were reported as an hourly 
average concentration by the model. Finally, exploratory analysis using comparison plots was 
performed to examine the near-roadway vertical differences in PM2.5 concentrations up to 180 cm 
height, and to see how these differences changed with changing ambient PM2.5 concentration, 
wind speed, traffic volume, and traffic composition. 

To understand the sensitivity of vertical differences in PM2.5 concentrations with respect to 
individual parameters (vehicle volume, traffic composition, wind speed, and ambient PM2.5 
concentrations), a gradient variable (G) as shown in Eq. (2) is introduced and calculated for each  
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Fig. 1. (a) Top View, (b) Side View of the link geometry used in the CALINE 4 model. 

 
Table 1. CALINE 4 input values in different regimes as considered in the study. 

Input Variables 
Values 

Low Medium High 
Ambient PM2.5 20 µg m–3 40 µg m–3 60 µg m–3 
Wind Speed 3 m s–1 7 m s–1 10 m s–1 

Traffic Volume 1000 vehicles hr–1 2000 vehicles hr–1 3000 vehicles hr–1 

 
simulation. This value is introduced because the absolute numerical value of G indicates the 
steepness of PM2.5 concentration across height, i.e., if the absolute numerical value of G is higher, 
the difference in PM2.5 concentration between lower and higher heights is more. 
 

( ) ( )2.5 2.5PM PMa bG
a b
−

=
−

 (2) 

 
Here, a and b are the upper and lower limits of receptor points in the CALINE 4 model, which 

are 1.8 m and 0.1 m, respectively. (PM2.5)x represents the PM2.5 concentration at the receptor at 
x m height. To understand the effect of each individual variable on the difference in PM2.5 
concentration across height, G was calculated for different simulations where the value of the 
variable of interest (for instance: traffic volume) was increased sequentially while keeping the 
values of other variables constant. Subsequently, the G was calculated for each changing value 
of the variable of interest and analyzed. 
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2.2 Mobile Measurements 
Along with the simulated results, as discussed before, mobile PM2.5 measurements were also 

performed near an urban roadway at different heights to bolster the findings. This section 
discusses the materials and methodology adopted for mobile measurements. 

 
2.2.1 Instruments 

Two portable, low-cost particle sensors were used for mobile measurements in this study; 
they were Sensiron SPS30 and Panasonic PM2.5 sensor. Sensiron SPS30 is a low-cost optical PM2.5 

sensor with dimensions ~41 mm × 41 mm × 12 mm (Sensiron, 2018). This portable, low-cost 
optical PM2.5 sensor can measure mass concentrations in the 1–1000 µg m–3 range. SPS30 samples 
air with a small integrated fan, with a minimum sampling interval of one second. The counting 
efficiency of the SPS30 comes pre-calibrated with potassium chloride salt particles and TSI 
DustTrakTM DRX Aerosol Monitor 8533 as a reference (Sensiron, 2018). To interface and download 
the collected data from SPS30, a Raspberry Pi 4 single-board microprocessor was used. A custom 
python program built on top of an open-source python library – Raspi Driver SPS30 developed by 
UnravelTEC (UnravelTEC, 2019) was written to read, write, and store the output of the SPS30 on 
the local memory of Raspberry Pi 4. The other PM2.5 sensor, Panasonic PM2.5 (Nakayama et al., 
2018), has nearly similar specifications as the SPS30 sensor. This sensor was developed at Panasonic 
labs in Japan and was recently calibrated for Indian conditions. The Panasonic PM2.5 sensor came 
with a mobile application to log the sensor’s output. The sampling interval for both the sensors 
was set to be 1 minute. 

To evaluate the performance of both of the low-cost PM sensors, they were co-located against each 
other, and also with respect to a lab-grade portable aerosol spectrometer, PAS 1.109, manufactured 
by the GRIMM (GRIMM, 2010). GRIMM PAS 1.109 is a state-of-the-art optical particle counter that 
measures particle number concentrations in 32 bins. It employs a laser at 0.5 mW to detect large 
particles and 30 mW to detect small particles. The PM2.5 output of the GRIMM instrument was 
recently calibrated before the data collection campaign. The performance of the GRIMM PAS has 
been previously assessed in the literature (Crilley et al., 2018; Dinoi et al., 2017). All the co-location 
experiments in this study were performed in both indoor and outdoor conditions and are further 
discussed in the next subsection. Statistical tests were performed to quantify the assessment. 
 
2.2.2 Sensor co-location 

This study conducted three kinds of sensor co-location experiments. Firstly, both the SPS30 
and Panasonic PM2.5 sensors were co-located against the GRIMM PAS 1.109 in indoor and outdoor 
conditions. The location selected for indoor experiments was a well-ventilated air-conditioned 
room—ITS laboratory, IIT Madras, which has moderate activity levels throughout the working 
hours (9 AM–6 PM) in a day. The outdoor co-location was performed on a pedestrian pathway 
located near the Sardar Patel Road, Chennai, India (the characteristic of location is discussed in 
the following sub-section). The aim of these co-locations was to assess the performance of the 
low-cost sensors relative to a state-of-the-art PM reference instrument. 

Secondly, the SPS30 and Panasonic PM2.5 sensors were co-located against each other. This co-
location was meant to check the agreeability of low-cost sensors’ outputs under identical conditions. 
These intra-sensor co-locations were carried out in both indoor and outdoor environments. For 
outdoor co-location, the SPS30 and Panasonic PM2.5 were carried by volunteers while walking, 
keeping both the sensors at the same elevation. 

Finally, the third set of co-location experiments were performed before every field data collection. 
This was done to validate the sensors’ performance before field measurements and ensure 
agreeability between both the sensors. The co-location experiments in this set involved both 
intra-sensor co-location and co-location relative to the reference instrument, GRIMM PAS 1.109. 
With respect to the reference instrument, the co-locations for both the sensors were performed 
in the ITS laboratory. For intra-sensor co-location, outdoor experiments were conducted at the 
data collection site, where volunteers carried both the sensors at the same height, and the 
corresponding outputs were compared. 

The evaluation of intra-sensor co-location was performed by calculating the coefficient of 
variation (CV) for both the sensors’ outputs. The coefficient of variation is usually used to determine 
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the intra-sensor variability in measurements (Crilley et al., 2018). Eq. (3) was used for calculating 
the same.  
 

CV
σ
µ

=  (3) 

 
Here, σ is the standard deviation, and µ is the mean of the PM2.5 measurements from both the 

sensors. Acceptable values of CV for the two similar sensors, according to U.S. EPA, are up to 0.1 
(Sousan et al., 2016b). For co-location experiments relative to the reference instrument, the 
Pearson correlation coefficient (r) was calculated between the sensor’s output and the reference 
instrument’s output. Pearson correlation coefficient (r) values > 0.97 are acceptable between a 
test instrument and a reference instrument (Sousan et al., 2016b). 

In addition to these accuracy metrics, statistical t-tests were also conducted to assess any 
statistical significance of the difference in intra-sensor, or sensor and reference instrument’s output. 
One-minute average data from each of the sensors for the entire duration of the experiments 
were used for all the t-tests (n > 30). The R-Studio software was used for the t-test. These t-tests 
were conducted at 95% confidence with the null hypothesis as no difference in output and the 
alternative hypothesis as a difference in reading prevails. P-values greater than 0.05 for t-tests 
suggest null hypothesis acceptance, and less than 0.05 indicate alternative hypothesis acceptance. 
Overall, rigorous evaluations were performed for the low-cost sensors to ensure agreeability in 
their measurements.  
 
2.2.3 Data collection 

The field PM2.5 data collection was conducted on a pedestrian pathway located near the Sardar 
Patel Road, Chennai, India. The selected pathway is nearly 70m in length. This particular pathway 
was selected for the experiments because it is situated near a busy urban road (Patra et al., 
2021a; Sakhare and Vanajakshi, 2020) and is free from any interference from shops or buildings. 
The exposure of fine particulates to pedestrians on it can, therefore, be assumed to be primarily 
due to the adjacent traffic movements. Fig. 2 shows the study site used. For mobile PM2.5 
measurements, a volunteer traversed the pathway with the SPS30 sensor mounted at the height 
of 150 cm and the Panasonic sensor tied at the height of 80 cm from the ground level. The position 
of both the sensors on the volunteer while collecting the PM2.5 data is shown in Fig. 3. 

While the sensors were mounted, as shown in Fig. 3, the volunteer travelled back and forth 
thirty trips on the pathway (Fig. 2). To ensure repeatability, another round of data collection, in 
the same manner, was carried out another day. 

The data regarding ambient PM2.5 were collected from a ground-level Central Pollution Control 
Board (CPCB) monitoring station (CPCB, 2020), located nearly 300 m away from the selected 
measurement site. Apart from this, the wind speed information at the field data collection site 
was downloaded from the NCEP/NCAR reanalysis dataset provided by the NOAA Physical Sciences 
Laboratory (PSL) (https://psl.noaa.gov/). This reanalysis is a state-of-the-art forecast method to 
assimilate meteorological information using data from 1948 to the present (Kalnay et al., 1996). 
The spatial coverage of the PSL dataset is 2.5° × 2.5° on global grids. The measurement site is 
located in between 13.0068°N, 80.2000°E and 13.0068°N, 80.4500°E. The corresponding 
surface-level wind speed data was downloaded for this grid. One thing to note here is that, due 
to lack of instrumentation, it was not possible to obtain the traffic volume data during both the 
data collection days. The data collection was performed on 29th January 2020 at 10 AM and 31st 
January 2020 at 2 PM. 

These were the methodologies used for the CALINE 4 simulation and PM2.5 mobile measurements. 
The results obtained are discussed in the next section. 
 

3 RESULTS AND DISCUSSION 
 
3.1 CALINE 4 Simulation Results 

Fig. 4 shows the variations of PM2.5 for varying heights of the receptors for two sample model  
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Fig. 2. Data collection site for mobile PM2.5 measurements. 

 

 
Fig. 3. Position of both the sensors (SPS30 and Panasonic PM2.5) as carried by the volunteer for 
mobile PM2.5 measurements on the pedestrian pathway. 
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Fig. 4. Vertical variations in PM2.5 when ambient PM2.5 levels are low, wind speed is medium, traffic volume is high and traffic 
composition is Category I (left), and ambient PM2.5 levels are high, wind speed is low, traffic volume is medium and traffic 
composition is Category III (right). 

 
runs. For all the 135 scenarios, the vertical variations in the modelled PM2.5 concentrations are 
presented in Fig. S1(a) through S1(e) in the supplementary section. These figures are grouped 
based on the category of traffic composition.  

Results indicate that the PM2.5 concentrations decreased as the height of the receptor increased 
for all the runs. The difference in PM2.5 concentration between receptors at 0.1 m and 1.8 m 
ranged from 1.3–8.3 µg m–3. The lowest difference was observed when the wind speed was high 
with low traffic volume in category II vehicle composition, and the highest difference was reported 
for low wind speed and high traffic volume in category IV composition. Nevertheless, the results 
made it clear that pedestrians with shorter heights are exposed to a higher concentration of PM2.5 
near busy roadways. Once this was established, G values were estimated for the PM2.5 concentration 
difference across height with varying traffic volume, traffic composition, wind speed, and ambient 
PM2.5 concentrations (as discussed in the previous section). Table 2 summarizes the effect of these 
variables on the PM2.5 concentration difference across height based on the absolute numerical 
value of G (which signifies the slope of PM2.5 concentration profile, assuming it to be linear). 

From Table 2, the wind speed, traffic volume, and traffic composition emerged as the 
influencing variables determining vertical differences in pedestrian’s exposure to PM2.5. Under 
traffic composition, car-dominated traffic with a higher proportion of HCVs increased the vertical 
difference in exposure. As the mode share of two-wheelers increased, the difference in exposure 
was found to reduce. For wind speed and traffic volume, lower wind speed and higher traffic 
volume increased the vertical difference in exposure. To further quantify their effect, additional 

 
Table 2. Effect of different variables on the PM2.5 concentration difference at varying heights (absolute numerical value of G 
signifies the slope of PM2.5 concentration difference across the evaluated height (calculated using Eq. (2)). 

Variable Effect 
Ambient PM2.5 

concentration 
|G| was independent of ambient PM2.5 concentration. Thus, ambient PM2.5 concentration did not 

affect the vertical difference in PM2.5 concentration across receptors. 
Wind Speed |G| decreased with increasing wind speeds. Therefore, with increase in wind speed, the vertical 

difference in PM2.5 concentration across receptors decreased. 
Traffic Volume |G| increased with increasing traffic volume. Therefore, as the vehicle volume increased, the 

vertical difference in PM2.5 concentration across receptors increased. 
Traffic Composition |G| followed the following order for different traffic compositions: Category IV > Category I > 

Category III > Category V > Category II. Therefore, for car dominated traffic with higher 
proportions of HCVs increased the vertical difference in PM2.5 concentrations for pedestrians. 
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CALINE 4 simulated runs were performed. In these runs, the value of the variable of interest was 
increased sequentially while keeping other variables constant. Subsequently, the G was calculated 
for each changing value of the variable of interest and analyzed. It was observed that for every 
increase in vehicular volume by 100 vehicles hr–1, the PM2.5 exposure difference increased by 
0.13 µg m–3 m–1 in the range of pedestrian’s height (Fig. S2 in the supplementary section). For 
wind speed, calculations suggested that for every 1 m s–1 increase in wind speed, the PM2.5 
exposure difference reduced by 0.095 µg m–3 m–1 in the range of pedestrian’s height (Fig. S3 in 
the supplementary section). 

The above results suggest that PM2.5 concentration exposure for short pedestrians is higher 
compared to tall pedestrians. Moreover, a region characterized by low wind speeds, or high 
traffic volume, or more HCVs in traffic, or a combination of any of these conditions would tend 
to increase this exposure difference. The results of the field study verifying the simulation results 
are discussed next.  
 
3.2 Field Measurement Results 
3.2.1 Sensor co-location results 

The first set of co-location experiments was conducted to evaluate the performance of sensors 
used (SPS30 and Panasonic PM2.5) relative to the reference instrument (GRIMM PAS 1.109). 
Results obtained for the indoor co-locations are shown in Figs. S4 and S5 in the supplementary 
section and the outdoor co-location in Fig. S6. From the figures, it can be observed that the 
performance of both the sensors relative to the state-of-the-art-reference instrument is comparable. 
To corroborate this, the Pearson correlation coefficient (r) was calculated. For SPS30, the value 
of r was 0.975, and for Panasonic PM2.5, the r came to be 0.972. These values met the U.S. EPA’s 
requirements for performance comparison between a test and a reference instrument. In 
addition, the p-value for the t-test at 95% confidence for both the sensors’ output was obtained 
as 0.78 for SPS30 and 0.74 for Panasonic PM2.5. Therefore, statistically, also no significant difference 
was observed between the sensors’ output and the reference instrument’s output.  

The second set of co-location experiments were performed where the sensors were co-located 
against each other. As discussed before, this was done for both indoor and outdoor environments. 
Figs. S7 and S8 present the results obtained. The performance comparison plots indicate that the 
sensors’ output is comparable with one another under similar conditions. To quantify this, CV was 
calculated. The CV values for indoor co-location was 0.014, and for outdoor co-location was 0.025, 
which are well within limits prescribed by U.S. EPA (which is 0.1). Also, the p-value for the t-test 
at 95% confidence for both the sensors’ output came to be 0.55 for indoor co-location and 0.48 
for outdoor co-location. This confirms a statistically insignificant disparity in outputs from both 
the sensors with respect to each other under identical conditions. 

Finally, the third set of co-location experiments were conducted before field data collection 
on both days. In these experiments, the sensors’ outputs were compared relative to the reference 
instrument and with respect to each other when kept at the same height at the field measurement 
site. The results of these co-location experiments are summarized in Table S1. It can be seen that 
the CV values of intra-sensor comparison were within the prescribed limits of U.S. EPA during all 
the experiments. The t-tests also suggested insignificant differences in their outputs. When evaluated 
against the reference instrument, both the SPS30 and the Panasonic PM2.5 sensors’ outputs were 
deemed comparable. Furthermore, the CV and the p-values of the t-tests at the measurement 
site indicate that the outputs of PM2.5 from both the sensors, when held at the same height, did 
not differ significantly. Therefore, from all the co-location experiments conducted, it was confirmed 
that both the sensors used in the study performed identically at the same height from the ground 
level, and the PM2.5 outputs of the sensors were comparable to the values given by the reference 
instrument.  
 
3.2.2 Field data collection results 

The ambient meteorological data downloaded from the nearby monitoring station, ambient 
PM2.5 data and the PSL dataset during the hours of data collection are summarized in Table 3. Data 
averaging period from the source was chosen such that it included the time of the experiment. 

The CALINE 4 simulation results suggested that wind speed, traffic volume, and traffic composition  
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Table 3. Summary of ambient meteorological parameters and PM2.5 concentrations at the field data collection site during both 
the days of data collection. 

Day of Experiment Data Source Data Averaging Period Parameter Value 
Day 1 CPCB 10–11 AM PM2.5 63.87 µg m–3 

Wind Speed 3.63 m s–1 

PSL 6 AM–12 PM Wind Speed Max: 5.25 m s–1 

Min: 3.2 m s–1 

Day 2 CPCB 2–3 PM PM2.5 15.01 µg m–3 
Wind Speed 5.97 m s–1 

PSL 12–6 PM Wind Speed Max: 5.75 m s–1 

Min: 4.15 m s–1 

 
influenced the vertical differences in PM2.5 concentrations near roadways. As the same site was 
used for the data collection on both days, the traffic mode share is expected to remain more or 
less the same. For wind speed, Day 1 was marked with lower wind speed compared to that in 
Day 2 (Table 3). On Day 1, the data was collected during the morning office-time peak hour, while 
on Day 2, the data was collected during the afternoon off-peak period. Hence, Day 1 was 
characterized by higher traffic volume compared to Day 2. However, the numerical value of the 
vehicular volume is not available due to the lack of instrumentation at the site. 

Fig. 5 compares the PM2.5 concentrations recorded at 80 cm and 150 cm while walking at the 
site during experiments for both the days (the time series of PM2.5 concentrations while walking 
at the site during the experiments for both the days is shown in Fig. 6). The PM2.5 concentration 
at 80 cm was observed to be consistently higher than the concentration recorded at 150 cm for 
both days. For the first day, the mean PM2.5 concentration at 80 cm was 56.68 µg m–3 (std dev: 
6.02 µg m–3) and at 150 cm was 45.59 µg m–3 (std dev: 5.85 µg m–3), and on the second day, the 
mean PM2.5 concentration at 80 cm was 26.33 µg m–3 (std dev: 2.40 µg m–3) and at 150 cm was 
21.24 µg m–3 (std dev: 1.92 µg m–3). The results were tested statistically using one-tailed paired 
t-tests with a null hypothesis as no difference in readings at 80 cm and 150 cm, and an alternative 
hypothesis as PM2.5 levels at 80 cm is greater than that observed at 150 cm. The p-value for the 
data collected on the first day was 2.12 × 10–12 and was 1.88 × 10-21 for the second day. Such 
lower p-values strongly indicate rejecting the null hypothesis, accepting the alternative one at a 
confidence of 95%. Therefore, statistically strong evidence exists that levels of PM2.5 observed at 
80 cm height are higher than the levels observed at 150 cm on both days. 

 

 
Fig. 5. Comparison of PM2.5 concentration recorded at 80 cm and 150 cm while walking at the 
site during experiments for both the days. 
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Fig. 6. Comparison of PM2.5 concentrations recorded at 80 cm and 150 cm while walking at the 
site during experiments: (top) during peak traffic hours; (bottom) during off peak hours. 

 
In addition, it was observed that the difference in PM2.5 concentrations at 80 cm and 150 cm 

was higher on Day 1 compared to Day 2. As previously stated, Day 1 was marked with a higher 
traffic volume and lower wind speed. The results from CALINE 4 simulations suggested that such 
a combination enhances the PM2.5 difference across heights, which was also observed for mobile 
measurements. 

Overall, the current study’s results suggest that PM2.5 exposure levels are reduced with increasing 
heights of pedestrians. It was also observed that with increasing traffic volume, or decreasing 
wind speed, or increasing mode share of HCVs, the difference in exposure increased. CALINE 4 
based results showed that for every 100 vehicles hr–1 increase in traffic volume, the PM2.5 
exposure difference increased by 0.13 µg m–3 m–1 in the range of pedestrian’s height. For wind 
speed, calculations suggested that for every 1m s–1 increase in wind speed, the PM2.5 exposure 
difference was reduced by 0.095 µg m–3 m–1 in the range of pedestrian’s height. 
 

4 CONCLUSIONS 
 

The current study examined how PM2.5 concentrations change with varying heights of pedestrians 
near roadways. CALINE 4 was used to simulate a variety of different scenarios involving vehicle 
volume, traffic composition, wind speed, and ambient PM2.5 concentrations to explore the gradient 
in PM2.5 concentrations with height. On-site mobile measurements supplemented the CALINE 4 
observations. These observations showed that the PM2.5 concentration decreased with increasing 
heights of pedestrians. Furthermore, it was found that the difference in exposure across the 
heights of pedestrians is influenced by traffic volume, wind speed, and traffic composition. 
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However, the on-site PM2.5 measurements were performed using low-cost particle sensors. 
Although low-cost sensors have recently been increasingly popular for personal evaluation and 
urban monitoring studies, their accuracy has always been a concern. Hence, the present study 
evaluated the performance of these sensors against a laboratory-grade optical particle counter 
(GRIMM PAS 1.109) in both indoor and outdoor conditions. The low-cost sensors were found to 
agree well with each other and GRIMM OPC in both indoor and outdoor conditions. Despite this, 
due to limited field data, the present study did not comment on the quantitative differences in 
PM2.5 values obtained from the on-site measurement experiments but was restricted to relative 
variations. The study primarily aims to understand the effect of pedestrians’ height on their 
exposure level near the roadway at varying conditions of vehicle volume, traffic composition, 
wind speed, and ambient PM2.5 concentrations, and flags height of pedestrians as an influential 
variable under changing conditions of vehicle volume, traffic composition, and wind speed. 
Mobile measurements were used to verify the simulated CALINE 4 observation of decreasing 
PM2.5 concentrations for a taller pedestrian relative to a shorter pedestrian. However, one of the 
study’s shortcomings is that the CALINE 4 do not account for the non-exhaust fraction of traffic 
emissions. According to Conte et al. (2019), non-exhaust traffic emissions account for a sizable 
portion of total traffic-related emissions, particularly in the coarse mode. Being coarse mode 
particles, they would thus tend to settle down (Patra et al., 2021b). As a result, it is likely that the 
non-exhaust fraction of traffic emissions will contribute to further increasing particle concentrations 
at low levels. This could be one of the reasons for the disparity between simulation and field 
observations (Fig. 6 and Fig. S1(a–e)). Therefore, to gain a more quantitative understanding of 
exposure differences, future research is needed to confirm the study's findings by conducting 
controlled experiments over a longer period using laboratory-grade PM instruments to quantify 
the differences in PM2.5 concentrations with varying pedestrian heights. 
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