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A B S T R A C T   

The air quality in underground railway stations (URS) poses a significant public health concern due to extremely 
high concentrations of particulate matter: PM10 and PM2.5. Indeed, PM sources are strong and numerous, such as 
train braking and tunnel effect and URS are often confined spaces with low air change rates. Despite multiple PM 
measurements within URS, the variability of those concentrations from stations to stations is still poorly un
derstood. We present here a methodology for establishing a daily profile of particle mass concentrations, based 
on a 5-year long measurement series in a Parisian URS. This approach incorporates an extensive data cleaning 
process based on the identification of URS operation periods and physically inconsistent or mathematically 
aberrant data, together with a linear regression model. This methodology delivers three usable outcomes: a 
typical profile for weekdays, a typical profile for weekends, and a PM concentration Daily Amplitude Coefficient 
(DAC) for the considered period. The DAC is a daily metric of the pollution levels, that enables the analysis of 
temporal trends and facilitates the comparison with other data with other acquisition frequency. The metho
dology developed here in a specific URS for PM10 measurements can be easily applied to different particle size 
fractions or to other measured parameters exhibiting a daily profile. Weekdays PM10 concentrations exhibit two 
distinct peaks corresponding to morning and evening rush hours, with an average daytime concentration of 
193 µg/m³. These peaks are delayed by ∼1 hour compared to the train traffic. Weekends show consistently 
lower PM levels with no observable peaks, averaging 157 µg/m³ during the day. Our analysis reveals the long- 
term temporal evolution of PM concentration within the URS, highlighting seasonal patterns with higher PM10 

concentrations observed in summer (up to 400 µg/m3) and lower values in winter (down to 250 µg/m3). This 
indoor seasonal evolution is not correlated with the outdoor temporal evolution, showing higher concentrations 
during the winter. Furthermore, our results show that the optimal period (DAC∼1) for conducting experiments 
to obtain reliable profiles is during the spring months (April, May, June).   

1. Introduction 

Currently, trains represent the most widely utilized means of 
transportation, increasingly establishing themselves as indispensable 
components of daily commutes within major urban centers. The em
phasis on air quality within trains and URS has grown significantly due 
to inherent factors like confined spaces, limited ventilation with high 
passenger number. Numerous investigations have shown that PM con
centrations within URS consistently and largely exceed the air quality 
guidelines set by the World Health Organization [1], which stipulate 

daily outdoor thresholds of 45 and 15 µg/m³ for PM10 (particles with an 
aerodynamic diameter up to 10 µm) and PM2.5 (particles with an 
aerodynamic diameter up to 2.5 µm), respectively. Indeed, extremely 
high PM concentrations are observed in platforms areas. PM10 levels 
can reach up to 440 µg/m³ in Nanjing, China [2], and as low as 51 µg/ 
m³ in Taipei, Taiwan [3]. For PM2.5, concentrations vary from 18 µg/m³ 
in Vancouver, Canada [4], to 195 µg/m³ in Athens, Greece [5]. This 
variability is also noted in cities such as Stockholm, Sweden (204 µg/m³ 
for PM10 and 102 µg/m³ for PM2.5) [6], and Los Angeles, USA (78 µg/m³ 
for PM10 and 57 µg/m³ for PM2.5) [7]. A comprehensive list of PM 
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concentrations in subway metro station platforms worldwide is pro
vided by Passi et al. [8]. Additionally, elevated PM concentrations are 
also prevalent in the interior of trains, as observed in research carried 
out in Prague, Czech Republic (126 µg/m3 for PM10) [9], Seoul, Korea 
(142 µg/m3 for PM10) [10], or Lisbon, Portugal (80 µg/m3 and 30 µg/ 
m3 for PM10 and PM2.5) [11]. Moreover, the particle mass concentra
tions (PM10 and PM2.5) within underground railway stations are several 
times higher than those in typical urban outdoor air. For instance, Raut 
et al. [12] reported that the average daytime PM10 and PM2.5 con
centrations of Paris URS were about 5–30 times higher than PM ob
served outdoor. Similarly, Carteni et al. [13] found that PM con
centrations in Naples URS were 2–14 than those outdoors, and Smith 
et al. [14] observed the PM levels in London URS were approximately 
three times higher than those in the surrounding outdoor areas. 

While passengers spend only brief periods (on average 7 minutes)  
[15] within these stations, even short-term exposure to heightened le
vels of air pollutants can lead to various adverse health consequences 
affecting the cardiovascular system, such as myocardial infarction and 
cardiac failure [16–18], as well as the respiratory system, with condi
tions including arrhythmia, deep vein thrombosis, stroke, wheeze, 
asthma, bronchiolitis, and other respiratory infections [19–23]. Fur
thermore, recent publications have connected this exposure to health 
issues like type 2 diabetes [24], dementia [25], and cognitive function 
decline [26,27]. In addition to its role as an air pollutant, PM can serve 
as a carrier for toxic and harmful substances such as bacteria or viruses, 
as evidenced by the global COVID-19 pandemic [28], thereby pre
senting a significant health risk to exposed individuals. Consequently, 
addressing air quality concerns within URS emerges as a critical im
perative for public health. 

According to Fortain [29], we can distinguish different sources of 
particles in an URS. First, railway activity generates a large quantity of 
particles. They can have various origins: equipment wear (brakes, 
wheel/rail and pantograph/catenary friction, ballast) primarily pro
ducing metallic particles, network wear (wear of walls, seats, and 
especially floor coverings), and nightly maintenance work specific to 
railway activity [30]. Moreover, the mechanism of the passenger-flow 
source is the resuspension of airborne particles by passenger move
ments [31]. Finally, as station openings and ventilation systems are 
often located close to traffic routes, they serve as pathways for outside 
air to enter the station, thereby introducing pollutants into the URS. 

Several studies, including those conducted by Barmparesos et al. [5] 
and Kam et al. [7], have put forth measurements of PM concentrations 
in URS. Findings show that there are significant variations from one 
URS to another, and from one day to another within a given URS. 
Nevertheless, Raut et al. [12], Birenzvige et al. [32], Querol et al. [33], 
and Walther and Bogdan [34] have demonstrated different diurnal 
cycle patterns between weekdays and weekend periods. On weekdays, a 
regular bimodal pattern of train traffic is observed with two rush per
iods (morning and late afternoon) and minimum levels during the night 
leading to the similar PM concentration daily pattern. During week
ends, the concentrations remain relatively constant during daytime 
with lower levels in comparison to weekdays. Furthermore, they found 
that the daily PM concentration pattern and the timing of the diurnal 
cycle are remarkably consistent from one day to the next, despite ob
serving day-to-day fluctuations in PM concentration levels. 

According to the actual knowledge of the authors, no study has ad
dressed the establishment of a baseline daily profile of particle concentra
tion reflecting the weekday and weekend patterns. The present work in
troduces a clear methodology to provide a typical daily profile of particle 
concentrations within a URS based on long term measurements performed 
in different URS, aiming to surpass simple profile averaging. 

2. Experimental section 

This study relies on the existence of a unique dataset spanning over 
five years, recorded at quarter-hourly intervals. This extensive and 

detailed dataset allows for precise analysis, setting the foundation for 
the insights presented in our study. 

2.1. Measurement site 

This study is based on experimental data in one Parisian URS 
(Table 1) within the SNCF network. This specific station has been se
lected for the development of the methodology because it is one of the 
three URS in the SNCF network that has been equipped with in
strumentation (Section 2.2 ) for continuous data measurement since 
April 2018. This extended period of data collection allows a compre
hensive analysis of air quality trends over time. 24 other stations were 
equipped for shorter periods ranging from one to three weeks. This 
specific station is also among the SNCF URS with the highest PM con
centrations. Finally, this station has been the subject of experimental 
interventions, including the installation of filtration systems in 2019 
and 2020. The methodology developed within this study will eventually 
allow to assess the effectiveness of these filtration systems. 

No assumption is made that this station is representative of the URS 
within the Paris urban train stations network. This will be examined in 
a future global analysis of all PM levels inside the 27 stations. 

The schematic plan of the URS is shown on the Fig. 1 with the main 
characteristics described in Table 1. The station consists of two train 
tracks (Northbound, from left to right; Southbound, from right to left; 
and a central platform) and the length of the central platform is ap
proximately 250 m. 

2.2. Instrumentation 

The particle measurements were conducted using two TEOM FDMS 
1405 F particle analyzers, to measure PM10 and PM2.5 according to 
standard NF EN 12341 by FDMS (measurement by micro-balance, 
considering the volatile fraction of particles). These analyzers utilize a 
tapered element oscillating microbalance (TEOM) coupled with a filter 
dynamic measurement system (FDMS), ensuring high short-term pre
cision (mean concentration values at 15-minute intervals). One of the 
two analyzers is equipped with a PM10 US EPA sampling head, while 
the other includes a PM10 US EPA sampling head in addition to a Sharp 
Cut Cyclone (SCC) for PM2.5 sampling. Both instruments were posi
tioned in the middle of the platform (Fig. 1) and were sampling at 2.2 m 
above the platform floor. 

In addition to the TEOMs, a TSI Q-TRAK device was installed ad
jacent to them, enabling the measurement of temperature, relative 
humidity, and CO2 concentrations. Similar to the PM concentrations, 
measurements of these parameters were taken at a quarter hourly time 
step. 

AIRPARIF (https://www.airparif.asso.fr/, last access: May 16, 
2024), a French Air Quality Monitoring Association in the Île-de-France 
region, conducted the data collection since April 2018. Regular 

Table 1 
URS characteristics.     

Characteristics  

RER line Line C 
Mechanical ventilation system No 
Platform depth ∼10 m below ground 
Operation start 1854 
Ballast Yes 
Passengers number (#/year) 982 800 
Tracks 2 
Platform 1 
Length 250 m 
Platform screen door No 
Train type Z5600, Z8800, Z20500, Z20900 

Note: RER line C is one of the lines of the Réseau Express Régional (RER) in 
Paris, which serves the Paris metropolitan area and its suburbs.  
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verification, maintenance, and calibration operations ensure that the 
collected data are of satisfactory precision, accuracy, completeness, 
comparability, and representativeness. A validation process by quali
fied personnel consists of two mandatory steps: a technical validation 
(conducted daily), and an environmental validation (conducted on a 
weekly basis). Invalidation may result from technical issues with the 
analyzer, external events (such as power outages) rendering the data 
unrepresentative, etc. 

Data exploitation is based on validated readings. A data point is 
considered valid if at least 75 % of its constituent elements are valid. 
For instance, an hourly average is computable if at least 75 % of the 15- 
minute data points are valid, whether consecutive or not within the 
hour [35]. 

2.3. Dataset 

The dataset for the considered URS covers the period from April 
2018 to the present day. For the purposes of this study, we focus on the 
data spanning from April 2018 to December 2022. In this study, we 
focus on PM10 fraction, but similar work has been performed on PM2.5 

fraction, giving similar results. 
Fig. 2 illustrates the timeseries of PM10 concentrations at a quarter 

hourly time steps within the specified URS, highlighting notable periods 
that have influenced the dynamics of the RER C line, including strikes 
(green band), COVID-19 lockdowns (orange band), summer works (blue 
band), and particle filtration experiment periods (grey band) (Table S1,  
supplemental material). The descriptive statistics for the PM10, PM2.5, 
and comfort parameters (CO2, relative humidity, temperature) are 
presented in Table 2. 

3. Establishment of typical daily profile PM concentration 

Upon examining one week of data, Fig. 3 clearly illustrates the 
diurnal cycle patterns of PM10 between weekdays and weekend periods 
in the URS as discussed by Raut et al. [12] and Walther and Bogdan  
[34]. Throughout Monday to Friday (grey area), the daily PM10 con
centration during daytime follows a similar trend and decreases during 
the weekend (green area). During weekdays, two peaks of PM10 con
centration occurring generally during rush periods (in average 
∼300 µg/m3 against ∼320 µg/m3 [12]) are observed followed by 
reaching its minimum levels (10 µg/m3) during the night after traffic 
stop. The PM10 concentration begins to increase at 5:30 am corre
sponding to the train operation start, reaching its first peak at 10:00 am. 
It then decreases at 01:00 pm (around 250 µg/m3), followed by a sub
sequent increase, reaching its second peak at 07:00 pm, and finally 
decreases during the night. During weekends, the concentrations re
main almost constant during daytime (in average ∼150 µg/m3, against 
∼120 µg/m3 [12]). 

Moreover, the one-week dataset displayed on Fig. 3 reveals deeper 
insights, as previously highlighted [12,34]. For instance, the overnight 
peaks circled in blue are attributed to nocturnal work within the station 
and the passage of diesel trains, while the daytime peaks circled in red 
remain unexplained. 

Typically, discussions about the typical profile of PM concentration 
involve calculating only the average, often overlooking the fact that 
some profiles deviate from this pattern. This oversight can lead to an 
inaccurate typical profile, especially when working with limited data
sets. In this section, we provide a concise overview of the rigorous 
methodology used to establish the typical profile of PM concentration, 

Fig. 1. Plan of the considered URS.  

Fig. 2. Timeseries of PM10 concentrations (2018–2022). Shaded area corresponds to notable periods: strikes (green bands), COVID-19 lockdowns (orange bands), 
summer works (blue bands) and particle filtration experiments (grey bands). 
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visually presented on the flowchart in Fig. 4. Weekdays and weekends 
are treated separately due to different train schedules during these two 
periods, leading to different PM10 profiles (Fig. 3). 

The methodology involves three main steps (Fig. 4): data pre
processing and cleaning (Section 3.1), profile fitting (Section 3.2), and 
statistical profile exclusion (Section 3.3). Thus, this methodology 
yields three usable outputs: a typical profile for weekdays, a typical 
profile for weekends, and a Daily Amplitude Coefficient (hereafter re
ferred to as “DAC”) associated with each daily profile within the con
sidered period. The following subsections explain each step of our 
methodology in details. 

3.1. Data preprocessing and cleaning 

Dataset often presents gaps and noise, especially concerning PM 
concentration in URS. These issues may arise from missing values, 
outliers, and uncertainties in measurement, alongside exceptional 
events that could disrupt the data analysis process. Addressing these 
challenges is crucial as missing values and errors can greatly impact the 
accuracy of analytical techniques and the interpretation of the results. 

Consequently, the first step of our methodology involves data pre
processing, which encompasses the exclusion of notable periods and the 
identification and removal of outliers from our initial dataset. 

Between April 2018 and December 2022, normal train operations of 
the considered URS have been disrupted several times (Fig. 2, Table S1  
supplemental materials). During those periods, PM10 concentrations are 
not representative of URS regular functioning and normal concentration 
levels. Consequently, these periods were completely removed from our 
database. This step resulted in the removal of 21 % of the initial data 
(Table 3). 

As previously noted, PM concentrations within URS tend to be higher 
than those outdoors. This circumstance results in a rapid degradation of 
instrument response over time. Moreover, the measurements of both par
ticle fractions are carried out by two distinct TEOMs. Consequently, in our 
database, instances occur where PM2.5 concentrations are higher than those 
of the PM10 fraction, especially during early morning when the concentra
tions are low (down to 5 µg/m3) due to the absence of train operations. 
Therefore, all data points corresponding to PM2.5 larger than PM10 con
centrations were excluded from the initial database. This step leads to the 
removal of 4 % invalidated data (Table 3). 

Table 2 
Summary statistics of collected data during the considered period.         

Variables Data points Unit Range (min, max) Range (25th, 75th percentile) Mean SD  

PM10 141 428 µg/m3  (0.1, 4492.9)  (60.1, 214.8)  146.6  102.2 
PM2.5 138 741 µg/m3  (0.1, 2684.2)  (29, 84.3)  60.2  42.2 
CO2 143 817 ppm  (351, 1456)  (436.3, 526)  494.9  83.1 
RH 142 767 %  (26.6, 90.4)  (51, 66)  58.5  10.3 
T 142 691 °C  (8.6, 31.2)  (14.4, 22.9)  18.3  4.9 

Note: SD = standard deviation; RH = relative humidity; T = temperature  

Fig. 3. PM10 concentration time profile for one week (18/04/2022–25/04/2022) inside the considered URS.  

Fig. 4. Flowchart for the establishment of typical profile PM concentration.  
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Outlined in Fig. 3, the dataset highlights outliers during nighttime 
hours (blue circle), accounting for 0.25 % of the initial database, and 
during daytime (red circle), accounting for 0.75 %. To address these 
outliers, various statistical-based approaches were tested, including 
descriptive statistics (histogram, boxplot: Interquartile Range), statis
tical tests (Z score), proximity-based methods (K-Nearest neighbor, 
Local Outlier Factor), and tree-based approaches (Isolation Forest). 
Among these, Isolation Forest proved to be the most satisfactory solu
tion for our dataset. It successfully detects outliers not only during 
daytime (as shown by the peaks circled in red in Fig. 3) but also during 
nighttime (as evidenced by the peaks circled in blue in Fig. 3). In this 
study, we employed this approach, an unsupervised machine learning 
algorithm pioneered by Liu et al. [36]. This algorithm specializes in 
identifying anomalies within a dataset, specifically outliers that sig
nificantly differ from most of other data points. We used a dataset with 
specific characteristics: size of =n 141428 data points, dimensionality 
of =d 1, and contamination rate of 0.004. The contamination rate was 
set based on our data volume, as it reflects the proportion of data points 
expected to be anomalies. This step leads to the removal of 1 % of 
outliers (Table 3). 

One can also note that holidays may lead to a reduced train and 
traveler frequency within the considered URS. To understand the im
pact of those breaks in comparison to normal operation, we selected the 
month when holidays occur (winter – February, spring – April, summer 
– July, fall – October breaks) across the entire period. During the 
months, we segregated the observed PM10 concentrations into two ca
tegories: those recorded during the holidays and those during the re
mainder of the month. Comparing the PM10 levels between these two 
periods revealed almost no difference, with an average variation of 
about 5 %, except for summer due to insufficient July data availability. 
Therefore, holiday periods are considered as suitable for retention in 
the dataset. To make this determination, we referred to the data shown 
in the supplementary material section (Figure S1), which compares 
periods with and without breaks at the considered URS. 

Table 3 presents a comprehensive overview of the data cleaning 
result. It is important to note that the majority of removed data points 
are attributed to station operation, accounting for approximately 21 % 
of the initial database, while only 5 % are related to raw data. Overall, 
26 % (36 089) of data points have been excluded from the initial da
tabase, leading our clean database with 105 339 data points of PM10. 

3.2. Profile fitting 

In this section, our goal is to go beyond simple profile averaging. 
Indeed, it is imperative to refine the dataset by excluding profiles that 
are less representative. This entails aligning individual daily profiles 
with the overall daily average profile and removing those that sig
nificantly deviate from it. In essence, this step involves the identifica
tion of individual daily profiles that do not conform to the average daily 
profile. 

An initial average daily profile (red dotted line for weekdays,  
Fig. 5a) is calculated, point by point at a quarterly hourly time step, 
using all daily profiles remaining after the data preprocessing and 
cleaning (Section 3.1). 

Each individual day is then compared to this initial average daily profile. 
For this comparison, we perform a simple linear regression constrained to 
zero. This choice of constraint is based on the fact that all data points fall 
within a range of higher concentration, approximately around 200 µg/m3 

(Fig. 5). This model helps to establish the relationship between each time 
step (quarterly time step) of the individual profile (the dependent variable) 
to the corresponding time step of the average daily profile (the independent 
variable). The resulting slope, referred to hereafter as the daily amplitude 
coefficient (DAC), is calculated over 96 (4*24) data points for each in
dividual profile. This DAC quantifies the amplitude of an individual profile 
relative to the average daily profile. When DAC is greater than 1 (lower than 
1), the concentration during the specific day is higher (lower) than the 
average PM10 concentration profile. 

As an example, Fig. 5b illustrates the linear regression model ap
plied to the profile on November 10, 2022. The resulting DAC for this 
specific day is calculated to be 1.33, indicating that the amplitude of the 
profile on that day exceeds the initial average daily profile. Further
more, the high coefficient of determination ( =R 0.962 ) for this in
dividual day suggests a strong fit to the initial average daily profile. 

3.3. Statistical profile exclusion 

Once each individual daily profile was adjusted to the initial average 
daily profile, we employed a filtering concept based on R² to exclude pro
files that deviated significantly from the average. R² measures the agree
ment between each individual daily profile and the average daily profile, 
with a maximum value of 1 indicating a perfect match. 

Table 3 
Summary of data cleaning steps and proportion of data points removed.    

Data cleaning steps Proportion of data points removed 
from initial database  

Strikes  4 % 
COVID−19 lockdowns  7 % 
Summer works  1 % 
Particle depollution experiment  9 % 
Invalidated data  4 % 
Outliers  1 % 
Total  26 %    

Fig. 5. (a) Profiles comparison: initial average profile (red dotted line) and the profile on November 10, 2022 (black dotted line), (b) Linear regression model, based 
on each PM measurements of the daily profile, for PM10 average profile and PM10 profile on that day. 
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In this study, individual daily profiles with R² 0.67 were ex
cluded, for both weekdays (Fig. 6a) and weekends (Fig. 6b), from the 
clean database. This threshold of 0.67 was chosen based on the dis
tribution of R² values represented by the histogram on the right of each 
figure, to ensure that daily profiles closely match the average daily 
profile (Fig. 6). Through extensive testing, we determined that profiles 
with an R² below this value did not sufficiently align with the initial 
average profile. As with the DAC, this process was systematically re
peated for each day within the study period. In the end of this process, 
88 % (72 576 data points) and 90 % (25 632 data points) of profiles 
were retained (blue band, Fig. 6a and b) for weekdays and weekends, 
respectively, and two new average daily profiles were recalculated, 
representing the ultimate typical daily profiles (weekdays and week
ends), as outlined in the flowchart in Fig. 4. 

4. Results and discussions 

4.1. Daily profiles 

As previously mentioned, the aim of this study is to establish a clean 
daily profile. By meticulously applying all steps outlined in our metho
dology (Section 3 ), Fig. 7(a and b for weekdays and weekends, respec
tively) illustrates our reference daily profile (blue shaded areas represent 
one standard deviation), alongside initial average profile (red dotted line). 

Weekdays and weekends exhibit distinct patterns, as discussed by 
Raut et al. [12] and Walther and Bogdan [34]. On weekdays, two peaks 
are observed during the morning (10:00 am) and evening (07:00 pm) 
rush hours, with the maximum amplitude of the profile reaching 

around 250 µg/m3 for the considered URS. The average daytime PM 
concentration on weekdays is 193 µg/m3. On the weekend, lower PM 
concentrations are observed, with an average daytime PM concentra
tion of 157 µg/m3 and no observable peaks, remaining almost constant 
during daytime (around 170 µg/m3). Indeed, train operation differs 
between these two periods of the week, with trains operating from 
05:00 am until 11:30 pm on weekdays and from 05:00 am until 
01:00 am the following day on weekends. Moreover, during weekdays, 
trains run approximately every 8 minutes during rush hour and every 
15 minutes outside of peak times explaining the two observed peaks 
during weekdays. While, during weekends, the frequency remains all 
daylong to approximately every 1 per 15 minutes, leading to alterations 
in the dynamics of the URS. 

At the start of train operations (05:00 am), there is a one-hour delay 
before PM10 concentrations begin to rise (06:00 am) for both weekdays 
and weekends. This observation aligns with the findings of Raut et al.  
[12] and Birenzvige et al. [32], who noted that concentrations closely 
track traffic intensity but with a delay of approximately an hour. In
deed, their findings emphasize that this delay is primarily attributed to 
the influence of particulate dispersion by resuspension caused by traffic 
intensity and an increasing number of passengers. 

Regarding the difference between the final reference profile and the 
initial average profile, we computed the Mean Absolute Error (MAE). 
The MAE values were 2.9 µg/m3 for weekdays and 3.7 µg/m3 for 
weekends. These results underscore the varying degrees of divergence 
between the initial average and reference daily profiles. The smaller 
difference between these profiles (weekdays and weekends) can be at
tributed to the volume of data. 

Fig. 6. Temporal variation of the daily good
ness of fit R² for (a) weekdays and (b) week
ends over the considered period. The joint 
plots along margins show its distribution. 

Fig. 7. Comparison between the reference profile (blue line) and the initial average profile (red dashed line) for (a) weekdays, and (b) weekends. Blue shaded areas 
represent one standard deviation (σ=1). 
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Examining the day-of-week profiles shown in Fig. 8, it is notable 
that the profiles for Monday through Friday exhibit significant simila
rities, as do those for Saturday and Sunday. All profiles depicted in  
Fig. 8(a) and (b) fall within the shaded region representing one stan
dard deviation. Moreover, the typical profiles for Monday to Friday 
share similarities due to consistent train operations from 05:00–23:00 
(hatched shaded area, Fig. 8a), as do those for Saturday and Sunday, 
operating from 05:00–01:00 (hatched shaded area, Fig. 8b). Across all 
these profiles, concentrations decrease from the end of service until 
reaching approximately 10 µg/m3 in the morning around 05:00 am, 
clearly indicating that particle presence is strongly associated with 
station operation. Indeed, the MAE between PM10 final profiles ob
served on Tuesdays and Fridays, representing the highest and lowest 
concentration profiles respectively, is only 10 µg/m3. Similarly, the 
MAE between PM10 final profiles observed on Saturdays and Sundays 
on weekends is merely 4 µg/m3. These observations attest that our re
ference profile is sufficiently robust to serve as a baseline reference for 
assessing air quality in URS. It is worth mentioning that the con
centrations values observed are consistent with the published con
centrations of particles on the platforms of underground train or 
subway stations in various cities, as given in the global list compiled by 
Passi et al. [8] in 2021. 

4.2. Monthly analysis 

In this section, we will initially verify whether the profile remains 
consistent to our reference profile (blue line, Fig. 7) across all months. 
Subsequently, we will move into the analysis of the monthly variations 
of the reference profile. Fig. 9 illustrates the profile calculated for each 
month over the entire period. These typical daily profiles for each 
month were derived by averaging all the data observed during the 
specific month of the full dataset, for weekdays and weekends. PM 
concentration levels notably increase during the months of July, Au
gust, September, and October for both weekdays and weekends, fol
lowed by a decrease during the months of December, January, Feb
ruary, and March. 

During weekdays, the absolute maximum PM concentration level 
(∼320 µg/m3) is observed during the morning peak (10:00 am) in 
August, while the daytime minimum (∼175 µg/m3) occurs between the 
two peaks of the day (02:00 pm) in January. On weekends, however, 
the PM concentration remains relatively constant during daytime, with 
pronounced levels reaching 275 µg/m3 and 250 µg/m3 for August and 
July, respectively. 

While the amplitude varies between each period due to seasonal 
variation, our analysis reveals that the reference profile pattern 

generally remains consistent throughout the months. Table 4 presents 
the statistical analysis of the DAC during each month (median value, 
25th percentile, and the 75th percentile), as well as for the full period 
(2018–2022), so as to check for the stability of the daily profiles on the 
long term. Blanks corresponds to instances where no data were avail
able, or data were removed during preprocessing and cleaning (Section 
3.1 ), or excluded from statistical profile exclusion criteria (Section 
3.3) or not representative due to having less than 50 % of the data 
points available. 

It is worth noting that during August and July, the concavity be
tween the two peaks of the day (10:00 am to 07:00 pm) on weekdays is 
less pronounced. This observation can be tentatively explained by 
changes in passenger routines during these months or may be artifi
cially caused by missing data points. Specifically, data for July and 
August were only available in 2018 and 2019 with more than 50 % of 
the data points available (Table 4). Moreover, the reduced number of 
data points, which consequently leads to increased variability, may also 
explain the high amplitude observed during weekends (grey and cyan 
curves, Fig. 9b). 

4.3. Long term evolution of PM concentration in the URS 

Fig. 10 shows the original variation of quarter hourly PM10 con
centration together with the DAC within the considered period. With 
access to a unique database covering approximately five years data, we 
can now quantify the impact of seasonality on PM10 concentrations. A 
relatively constant trend is observed throughout the observed period, 
with higher values during the summer (up to 400 µg/m3) and lower 
values during winter (down to 250 µg/m3). These findings are also 
evident from the temporal variation of DAC (blue dots, Fig. 10) and the 
monthly distribution of DAC (Fig. S3, supplemental material). 

During summer, maximum DAC values are approximately 1.5, 
whereas during winter, these values drop to around 0.5. This suggests a 
discernible departure from the typical trend of PM concentration based 
on the season. The typical seasonal profile at the considered URS is 
illustrated in Fig. S2 (supplementary material). 

Based on these findings, we can infer approximately a 1.5-fold dif
ference between summer and winter, implying that knowledge of the 
typical profile of one season might enable us to approximate the profile 
of the other. 

Based on Table 4, we followed a similar process for the PM10 out
door data (as referenced in Table S2, supplemental material). The PM10 

outdoor data were collected from the measurement station closest to 
the considered URS. Fig. 11 illustrates the radar plot of monthly dis
tribution of the DAC mean value of PM10 within the considered URS 

Fig. 8. Typical profiles at the considered URS for (a) weekdays and (b) weekends. Hatched shaded area indicates the train operation. Shaded areas represent one 
standard deviation (σ=1). 
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Fig. 9. Typical monthly profile for (a) weekdays and (b) weekends. Shaded areas represent one standard deviation (σ=1).  

Table 4 
DAC averaged statistics for each month (median, 25th percentile, and 75th percentile).         

DAC 
Median 
(25th -75th percentile) 

2018 2019 2020 2021 2022 2018–2022  

January - 0.88 
(0.84–0.99) 

- 0.72 
(0.69–0.79) 

0.84 
(0.80–0.90) 

0.83 
(0.74–0.89) 

February - 0.96 
(0.87–1.08) 

- 0.81 
(0.72–0.89) 

0.94 
(0.87–0.98) 

0.89 
(0.80–0.96) 

March - 0.95 
(0.87–1.06) 

- 0.82 
(0.74–0.93) 

1.02 
(0.94–1.15) 

0.95 
(0.82–1.06) 

April - 1.00 
(0.94–1.09) 

- - 0.98 
(0.90–1.05) 

0.99 
(0.93–1.08) 

May - 1.13 
(0.90–1.18) 

0.69 
(0.62–0.81) 

0.87 
(0.76–0.91) 

1.14 
(1.07–1.26) 

0.99 
(0.81–1.16) 

June 0.95 
(0.86–0.99) 

- 0.96 
(0.89–1.13) 

0.98 
(0.84–1.04) 

1.17 
(1.09–1.30) 

1.01 
(0.90–1.17) 

July 1.31 
(1.14–1.61) 

- 1.23 
(1.00–1.48) 

- - 1.27 
(1.07–1.51) 

August 1.43 
(1.32–1.55) 

- 1.35 
(1.26–1.50) 

- - 1.38 
(1.31–1.54) 

September 1.29 
(1.18–1.40) 

- 1.16 
(1.06–1.26) 

1.10 
(1.05–1.15) 

1.15 
(1.09–1.21) 

1.16 
(1.09–1.26) 

October 1.20 
(1.11–1.29) 

1.27 
(1.20–1.43) 

- 0.99 
(0.96–1.06) 

1.12 
(1.03–1.21) 

1.14 
(1.02–1.27) 

November 1.11 
(0.96–1.23) 

1.10 
(1.04–1.19) 

- 0.96 
(0.86–1.01) 

0.97 
(0.91–1.03) 

1.02 
(0.92–1.11) 

December 0.98 
(0.97–1.06) 

- - 0.88 
(0.81–0.95) 

0.72 
(0.66–0.78) 

0.87 
(0.74–0.98) 

Fig. 10. Temporal evolution of DAC (blue dots) with original PM10 concentration (grey dots) (2018–2022).  
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(blue) for the entire period (2018–2022), alongside the DAC mean 
value of outdoor PM10 data (green) from the nearest measurement 
station for the same period. The black dashed line represents the re
ference level of PM10 ( =DAC 1). As already pointed out, PM10 con
centrations (blue curves) are higher than the average level of the profile 
during the summer months (July, August, September), peaking in Au
gust (DAC 1.3), whereas they are lower in winter (December, Jan
uary, February), with the lowest levels in January (DAC 0.6). This is 
not the case for the outdoor PM10 concentrations, exhibiting higher 
levels between January and March, peaking in February (DAC 1.1), 
and lower levels in the summer, reaching their minimum in August 
(DAC 0.8). For a detailed view of daily PM10 outdoor, see Fig. S4 
(supplemental materials). 

Furthermore, Fig. 11 shows that during the spring months (April, 
May, June), the mean DAC value of indoor PM10 consistently remains at 
1. This suggests that the ideal period for conducting experiments within 
the considered URS to obtain a representative reference profile is 
during these months, as the indoor PM10 levels precisely match the 
reference profile level. It is worth to note that while this observation 
holds true for this specific URS, its applicability to other URSs requires 
further generalization. 

These observations show that PM seasonal pattern inside a URS is 
entirely different from what is observed outdoors, as seen in the studies 
of H. Luo et al. [37] in China or Gokul et al. [38] in India, who stipu
lated that the amplitude of PM concentration in summer is smaller than 
that in winter. Additionally, contrary to the results of Kwon et al. [39] 
in Seoul, Korea or of Van Ryswyk et al. [4] in Montreal and Vancouver, 
Canada, these findings suggest higher concentrations during the 
warmer period. 

Higher concentrations during the warmer period could be attrib
uted, at least in part, to the train braking system and impacts of me
teorological parameters. Walia et al. [40] stated that brake energy for 
the cast iron brake blocks for driving trailer during winter is lower as 
compared to summer. 

5. Conclusions 

In this paper, we presented a novel methodology for establishing a 
reference PM profile within an URS. In the first step, a standardized 
data preprocessing and cleaning process is performed (excluding spe
cific operational periods, inconsistent data, and outliers). A pivotal 
component of this methodology is robust data cleaning, where we in
troduced an AI-based approach, to effectively detect outliers. Our re
sults demonstrated the high accuracy of this tool, particularly in iden
tifying daytime and nighttime outliers caused by station exploitation 
and nocturnal work within the station or the passage of diesel trains, 

respectively. Only 26 % of the initial database were removed, with 
approximately 21 % related to URS operation and only 5 % related to 
raw data. 

In the second step, an iterative averaging method is implemented to 
obtain the reference profile over the entire considered period. It is 
mainly based on performing a simple yet effective linear regression 
model to identify individual daily profiles that deviate from the re
ference profile pattern and transform into a daily amplitude coefficient 
(DAC) for easier analysis. The DAC, as a daily metric of the pollution 
levels, enables the analysis of temporal trends, and facilitates the 
comparison with other data with other acquisition frequency. This 
model leverages the goodness of fit, allowing us to move beyond mere 
profile averaging and identify those profiles that do not align with the 
initial average profile. Profiles corresponding to R² values larger than 
0.67 were selected from our dataset. 

We observed two distinct peaks in PM concentration during week
days, mainly occurring one hour after rush hours, with an average 
daytime PM concentration of 193 µg/m3. In contrast, weekends showed 
lower PM concentration levels, averaging 157 µg/m3, with no ob
servable peaks. Additionally, this work relies on the utilization of a vast 
database spanning approximately five years, with data collected at 
quarter-hourly intervals. This extensive dataset allowed us to observe 
long-term trends, such as higher PM concentration values in summer 
and lower values in winter, with a noticeable stability in PM profile at 
both monthly and yearly scales. Furthermore, results suggest that the 
optimal period for conducting experiments within the considered URS 
to obtain a representative reference profile is during the spring months 
(April, May, June). Moreover, we found the indoor PM concentrations 
are decorrelated from the outdoor concentrations, highlighting dif
ferent dynamics within the URS compared to the external environment. 
It should be emphasized that this versatile methodology, offering flex
ibility and applicability; should be applied to different particle classes 
at various URS. What sets this work apart is our departure from the 
traditional approach of solely averaging daily profiles to establish a 
reference at a given URS. Instead, our methodology rigorously filters 
out profiles that do not conform to the reference profile pattern. Our 
results highlight the effectiveness of our methodology in establishing a 
reference profile at the considered URS across various periods. The 
application of our methodology to other URS can be a valuable direc
tion for future research or extension of the current methodology. 
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